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INTRODUCTION

Dave Bowman: Open the pod bay doors, HAL.
HAL: I'm sorry Dave, I'm afraid | can’t do that.

Stanley Kubrick and Arthur C. Clarke,
screenplay 0R001: A Space Odyssey

This book is about a new interdisciplinary field variousile&computer speech
and language processing@r human language technologyr natural language pro-
cessingor computational linguistics. The goal of this new field is to get computers
to perform useful tasks involving human language, tasksdikabling human-machine
communication, improving human-human communicationirapy doing useful pro-
cessing of text or speech.

CONVERSATIONAL One example of a useful such task isamversational agent The HAL 9000 com-
puter in Stanley Kubrick’s filn2001: A Space Odyss&yone of the most recognizable
characters in twentieth-century cinema. HAL is an artifiaigent capable of such ad-
vanced language-processing behavior as speaking andstemi#ing English, and at a
crucial momentin the plot, even reading lips. It is now clibat HAL's creator Arthur
C. Clarke was a little optimistic in predicting when an acidi agent such as HAL
would be available. But just how far off was he? What wouldkd to create at least
the language-related parts of HAL? We call programs like HiAat converse with hu-

CONVERSATIONAL  mans via natural languagenversational agentr dialogue systemsin this text we

piaocuesystems  study the various components that make up modern convansatigents, including
language inputgutomatic speech recognitiorand natural language understand-
ing) and language outputétural language generationandspeech synthesjs

Let’s turn to another useful language-related task, thataing available to non-
English-speaking readers the vast amount of scientifiainéion on the Web in En-
glish. Or translating for English speakers the hundredsillibms of Web pages written

TrakiSHAE - in other languages like Chinese. The goahwdchine translationis to automatically
translate a document from one language to another. Mackanslation is far from
a solved problem; we will cover the algorithms currentlydigethe field, as well as
important component tasks.

Many other language processing tasks are also related #/e¢he Another such

aoEEHoN - task isWeb-based question answeringThis is a generalization of simple web search,
where instead of just typing keywords a user might ask cotamaestions, ranging
from easy to hard, like the following:
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What does “divergent” mean?

What year was Abraham Lincoln born?

How many states were in the United States that year?

How much Chinese silk was exported to England by the end df8itlecentury?
e What do scientists think about the ethics of human cloning?

Some of these, such definition questions, or simpléctoid questions like dates
and locations, can already be answered by search enginesnBuering more com-
plicated questions might require extracting informatioattis embedded in other text
on a Web page, or doinigference (drawing conclusions based on known facts), or
synthesizing and summarizing information from multipleisees or web pages. In this
text we study the various components that make up moderrrstateling systems of
this kind, includinginformation extraction , word sense disambiguationand so on.

Although the subfields and problems we've described abavealavery far from
completely solved, these are all very active research améisnany technologies are
already available commercially. In the rest of this chapterbriefly summarize the
kinds of knowledge that is necessary for these tasks (arettikespell correction,
grammar checking, and so on), as well as the mathematical models that will toe-in
duced throughout the book.

1.1 KNOWLEDGE IN SPEECH ANDLANGUAGE PROCESSING

What distinguishes language processing applications fstirar data processing sys-
tems is their use dtnowledge of languageConsider the Unixvc program, which is
used to count the total number of bytes, words, and lines éxtfile. When used to
count bytes and linesyc is an ordinary data processing application. However, when i
is used to count the words in a file it requitesowledge about what it means to be a
word, and thus becomes a language processing system.

Of course,wc is an extremely simple system with an extremely limited amd i
poverished knowledge of language. Sophisticated contiensa agents like HAL,
or machine translation systems, or robust question-amsgveystems, require much
broader and deeper knowledge of language. To get a feelirthdscope and kind of
required knowledge, consider some of what HAL would neechtmrkto engage in the
dialogue that begins this chapter, or for a question ansgeystem to answer one of
the questions above.

HAL must be able to recognize words from an audio signal andetoerate an
audio signal from a sequence of words. These taskp@éch recognitiorandspeech
synthesistasks require knowledge abopihonetics and phonology how words are
pronounced in terms of sequences of sounds, and how eacksef sounds is realized
acoustically.

Note also that unlike Star Trek's Commander Data, HAL is tépaf producing
contractions likd’'m andcan’t. Producing and recognizing these and other variations
of individual words (e.g., recognizing thdborsis plural) requires knowledge about
morphology, the way words break down into component parts that carrynimga like
singularversusplural.
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Moving beyond individual words, HAL must use structural lwiedge to properly
string together the words that constitute its response.ekample, HAL must know
that the following sequence of words will not make sense teeDdespite the fact that
it contains precisely the same set of words as the original.

I'm | do, sorry that afraid Dave I'm can't.

The knowledge needed to order and group words together conakes the heading of
syntax.
Now consider a question answering system dealing with th@dng question:

e How much Chinese silk was exported to Western Europe by tHeéthe 18th
century?

In order to answer this question we need to know somethingtdéxical seman-
tics, the meaning of all the wordgxport or silk) as well ascompositional semantics
(what exactly constituted/estern Europas opposed to Eastern or Southern Europe,
what doesend mean when combined witthe 18th century We also need to know
something about the relationship of the words to the syittattucture. For example
we need to know thdiy the end of the 18th centuiya temporal end-point, and not a
description of the agent, as the by-phrase is in the follgwsientence:

e How much Chinese silk was exported to Western Europe by southerchants?

We also need the kind of knowledge that lets HAL determiné[iave’s utterance
is a request for action, as opposed to a simple statement tid@oworld or a question
about the door, as in the following variations of his oridistatement.

REQUEST: HAL, open the pod bay door.
STATEMENT: HAL, the pod bay door is open.
INFORMATION QUESTION: HAL, is the pod bay door open?

Next, despite its bad behavior, HAL knows enough to be ptditBave. It could,
for example, have simply repliedo or No, | won't open the door Instead, it first
embellishes its response with the phradessorry andI’'m afraid, and then only indi-
rectly signals its refusal by sayifdgcan't, rather than the more direct (and truthful)
won't.? This knowledge about the kind of actions that speakers thbgntheir use of
sentences ipragmatic or dialogueknowledge.

Another kind of pragmatic adiscourseknowledge is required to answer the ques-
tion

e How many states were in the United Statiest yeaf?

What year ighat yeaf In order to interpret words likihat yeara question answer-
ing system need to examine the the earlier questions that asked; in this case the
previous question talked about the year that Lincoln wag bbhus this task oforef-
erence resolutionmakes use of knowledge about how words tikat or pronouns like
it or sherefer to previous parts of thdiscourse

To summarize, engaging in complex language behavior regwiarious kinds of
knowledge of language:

1 For those unfamiliar with HAL, it is neither sorry nor afraidor is it incapable of opening the door. It
has simply decided in a fit of paranoia to kill its crew.
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e Phonetics and Phonology — knowledge about linguistic seund

e Morphology — knowledge of the meaningful components of vgord
e Syntax — knowledge of the structural relationships betweerds

e Semantics — knowledge of meaning

e Pragmatics — knowledge of the relationship of meaning togtbeds and inten-
tions of the speaker.

e Discourse — knowledge about linguistic units larger thamgle utterance

1.2 AMBIGUITY

AMBIGUITY
AMBIGUOUS

(1.1)
(1.2)
(1.3)
(1.4)
(1.5)

A perhaps surprising fact about these categories of litiglisowledge is that most
tasks in speech and language processing can be viewed bgimgsonbiguity at one
of these levels. We say some inputisibiguousif there are multiple alternative lin-
guistic structures that can be built for it. Consider thekgmosentencemade her duck.
Here’s five different meanings this sentence could havei{semi can think of some
more), each of which exemplifies an ambiguity at some level:

| cooked waterfowl for her.

| cooked waterfowl belonging to her.

| created the (plaster?) duck she owns.

| caused her to quickly lower her head or body.

| waved my magic wand and turned her into undifferentiatetbviawl.

These different meanings are caused by a number of amlaigukiirst, the wordduck
andher are morphologically or syntactically ambiguous in theirtpaf-speech Duck
can be a verb or a noun, whiler can be a dative pronoun or a possessive pronoun.
Second, the worthakeis semantically ambiguous; it can meareateor cook Finally,
the verbmakeis syntactically ambiguous in a different wallake can be transitive,
that is, taking a single direct object (1.2), or it can beatisitive, that is, taking two
objects (1.5), meaning that the first objdutf) got made into the second objeducK.
Finally, makecan take a direct object and a verb (1.4), meaning that trezbbyier) got
caused to perform the verbal actictu€k. Furthermore, in a spoken sentence, there
is an even deeper kind of ambiguity; the first word could haaeneyeor the second
word maid

We will often introduce the models and algorithms we presiemmughout the book
as ways taesolveor disambiguatethese ambiguities. For example deciding whether
duckis a verb or a noun can be solved jpgrt-of-speech tagging Deciding whether
makemeans “create” or “cook” can be solved twprd sense disambiguation Reso-
lution of part-of-speech and word sense ambiguities ardnvpomrtant kinds ofexical
disambiguation. A wide variety of tasks can be framed as lexical disambiguat
problems. For example, a text-to-speech synthesis systeding the wordeadneeds
to decide whether it should be pronounced atead pipeor as inlead me on By
contrast, deciding wheth&erandduckare part of the same entity (as in (1.1) or (1.4))
or are different entity (as in (1.2)) is an examplesghtactic disambiguationand can
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be addressed bgrobabilistic parsing. Ambiguities that don't arise in this particu-
lar example (like whether a given sentence is a statementyoieation) will also be
resolved, for example bypeech act interpretation

1.3 MODELS AND ALGORITHMS

One of the key insights of the last 50 years of research inuagg processing is that
the various kinds of knowledge described in the last sest@@m be captured through
the use of a small number of formal models, or theories. Iraitly, these models and
theories are all drawn from the standard toolkits of compgt&nce, mathematics, and
linguistics and should be generally familiar to those tediin those fields. Among the
most important models agtate machinesrule systems logic, probabilistic models,
andvector-space models These models, in turn, lend themselves to a small number
of algorithms, among the most important of which atate space searcllgorithms
such aglynamic programming, and machine learning algorithms suchctessifiers
andEM and other learning algorithms.

In their simplest formulation, state machines are formaleis that consist of
states, transitions among states, and an input repreisent&8ome of the variations
of this basic model that we will consider adeterministic and non-deterministic
finite-state automataandfinite-state transducers

Closely related to these models are their declarative eopatts: formal rule sys-
tems. Among the more important ones we will considerragular grammars and
regular relations, context-free grammars feature-augmented grammars as well
as probabilistic variants of them all. State machines amchdbrule systems are the
main tools used when dealing with knowledge of phonology;phology, and syntax.

The third model that plays a critical role in capturing knedgde of language is
logic. We will discusdirst order logic, also known as thpredicate calculus as well
as such related formalisms as lambda-calculus, featuretstes, and semantic primi-
tives. These logical representations have traditionadlgrbused for modeling seman-
tics and pragmatics, although more recent work has focuseaove robust techniques
drawn from non-logical lexical semantics.

Probabilistic models are crucial for capturing every kirfdirguistic knowledge.
Each of the other models (state machines, formal rule systand logic) can be aug-
mented with probabilities. For example the state machimelm augmented with
probabilities to become th&eighted automatonor Markov model. We will spend
a significant amount of time ohidden Markov models or HMMs, which are used
everywhere in the field, in part-of-speech tagging, speecbgnition, dialogue under-
standing, text-to-speech, and machine translation. Thie@lgantage of probabilistic
models is their ability to to solve the many kinds of ambiguyitoblems that we dis-
cussed earlier; almost any speech and language processinigip can be recast as:
“given N choices for some ambiguous input, choose the most probable o

Finally, vector-space models, based on linear algebragnlirdhformation retrieval
and many treatments of word meanings.

Processing language using any of these models typicalbhiag a search through
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a space of states representing hypotheses about an inpspeéth recognition, we
search through a space of phone sequences for the correttigrarsing, we search
through a space of trees for the syntactic parse of an inpigisee. In machine trans-
lation, we search through a space of translation hypotties#ge correct translation of
a sentence into another language. For non-probabilisisfasuch as state machines,
we use well-known graph algorithms such depth-first search For probabilistic
tasks, we use heuristic variants suctbast-first andA* search, and rely on dynamic
programming algorithms for computational tractability.

For many language tasks, we rely on machine learning tdkgsclassifiersand
sequence modelClassifiers likalecision treessupport vector machines Gaussian
Mixture Models andlogistic regressionare very commonly used. A hidden Markov
model is one kind of sequence model; otherMdeximum Entropy Markov Models
or Conditional Random Fields

Another tool that is related to machine learning is methodiglal; the use of dis-
tinct training and test sets, statistical techniquesdikess-validation and careful eval-
uation of our trained systems.

1.4 LANGUAGE, THOUGHT, AND UNDERSTANDING

TURING TEST

To many, the ability of computers to process language aBukilas we humans do
will signal the arrival of truly intelligent machines. Thadis of this belief is the fact
that the effective use of language is intertwined with ounegal cognitive abilities.
Among the first to consider the computational implicatioh#@ intimate connection
was Alan Turing (1950). In this famous paper, Turing introgd what has come to be
known as theTuring Test. Turing began with the thesis that the question of what it
would mean for a machine to think was essentially unansveidle to the inherent
imprecision in the termmachineandthink. Instead, he suggested an empirical test, a
game, in which a computer’s use of language would form théeslfasdetermining if

it could think. If the machine could win the game it would bdged intelligent.

In Turing’s game, there are three participants: two peopteacomputer. One of
the people is a contestant and plays the role of an interwaged win, the interrogator
must determine which of the other two participants is the ez by asking a series
of questions via a teletype. The task of the machine is to fleelinterrogator into
believing it is a person by responding as a person would toteerogator’s questions.
The task of the second human participant is to convince tteerogator that the other
participant is the machine, and that they are human.

The following interaction from Turing’s paper illustratédse kind of interactions
he had in mind. Clearly a convincing simulation of humanibedn’t require being an
expert in all domains:

Q: Please write me a sonnet on the topic of the Forth Bridge.
A: Count me out on this one. | never could write poetry.

Q: Add 34957 to 70764.

A: (Pause about 30 seconds and then give answer as) 105621.

Turing predicted that roughly by the end of the twentiethtagna machine with 10
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gigabytes of memory would have around a 30% chance of foalimgman interrogator
after 5 minutes of questioning. Given the fact that you can $ome of the people all
the time, it is not clear how rigorous this particular staidiss. Nevertheless, the
critical issue for Turing was that using language as humanis dufficient, by itself,
as an operational test for intelligence.

Surprisingly, many of the issues raised by Turing becanevagit as early as 1966
in the context of the ELIZA program (Weizenbaum, 1966). EAMas an early natu-
ral language processing system capable of carrying on geliniorm of conversation
with a user. Consider the following session with a versiokbfZA that imitated the
responses of a Rogerian psychotherapist.

User:  You are like my father in some ways.

ELIZA1: WHAT RESEMBLANCE DO YOU SEE

Usep:  You are not very aggressive but | think you don’t want me ttagothat.
ELIZA: WHAT MAKES YOU THINK I AM NOT AGGRESSIVE

User:  You don't argue with me.

ELIZA3: WHY DO YOU THINK | DON'T ARGUE WITH YOU

Usen:  You are afraid of me.

ELIZA,: DOES IT PLEASE YOU TO BELIEVE | AM AFRAID OF YOU

As we will discuss in more detail in Ch. 2, ELIZA is a remarkaBlmple program
that makes use of pattern-matching to process the inputrandlate it into suitable
outputs. The success of this simple technique in this donsaitue to the fact that
ELIZA doesn't actually need t&nowanything to mimic a Rogerian psychotherapist.
As Weizenbaum notes, this is one of the few dialogue genresenthe listener can act
as if they know nothing of the world.

ELIZAs deep relevance to Turing’s ideas is that many peoyie interacted with
ELIZA came to believe that it reallynderstoodthem and their problems. Indeed,
Weizenbaum (1976) notes that many of these people contiaueelieve in ELIZA'S
abilities even after the program’s operation was explaitwethem. In more recent
years, Weizenbaum'’s informal reports have been repeatadsomewhat more con-
trolled setting. Since 1991, an event known as the Loebnige Rompetition has
attempted to put various computer programs to the Turing #@ihough these con-
tests seem to have little scientific interest, a consistesuilt over the years has been
that even the crudest programs can fool some of the judges ebthe time (Shieber,
1994). Not surprisingly, these results have done nothinguill the ongoing debate
over the suitability of the Turing test as a test for intadlige among philosophers and
Al researchers (Searle, 1980).

Fortunately, for the purposes of this book, the relevanddede results does not
hinge on whether or not computers will ever be intelligemtunderstand natural lan-
guage. Far more important is recent related research inattial sciences that has
confirmed another of Turing’s predictions from the same pape

Nevertheless | believe that at the end of the century the iis@s and
educated opinion will have altered so much that we will beedblspeak
of machines thinking without expecting to be contradicted.

Itis now clear that regardless of what people believe or kabaut the inner workings
of computers, they talk about them and interact with thenoagkentities. People act
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toward computers as if they were people; they are polite émthtreat them as team
members, and expect among other things that computerscsheuwlble to understand
their needs, and be capable of interacting with them ndyurBbr example, Reeves
and Nass (1996) found that when a computer asked a humanlt@m&/how well the
computer had been doing, the human gives more positive nesgdhan when a differ-
ent computer asks the same questions. People seemed taideéfreing impolite. In
a different experiment, Reeves and Nass found that pecgdegate computers higher
performance ratings if the computer has recently said dunggflattering to the hu-
man. Given these predispositions, speech and language-Bgstems may provide
many users with the most natural interface for many apjdinat This fact has led to
a long-term focus in the field on the designcoihversational agentsartificial entities
that communicate conversationally.

1.5 THE STATE OF THEART

We can only see a short distance ahead, but we can see plergyltiat needs to
be done.

Alan Turing.

This is an exciting time for the field of speech and languagegssing. The
startling increase in computing resources available tcatlegage computer user, the
rise of the Web as a massive source of information and theasang availability of
wireless mobile access have all placed speech and languagesping applications
in the technology spotlight. The following are examples aing currently deployed
systems that reflect this trend:

e Travelers calling Amtrak, United Airlines and other traypebviders interact
with conversational agents that guide them through thega®mof making reser-
vations and getting arrival and departure information.

e Luxury car makers such as Mercedes-Benz models provideratito speech
recognition and text-to-speech systems that allow driteisontrol their envi-
ronmental, entertainment and navigational systems byevoicsimilar spoken
dialogue system has been deployed by astronauts on thedtiteral Space Sta-
tion .

e Blinkx, and other video search companies, provide seamstices for million of
hours of video on the Web by using speech recognition tedyydb capture the
words in the sound track.

e Google provides cross-language information retrieval tadslation services
where a user can supply queries in their native languageataiseollections in
another language. Google translates the query, finds therelegant pages and
then automatically translates them back to the user'saéivguage.

e Large educational publishers such as Pearson, as well taggtesrvices like
ETS, use automated systems to analyze thousands of stedagsegrading and
assessing them in a manner that is indistinguishable framamgraders.
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e Interactive tutors, based on lifelike animated charactas/e as tutors for chil-
dren learning to read, and as therapists for people dealitig aphasia and
Parkinsons disease. (?, ?)

e Text analysis companies such as Nielsen Buzzmetrics, W@nand Collective
Intellect, provide marketing intelligence based on autmianeasurements of
user opinions, preferences, attitudes as expressed imggluiscussion forums
and and user groups.

1.6 SOME BRIEFHISTORY

Historically, speech and language processing has bederdreary differently in com-
puter science, electrical engineering, linguistics, asgchology/cognitive science.
Because of this diversity, speech and language processtuangasses a humber of
different but overlapping fields in these different depaits:computational linguis-
tics in linguistics,natural language processingn computer sciencepeech recogni-
tion in electrical engineering;omputational psycholinguisticsin psychology. This
section summarizes the different historical threads whiate given rise to the field
of speech and language processing. This section will peowidy a sketch; see the
individual chapters for more detail on each area and itsiteriogy.

1.6.1 Foundational Insights: 1940s and 1950s

The earliest roots of the field date to the intellectuallytiferperiod just after World
War Il that gave rise to the computer itself. This period fribvra 1940s through the end
of the 1950s saw intense work on two foundational paradigtiims automaton and
probabilistic or information-theoretic models.

The automaton arose in the 1950s out of Turing’s (1936) motlalgorithmic
computation, considered by many to be the foundation of modemputer science.
Turing’s work led first to theMcCulloch-Pitts neuron (McCulloch and Pitts, 1943), a
simplified model of the neuron as a kind of computing elemleait tould be described
in terms of propositional logic, and then to the work of Kledi951) and (1956) on
finite automata and regular expressions. Shannon (1948gdmgwobabilistic models
of discrete Markov processes to automata for language. iDggtlie idea of a finite-
state Markov process from Shannon’s work, Chomsky (1958 donsidered finite-
state machines as a way to characterize a grammar, and dafiiméie-state language
as alanguage generated by a finite-state grammar. Thegensatéls led to the field of
formal language theory, which used algebra and set theory to define formal languages
as sequences of symbols. This includes the context-freargea, first defined by
Chomsky (1956) for natural languages but independenttodisred by Backus (1959)
and Naur et al. (1960) in their descriptions of the ALGOL gaygming language.

The second foundational insight of this period was the agrakent of probabilistic
algorithms for speech and language processing, which ¢tat8eannon’s other con-
tribution: the metaphor of thaoisy channeland decodingfor the transmission of
language through media like communication channels anecpagcoustics. Shannon
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also borrowed the concept efhtropy from thermodynamics as a way of measuring
the information capacity of a channel, or the informationtemt of a language, and
performed the first measure of the entropy of English usindabilistic techniques.

It was also during this early period that the sound specaoyiwas developed
(Koenig et al., 1946), and foundational research was dornesinumental phonetics
that laid the groundwork for later work in speech recognitioThis led to the first
machine speech recognizers in the early 1950s. In 1952nases at Bell Labs built
a statistical system that could recognize any of the 10 giggm a single speaker
(Davis et al., 1952). The system had 10 speaker-dependertspatterns roughly
representing the first two vowel formants in the digits. Thelgieved 97—-99% accuracy
by choosing the pattern which had the highest relative tatfom coefficient with the
input.

1.6.2 The Two Camps: 1957-1970

By the end of the 1950s and the early 1960s, speech and lamguacessing had split
very cleanly into two paradigms: symbolic and stochastic.

The symbolic paradigm took off from two lines of researcheTinst was the work
of Chomsky and others on formal language theory and gemegtntax throughoutthe
late 1950s and early to mid 1960s, and the work of many lirigsiand computer sci-
entists on parsing algorithms, initially top-down and battup and then via dynamic
programming. One of the earliest complete parsing systeassAelig Harris’s Trans-
formations and Discourse Analysis Project (TDAP), whiclswaplemented between
June 1958 and July 1959 at the University of Pennsylvaniar$d962)? The sec-
ond line of research was the new field of artificial intelligenIn the summer of 1956
John McCarthy, Marvin Minsky, Claude Shannon, and NatHdRiehester brought
together a group of researchers for a two-month workshoptat they decided to call
artificial intelligence (Al). Although Al always includedminority of researchers fo-
cusing on stochastic and statistical algorithms (incluagdabilistic models and neural
nets), the major focus of the new field was the work on reagpaiir logic typified by
Newell and Simon’s work on the Logic Theorist and the GenBrablem Solver. At
this point early natural language understanding systems luélt, These were simple
systems that worked in single domains mainly by a combinatifopattern matching
and keyword search with simple heuristics for reasoningguastion-answering. By
the late 1960s more formal logical systems were developed.

The stochastic paradigm took hold mainly in departmentsasfssics and of elec-
trical engineering. By the late 1950s the Bayesian methadbeginning to be applied
to the problem of optical character recognition. Bledsoé Browning (1959) built
a Bayesian system for text-recognition that used a largi#odi&ry and computed the
likelihood of each observed letter sequence given each imdite dictionary by mul-
tiplying the likelihoods for each letter. Mosteller and Vdak (1964) applied Bayesian
methods to the problem of authorship attributionTdre Federalispapers.

The 1960s also saw the rise of the first serious testable pkyglal models of

2 This system was reimplemented recently and is describecblyi &and Hopely (1999) and Karttunen
(1999), who note that the parser was essentially implerdeagea cascade of finite-state transducers.
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human language processing based on transformational gagnasiwell as the first
on-line corpora: the Brown corpus of American English, a lliom word collection of
samples from 500 written texts from different genres (nepsgp, novels, non-fiction,
academic, etc.), which was assembled at Brown UniversityQie3—64 (Kucera and
Francis, 1967; Francis, 1979; Francis and Kucera, 198®) Vdilliam S. Y. Wang'’s
1967 DOC (Dictionary on Computer), an on-line Chinese diadiéctionary.

1.6.3 Four Paradigms: 1970-1983

The next period saw an explosion in research in speech agddae processing and
the development of a number of research paradigms thadlstilinate the field.

The stochasticparadigm played a huge role in the development of speecly+eco
nition algorithms in this period, particularly the use oétHidden Markov Model and
the metaphors of the noisy channel and decoding, developegéendently by Jelinek,
Bahl, Mercer, and colleagues at IBM’s Thomas J. Watson Rekeaenter, and by
Baker at Carnegie Mellon University, who was influenced by work of Baum and
colleagues at the Institute for Defense Analyses in ProtfcefAT&T'’s Bell Laborato-
ries was also a center for work on speech recognition andhegi®; see Rabiner and
Juang (1993) for descriptions of the wide range of this work.

The logic-basedparadigm was begun by the work of Colmerauer and his col-
leagues on Q-systems and metamorphosis grammars (Cokenet®r0, 1975), the
forerunners of Prolog, and Definite Clause Grammars (Reagid Warren, 1980). In-
dependently, Kay’s (1979) work on functional grammar, amaty later, Bresnan and
Kaplan’s (1982) work on LFG, established the importanceeatfiire structure unifica-
tion.

Thenatural language understandingfield took off during this period, beginning
with Terry Winograd’s SHRDLU system, which simulated a robmbedded in a world
of toy blocks (Winograd, 1972). The program was able to aiceafural language text
commandgMove the red block on top of the smaller green ook hitherto unseen
complexity and sophistication. His system was also the firsittempt to build an
extensive (for the time) grammar of English, based on Halisl systemic grammar.
Winograd’s model made it clear that the problem of parsing well-enough under-
stood to begin to focus on semantics and discourse modelgerRechank and his
colleagues and students (in what was often referred to a¥aleeSchodlbuilt a se-
ries of language understanding programs that focused oaheonceptual knowledge
such as scripts, plans and goals, and human memory organi¢dthank and Albel-
son, 1977; Schank and Riesbeck, 1981; Cullingford, 1981enky, 1983; Lehnert,
1977). This work often used network-based semantics (QujltL968; Norman and
Rumelhart, 1975; Schank, 1972; Wilks, 1975h, 1975a; Kimtd®74) and began to
incorporate Fillmore’s notion of case roles (Fillmore, 8pto their representations
(Simmons, 1973).

The logic-based and natural-language understanding iganadvere unified on
systems that used predicate logic as a semantic reprasentich as the LUNAR
question-answering system (Woods, 1967, 1973).

Thediscourse modelingparadigm focused on four key areas in discourse. Grosz
and her colleagues introduced the study of substructursaodrse, and of discourse
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focus (Grosz, 1977; Sidner, 1983), a number of researclegetto work on automatic
reference resolution (Hobbs, 1978), and Bi2l (Belief-Desire-Intention) framework
for logic-based work on speech acts was developed (PeamadlAllen, 1980; Cohen
and Perrault, 1979).

1.6.4 Empiricism and Finite State Models Redux: 1983-1993

This next decade saw the return of two classes of models wigidHost popularity in
the late 1950s and early 1960s, partially due to theoreditpiments against them such
as Chomsky'’s influential review of SkinneN&rbal BehavioChomsky, 1959). The
first class was finite-state models, which began to recetemtiin again after work
on finite-state phonology and morphology by Kaplan and K&8() and finite-state
models of syntax by Church (1980). A large body of work on éirstate models will
be described throughout the book.

The second trend in this period was what has been called #terfr of empiri-
cism”; most notably here was the rise of probabilistic medbfoughout speech and
language processing, influenced strongly by the work at B Thomas J. Watson
Research Center on probabilistic models of speech redogniThese probabilistic
methods and other such data-driven approaches spreadgesutsinto part-of-speech
tagging, parsing and attachment ambiguities, and sensarititis empirical direction
was also accompanied by a new focus on model evaluationd lmasasing held-out
data, developing quantitative metrics for evaluation, amgbhasizing the comparison
of performance on these metrics with previous publisheeanesh.

This period also saw considerable work on natural languagemtion.

1.6.5 The Field Comes Together: 1994-1999

By the last five years of the millennium it was clear that thédfisas vastly chang-
ing. First, probabilistic and data-driven models had beequite standard throughout
natural language processing. Algorithms for parsing,-p&gpeech tagging, reference
resolution, and discourse processing all began to incatpg@robabilities, and employ
evaluation methodologies borrowed from speech recogrétia information retrieval.
Second, the increases in the speed and memory of computkaditaaed commercial
exploitation of a number of subareas of speech and languagessing, in particular
speech recognition and spelling and grammar checking.chmeel language process-
ing algorithms began to be applied to Augmentative and Aitve Communication
(AAC). Finally, the rise of the Web emphasized the need fogleage-based informa-
tion retrieval and information extraction.

1.6.6 The Rise of Machine Learning: 2000-2007

The empiricist trends begun in the latter part of the 199@elacated at an astound-
ing pace in the new century. This acceleration was largaledrby three synergistic
trends. First, large amounts of spoken and written matbeabhme widely available
through the auspices of the Linguistic Data Consortium ().l4Dd other similar or-
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ganizations. Importantly, included among these matewalie annotated collections
such as the Penn Treebank(Marcus et al., 1993), Prague BepanTreebank(Hajic,
1998), PropBank(Palmer et al., 2005), Penn Discourse ard€bliltsakaki et al.,
2004), RSTBank(Carlson et al., 2001) and TimeBank(?),falllach layered standard
text sources with various forms of syntactic, semantic alagimatic annotations. The
existence of these resources promoted the trend of castimg complex traditional
problems, such as parsing and semantic analysis, as prelesupervised machine
learning. These resources also promoted the establishohexditional competitive
evaluations for parsing (Dejean and Tjong Kim Sang, 20@ifyrmation extraction(?,
?), word sense disambiguation(Palmer et al., 2001; Kiifjaind Palmer, 2000) and
question answering(Voorhees and Tice, 1999).

Second, this increased focus on learning led to a more semerplay with the
statistical machine learning community. Techniques sschupport vector machines
(?; Vapnik, 1995), multinomial logistic regression (MaxE(Berger et al., 1996), and
graphical Bayesian models (Pearl, 1988) became standactiqe in computational
linguistics. Third, the widespread availability of higlesformance computing systems
facilitated the training and deployment of systems thata@aot have been imagined a
decade earlier.

Finally, near the end of this period, largely unsupervigatitical approaches be-
gan to receive renewed attention. Progress on statispigsbaches to machine trans-
lation(Brown et al., 1990; Och and Ney, 2003) and topic miode{?) demonstrated
that effective applications could be constructed fromesyst trained on unannotated
data alone. In addition, the widespread cost and difficulfgroducing reliably anno-
tated corpora became a limiting factor in the use of supedvapproaches for many
problems. This trend towards the use unsupervised tecésigill likely increase.

1.6.7 On Multiple Discoveries

Even in this brief historical overview, we have mentionedienber of cases of multiple
independent discoveries of the same idea. Just a few of th#ifres” to be discussed
in this book include the application of dynamic programntimgequence comparison
by Viterbi, Vintsyuk, Needleman and Wunsch, Sakoe and Chizmkoff, Reichert
et al, and Wagner and Fischer (Chapters 3, 5 and 6) the HMM/noiayro#l model
of speech recognition by Baker and by Jelinek, Bahl, and BtefChapters 6, 9, and
10); the development of context-free grammars by ChomskiyogrBackus and Naur
(Chapter 12); the proof that Swiss-German has a non-cofriexsyntax by Huybregts
and by Shieber (Chapter 15); the application of unificatmlahguage processing by
Colmeraueet al. and by Kay in (Chapter 16).

Are these multiples to be considered astonishing coincie€h A well-known hy-
pothesis by sociologist of science Robert K. Merton (196@)as, quite the contrary,
that

all scientific discoveries are in principle multiples, inding those that on
the surface appear to be singletons.

Of course there are many well-known cases of multiple dispper invention; just a
few examples from an extensive list in Ogburn and ThomasZLi@2lude the multiple
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invention of the calculus by Leibnitz and by Newton, the nplét development of the
theory of natural selection by Wallace and by Darwin, andrthatiple invention of
the telephone by Gray and BéllBut Merton gives a further array of evidence for the
hypothesis that multiple discovery is the rule rather themexception, including many
cases of putative singletons that turn out be a rediscovigrsewiously unpublished or
perhaps inaccessible work. An even stronger piece of eva@isrhis ethnomethodolog-
ical point that scientists themselves act under the assamgbtat multiple invention is
the norm. Thus many aspects of scientific life are designéelip scientists avoid be-
ing “scooped”; submission dates on journal articles; ecdréétes in research records;
circulation of preliminary or technical reports.

1.6.8 A Final Brief Note on Psychology

Many of the chapters in this book include short summariessgtpological research
on human processing. Of course, understanding human lgaguracessing is an im-
portant scientific goal in its own right and is part of the geh&eld of cognitive sci-
ence. However, an understanding of human language pragessn often be helpful
in building better machine models of language. This seemgraxy to the popular
wisdom, which holds that direct mimicry of nature’s algbnts is rarely useful in en-
gineering applications. For example, the argument is oftede that if we copied
nature exactly, airplanes would flap their wings; yet aingla with fixed wings are a
more successful engineering solution. But language is @emireautics. Cribbing from
nature is sometimes useful for aeronautics (after alljangs do have wings), but it is
particularly useful when we are trying to solve human-cesdgasks. Airplane flight
has different goals than bird flight; but the goal of speedogaition systems, for ex-
ample, is to perform exactly the task that human court repsnperform every day:
transcribe spoken dialog. Since people already do this weltan learn from nature’s
previous solution. Since an important application of spesed language processing
systems is for human-computer interaction, it makes semsegy a solution that be-
haves the way people are accustomed to.

1.7 SUMMARY

This chapter introduces the field of speech and languagessoty. The following are
some of the highlights of this chapter.

e A good way to understand the concerns of speech and languagesging re-
search is to consider what it would take to create an inwlligagent like HAL
from 2001: A Space Odyssey, or build a web-based questiomears or a ma-
chine translation engine.

e Speech and language technology relies on formal modelepoesentations, of

3 Ogburn and Thomas are generally credited with noticing ttetprevalence of multiple inventions sug-
gests that the cultural milieu and not individual geniuh&sdeciding causal factor in scientific discovery. In
an amusing bit of recursion, however, Merton notes that #visndea has been multiply discovered, citing
sources from the 19th century and earlier!
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knowledge of language at the levels of phonology and phesiethorphology,
syntax, semantics, pragmatics and discourse. A small nuafitbermal models
including state machines, formal rule systems, logic, amdabilistic models
are used to capture this knowledge.

e The foundations of speech and language technology lie irpoten science, lin-
guistics, mathematics, electrical engineering and pdpgyoA small number of
algorithms from standard frameworks are used throughaéapand language
processing,

e The critical connection between language and thought hesegl speech and
language processing technology at the center of debaténgtigent machines.
Furthermore, research on how people interact with complkediaindicates that
speech and language processing technology will be criticéle development
of future technologies.

e Revolutionary applications of speech and language proggsse currently in
use around the world. The creation of the web, as well asfgigni recent
improvements in speech recognition and synthesis, witl leamany more ap-
plications.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

Research in the various subareas of speech and languagsgiraris spread across
a wide number of conference proceedings and journals. Thie@nces and journals
most centrally concerned with natural language processiidgcomputational linguis-
tics are associated with the Association for Computatidmajuistics (ACL), its Eu-
ropean counterpart (EACL), and the International Confeeezn Computational Lin-
guistics (COLING). The annual proceedings of ACL, NAACL,daBACL, and the
biennial COLING conference are the primary forums for warkhis area. Related
conferences include various proceedings of ACL Speciarést Groups (SIGs) such
as the Conference on Natural Language Learning (CoNLL),alkas the conference
on Empirical Methods in Natural Language Processing (EMNLP

Research on speech recognition, understanding, and sysiheresented at the
annual INTERSPEECH conference, which is called the Intesnal Conference on
Spoken Language Processing (ICSLP) and the European @anéeon Speech Com-
munication and Technology (EUROSPEECH) in alternatings,ear the annual IEEE
International Conference on Acoustics, Speech, and SRyeakssing (IEEE ICASSP).
Spoken language dialogue research is presented at theseankahops like SIGDial.

Journals includ€omputational LinguisticiNatural Language Engineerin§peech
CommunicationComputer Speech and Languagdiee IEEE Transactions on Audio,
Speech & Language Processiagd theACM Transactions on Speech and Language
Processing

Work on language processing from an Atrtificial Intelligernmerspective can be
found in the annual meetings of the American AssociationAfificial Intelligence
(AAAI), as well as the biennial International Joint Confece on Atrtificial Intelli-
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gence (IJCAI) meetings. Artificial intelligence journalfgt periodically feature work
on speech and language processing inclM@ehine Learning Journal of Machine
Learning Researctand theJournal of Artificial Intelligence Research

There are a fair number of textbooks available coveringousriaspects of speech
and language processing. Manning and Schitze (1888@p@ations of Statistical Lan-
guage Processindgocuses on statistical models of tagging, parsing, disguation,
collocations, and other areas. Charniak (19%j(istical Language Learnings an
accessible, though older and less-extensive, introduttigimilar material. Manning
et al. (2008) focuses on information retrieval, text cléisation, and clustering. NLTK,
the Natural Language Toolkit (Bird and Loper, 2004), is aeswaif Python modules
and data for natural language processing, together withtardld anguage Process-
ing book based on the NLTK suite. Allen (199%W4dtural Language Understandihg
provides extensive coverage of language processing frenAtiperspective. Gazdar
and Mellish (1989) Natural Language Processing in Lisp/Prologovers especially
automata, parsing, features, and unification and is avaifage online. Pereira and
Shieber (1987) gives a Prolog-based introduction to pgiad interpretation. Russell
and Norvig (2002) is an introduction to artificial intelligee that includes chapters on
natural language processing. Partee et al. (1990) has dokeag coverage of mathe-
matical linguistics. A historically significant collecticof foundational papers can be
found in Grosz et al. (1986Readings in Natural Language Processing

Of course, a wide-variety of speech and language processsaurces are now
available on the Web. Pointers to these resources are nmadtan the home-page for
this book at:

http://www.cs.colorado.edu/"martin/slp.html
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REGULAR EXPRESSIONS
2 AND AUTOMATA

Useri: Men are all alike.

ELIZA;: IN WHAT WAY

Usen: They're always bugging us about something or other.
ELIZAx: CAN YOU THINK OF A SPECIFIC EXAMPLE

User: Well, my boyfriend made me come here.

ELIZAs: YOUR BOYFRIEND MADE YOU COME HERE
Usen: He says I'm depressed much of the time.

ELIZAs: 1| AM SORRY TO HEAR YOU ARE DEPRESSED.

Weizenbaum (1966)

Imagine that you have become a passionate fan of woodchDels&ing more in-
formation on this celebrated woodland creature, you tugrota favorite Web browser
and type inwoodchuck Your browser returns a few sites. You have a flash of inspira-
tion and type invoodchucksThis time you discover “interesting links to woodchucks
and lemurs” and “all about Vermont’s unique, endangeredispt Instead of having
to do this search twice, you would have rather typed one keasmmand specify-
ing something likewoodchuck with an optional final SOr perhaps you might want
to search for all the prices in some document; you might warsee all strings that
look like $1990r $25 or $24.99 In this chapter we introduce tliegular expression
the standard notation for characterizing text sequendesrdgular expression is used
for specifying text strings in situations like this Web-sgaexample, and in other in-
formation retrieval applications, but also plays an impnttrole in word-processing,
computation of frequencies from corpora, and other sudtstas

After we have defined regular expressions, we show how theypeamplemented
via thefinite-state automaton The finite-state automaton is not only the mathemati-
cal device used to implement regular expressions, but alsmbthe most significant
tools of computational linguistics. Variations of automauch as finite-state trans-
ducers, Hidden Markov Models, amdigram grammars are important components of
applications that we will introduce in later chapters, irdithg speech recognition and
synthesis, machine translation, spell-checking, andinéion-extraction.
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Chapter 2. Regular Expressions and Automata

2.1 REGULAR EXPRESSIONS

REGULAR
EXPRESSION

STRINGS

CORPUS

SIR ANDREW: Her C’s, her U's and her T's: why that?
Shakespear@welfth Night

One of the unsung successes in standardization in compuiégrice has been the
regular expression(RE), a language for specifying text search strings. The regula
expression languages used for searching texts in UNIX @il, Emacs, grep), Mi-
crosoft Word (version 6 and beyond), and WordPerfect ar@stiidentical, and many
RE features exist in the various Web search engines. Be#itepractical use, the
regular expression is an important theoretical tool thhmug computer science and
linguistics.

A regular expression (first developed by Kleene (1956) battse History section
for more details) is a formula in a special language that éxlder specifying simple
classes oftrings. A string is a sequence of symbols; for the purpose of mogst tex
based search techniques, a string is any sequence of atpkanwharacters (letters,
numbers, spaces, tabs, and punctuation). For these psraaegace is just a character
like any other, and we represent it with the sympol

Formally, a regular expression is an algebraic notatiorcFaracterizing a set of
strings. Thus they can be used to specify search stringslesste define alanguage in
a formal way. We will begin by talking about regular expressias a way of specifying
searches in texts, and proceed to other uses. Section 2% $hat the use of just
three regular expression operators is sufficient to charaet strings, but we use the
more convenient and commonly-used regular expressioms\yaitthe Perl language
throughout this section. Since common text-processingraras agree on most of the
syntax of regular expressions, most of what we say extendd tdNIX, Microsoft
Word, and WordPerfect regular expressions. Appendix A shibve few areas where
these programs differ from the Perl syntax.

Regular expression search requirgeaétern that we want to search for, andtar-
pusof texts to search through. A regular expression searchitmwill search through
the corpus returning all texts that contain the pattern.nlindormation retrieval (IR)
system such as a Web search engine, the texts might be estirenénts or Web pages.
In a word-processor, the texts might be individual worddinas of a document. In the
rest of this chapter, we will use this last paradigm. Thusmive give a search pattern,
we will assume that the search engine returnditteeof the documeneturned. This is
what the UNIXgrep command does. We will underline the exact part of the pattern
that matches the regular expression. A search can be dddigneturn all matches to
a regular expression or only the first match. We will show dh#/first match.

2.1.1 Basic Regular Expression Patterns

The simplest kind of regular expression is a sequence oflsictaracters. For ex-
ample, to search fovoodchuckwe type/woodchuck/ . So the regular expression
/Buttercup/ matches any string containing the substridgttercup for example
the linelI'm called little Buttercup (recall that we are assuming a search application
that returns entire lines). From here on we will put slashesrad each regular expres-
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RANGE

sion to make it clear what is a regular expression and whatpiat@rn. We use the
slash since this is the notation used by Perl, but the slasiee®t part of the regular
expressions.

The search string can consist of a single character (like) or a sequence of
characters (likéurgl/  ); Thefirstinstance of each match to the regular expression is
underlined below (although a given application might cleotsreturn more than just
the first instance):

RE Example Patterns Matched

/woodchucks/ “interesting links to woodchuckand lemurs”
lal “Mary Ann stopped by Mona’s”

[Claire _says,/ |“Dagmar, my gift please,” Claire says,
/DOROTHY/ “SURRENDER DOROTHY

" “You've left the burglar behind agaihsaid Nori

Regular expressions acase sensitivelowercasds/ is distinct from uppercase
IS/ (Is/ matches a lower cagebut not an uppercas®). This means that the pattern
/woodchucks/  will not match the stringMoodchucksWe can solve this problem
with the use of the square bradesnd] . The string of characters inside the braces
specify adisjunction of characters to match. For example Fig. 2.1 shows that the
pattern/[wW]/ matches patterns containing eittreor W.

RE Match Example Patterns

/[wW]oodchuck/ Woodchuck or woodchugk “WoodchucK

/[abc]/ ‘a’,'b’, or‘c’ “In uomini, in solddi”

/[1234567890]/ any digit “plenty of 7to 5”
Figure 2.1  The use of the brackefl to specify a disjunction of characters.

The regular expressidfi234567890]/ specified any single digit. While classes
of characters like digits or letters are important buildimgcks in expressions, they can
get awkward (e.qg., it's inconvenient to specify

[[ABCDEFGHIJKLMNOPQRSTUVWXYZ]/
to mean “any capital letter”). In these cases the bracketbeaised with the dash
to specify any one character ir@ange. The patter[2-5]/ specifies any one of the

characterg, 3, 4, or 5. The patterri[b-g]/ specifies one of the charactéxs, d, e,
f, org. Some other examples:

RE Match Example Patterns Matched

N[A-Z]/ an uppercase letter ~ “we should call it ‘Drenched Blossoms?’
l[a-z]/ a lowercase letter “my beans were impatient to be hoed!!
/[0-9]/ a single digit “Chapter 1 Down the Rabbit Hole”

Figure 2.2  The use of the brackeff plus the dash to specify a range.

The square braces can also be used to specify what a singkctdr@annotbe,
by use of the carét. If the caret” is the first symbol after the open square brpce
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KLEENE *

the resulting pattern is negated. For example, the pafffajd  matches any single

character (including special characters) exeefthis is only true when the caret is the
first symbol after the open square brace. If it occurs anya/eége, it usually stands
for a caret; Fig. 2.3 shows some examples.

RE Match (single characters) Example Patterns Matched
[CA-Z] not an uppercase letter “Oyfn pripetchik”
[(Ss] neither ‘S’ nor ‘s’ “|_have no exquisite reason forlt”
["\.] not a period “our resident Djinn”
[e7] either ‘e’ or *’ “look up ~ now”
ab the patterna’™b ’ “look up a” bnow”

Figure 2.3  Uses of the carét for negation or just to meah .

The use of square braces solves our capitalization probdemvdodchucks But
we still haven’t answered our original question; how do wecsfy bothwoodchuck
andwoodchuckd We can't use the square brackets, because while they adldovaay
“s or S”, they don't allow us to say “s or nothing”. For this weeuthe question-mark
/?/ , which means “the preceding character or nothing”, as shiowg. 2.4.

RE Match Example Patterns Matched
woodchucks? woodchuck or woodchucks “woodchuck
colou?r color or colour “colour’

Figure 2.4  The question-marR marks optionality of the previous expression.

We can think of the question-mark as meaning “zero or onaitss of the previ-
ous character”. That s, it's a way of specifying how manyahgthing that we want.
So far we haven't needed to specify that we want more than 6seroething. But
sometimes we need regular expressions that allow repetitdthings. For example,
consider the language of (certain) sheep, which consissérioigs that look like the
following:

baal
baaa!
baaaa!
baaaaa!
baaaaaa!

This language consists of strings witlbaollowed by at least twas, followed by
an exclamation point. The set of operators that allow usydtsags like “some num-
ber ofas” are based on the asteriskxarcommonly called th&leene * (pronounced
“cleany star”). The Kleene star means “zero or more occegsf the immediately
previous character or regular expression”./&®/ means “any string of zero or more
as”. This will matcha or aaaaaabut it will also matchOff Minor, since the stringDff
Minor has zeraas. So the regular expression for matching one or nadee/aa */ ,
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meaning one followed by zero or mor@s. More complex patterns can also be re-
peated. Sd[ab] */ means “zero or moras orbs” (not “zero or more right square
braces”). This will match strings likeaaaor abababor bbbh

We now know enough to specify part of our regular expressopfices: multiple
digits. Recall that the regular expression for an individligit was/[0-9]/ . So the
regular expression for an integer (a string of digits)@s9][0-9] +/ . (Why isn't
it just/[0-9] */7)

Sometimes it's annoying to have to write the regular expoader digits twice, so
there is a shorter way to specify “at least one” of some cltarathis is theKleene +
which means “one or more of the previous character”. Thusxipeessior[0-9]+/
is the normal way to specify “a sequence of digits”. Theretlans two ways to specify
the sheep languag#oaaa *!/ or/baa+!/

One very important special character is the period (), a wildcard expression
that matches any single charactex¢ept carriage return):

RE Match Example Patterns
/beg.n/ any character betwedregandn begin beg'n begun

Figure 2.5 The use of the period to specify any character.

The wildcard is often used together with the Kleene star tami@any string of
characters”. For example suppose we want to find any line inlwdnparticular word,
for exampleaardvark appears twice. We can specify this with the regular exprass
laardvark.  xaardvark/

Anchors are special characters that anchor regular expressiorstioyar places
in a string. The most common anchors are the camatd the dollar-sig$. The caret
" matches the start of a line. The pattéfihe/ matches the wordheonly at the
start of a line. Thus there are three uses of the ¢aré& match the start of a line, as
a negation inside of square brackets, and just to mean a ¢wat are the contexts
that allow Perl to know which function a given caret is supgzb® have?) The dollar
sign$ matches the end of a line. So the pattefhis a useful pattern for matching
a space at the end of a line, afitthe dog\.$/ matches a line that contains only
the phras@’he dog.(We have to use the backslash here since we want tilemean
“period” and not the wildcard.)

There are also two other ancho¥s: matches a word boundary, whiB matches
a non-boundary. ThuBbthe\b/ matches the wordhe but not the wordother.
More technically, Perl defines a word as any sequence ofdigitderscores or letters;
this is based on the definition of “words” in programming laages like Perl or C. For
example/Ab99\b/  will match the string99 in There are 99 bottles of beer on the
wall (because 99 follows a space) but 8&tin There are 299 bottles of beer on the
wall (since 99 follows a number). But it will mat@®in $99 (since99follows a dollar
sign ($), which is not a digit, underscore, or letter).
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DISJUNCTION

PRECEDENCE

OPERATOR
PRECEDENCE

GREEDY

2.1.2 Disjunction, Grouping, and Precedence

Suppose we need to search for texts about pets; perhaps warticellarly interested
in cats and dogs. In such a case we might want to search fardfth stringcat or
the stringdog Since we can’t use the square-brackets to search for “agtr(why
not?) we need a new operator, tfisjunction operator, also called th@pe symbol| .
The patterricat/dog/  matches either the strirgat or the stringdog .

Sometimes we need to use this disjunction operator in thestnoila larger se-
quence. For example, suppose | want to search for informatimut pet fish for my
cousin David. How can | specify bothuppyand guppie® We cannot simply say
/guppylies/  , because that would match only the strirgggopyandies. This is
because sequences ligappy take precedenceover the disjunction operatdr. In
order to make the disjunction operator apply only to a spepditern, we need to use
the parenthesis operatdrsaand) . Enclosing a pattern in parentheses makes it act like
a single character for the purposes of neighboring opeyditce the pipe| and the
Kleene:. So the patterigupp(y|ies)/ would specify that we meant the disjunc-
tion only to apply to the suffixeg andies .

The parenthesis operatéris also useful when we are using counters like the
Kleene-. Unlike the| operator, the Kleereoperator applies by default only to a
single character, not a whole sequence. Suppose we wantth nepeated instances
of a string. Perhaps we have a line that has column labelsedbiim Column 1 Col-
umn 2 Column 3 The expressiofColumn _[0-9]+ _*/ will not match any col-
umn; instead, it will match a column followed by any numbespéces! The star here
applies only to the spagethat precedes it, not the whole sequence. With the paren-
theses, we could write the expressi¢@olumn _[0-9]+ _*)*/ to match the word
Column followed by a number and optional spaces, the whole pategaated any
number of times.

This idea that one operator may take precedence over anahairing us to some-
times use parentheses to specify what we mean, is formalizéue operator prece-
dence hierarchyfor regular expressions. The following table gives the ofeRE
operator precedence, from highest precedence to lowestgeace:

Parenthesis 0

Counters * + ? {}
Sequences and anchorghe "my end$
Disjunction |

Thus, because counters have a higher precedence than sesuen
/the */ matchegheeeedut notthethe Because sequences have a higher precedence
than disjunction/the|any/ matchegheor anybut nottheny

Patterns can be ambiguous in another way. Consider thessipnda-z] =/
when matching against the teotice upon a timeSince/[a-z] */ matches zero or
more letters, this expression could match nothing, or hsfitst lettero, oron, orong
or once In these cases regular expressions always matclateststring they can;
we say that patterns ageeedy, expanding to cover as much of a string as they can.
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FALSE POSITIVES
FALSE NEGATIVES

2.1.3 A Simple Example

Suppose we wanted to write a RE to find cases of the Englistiedtte. A simple (but
incorrect) pattern might be:

Ithe/

One problem is that this pattern will miss the word when itihe@ sentence and
hence is capitalized (i.eThe). This might lead us to the following pattern:

N[tTThe/

But we will still incorrectly return texts witlihe embedded in other words (e.g.,
otheror theology. So we need to specify that we want instances with a word deryn
on both sides:

No[tT]he\b/

Suppose we wanted to do this without the usdlof ? We might want this since
N\b/ won't treat underscores and numbers as word boundariesjébatight want to
find thein some context where it might also have underlines or nusmbearby the.
or the25. We need to specify that we want instances in which theramam@phabetic
letters on either side of thae

I[a-zA-Z][tT]he[ a-zA-Z)/

But there is still one more problem with this pattern: it wiofind the wordthe
when it begins a line. This is because the regular expre$@erA-Z] , which we
used to avoid embeddeles, implies that there must be some single (although non-
alphabetic) character before ttiee . We can avoid this by specifying that before the
thewe requireeitherthe beginning-of-line or a non-alphabetic character, drdsame
at the end of the line:

IC[["a-zA-Z))[tTThe(["a-zA-Z]|$)/

The process we just went through was based on fixing two kifiésrors: false
positives strings that we incorrectly matched lik¢heror therg andfalse negatives
strings that we incorrectly missed, likehe Addressing these two kinds of errors
comes up again and again in building and improving speecHamgliage processing
systems. Reducing the error rate for an application thushieg two antagonistic
efforts:

e Increasingaccuracy(minimizing false positives)
e Increasingcoverage(minimizing false negatives).

2.1.4 A More Complex Example

Let’s try out a more significant example of the power of REqgse we want to build
an application to help a user buy a computer on the Web. Themight want “any PC
with more than 500 MHz and 32 Gb of disk space for less than @100 order to do
this kind of retrieval we will first need to be able to look foqpeessions likds00 MHz
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or 32 Gbor Compacapr Mac or $999.99 In the rest of this section we’ll work out some
simple regular expressions for this task.

First, let's complete our regular expression for pricesreiea regular expression
for a dollar sign followed by a string of digits. Note that Fersmart enough to realize
that$ here doesn’'t mean end-of-line; how might it know that?

1$[0-9]+/

Now we just need to deal with fractions of dollars. We'll addeximal point and
two digits afterwards:

/$[0-9]+\.[0-9][0-9)/

This pattern only allow$199.9%ut not$199. We need to make the cents optional,
and make sure we're at a word boundary:

No$[0-9]+(\.[0-9][0-9]) 2\b/

How about specifications for processor speed (in megahevteElz or gigahertz =
GHz)? Here’s a pattern for that:

Ab[0-9]+  _*(MHz|[Mm]egahertz|GHz|[Ggligahertz)\b/

Note that we usé _*/ to mean “zero or more spaces”, since there might always
be extra spaces lying around. Dealing with disk space (in @lyabytes), or memory
size (in Mb = megabytes or Gb = gigabytes), we need to allovofitional gigabyte
fractions again%.5 GB. Note the use o? for making the finak optional:

Nb[0-9]+  _*(Mb|[Mm]egabytes?)\b/
N\b[0-9](\.[0-9]+)? _* (Gb|[Ggligabytes?)\b/

Finally, we might want some simple patterns to specify ofiegasystems and ven-
dors:

Nb(Win95|Win98|WinNT|Windows _*(NT|95]|98|2000)?)\b/
N\b(Mac|Macintosh|Apple)\b/

2.1.5 Advanced Operators

RE| Expansion Match Example Patterns

\d [0-9] any digit Party of 5

\D [(0-9] any non-digit Blue_moon

\w [a-zA-Z0-9 ] any alphanumeric or underscare Daiyu

\W [M\w] a non-alphanumeric m

\s [ \n\t\n\f] whitespace (space, tab)

\S [\s] Non-whitespace in_Concord
Figure 2.6  Aliases for common sets of characters.




Section 2.1.

Regular Expressions 9

NEWLINE

SUBSTITUTION

There are also some useful advanced regular expressioatoperFig. 2.6 shows
some useful aliases for common ranges, which can be usedyntaisave typing.
Besides the Kleene * and Kleene +, we can also use explicibeusmas counters, by
enclosing them in curly brackets. The regular expres§8ii  means “exactly 3
occurrences of the previous character or expression’aS@4}z/ will match a
followed by 24 dots followed by (but nota followed by 23 or 25 dots followed by a
2).

Arange of numbers can also be specified{sgm}/  specifies from nto m occur-
rences of the previous char or expression, wHitg}/ ~ means at least n occurrences
of the previous expression. REs for counting are summaiizEdyure 2.7.

RE Match

* zero or more occurrences of the previous char or expression

+ one or more occurrences of the previous char or expression

? exactly zero or one occurrence of the previous char or exjes

{n} n occurrences of the previous char or expression

{n,m} from n to moccurrences of the previous char or expression

{n} at leastn occurrences of the previous char or expression
Figure 2.7  Regular expression operators for counting.

Finally, certain special characters are referred to byiapaotation based on the
backslash\(). The most common of these are thewline charactein and thetab
characteit . To refer to characters that are special themselves (likg [ , and\ ),
precede them with a backslash, (ik/, ,\ =/, N/ ,and\V ).

RE | Match Example Patterns Matched
\ an asterisk “*” “K* A*P*L*A*N”
\. a period “” “Dr. Livingston, | presume”

\? a question mark “Why don’t they come and lend a harid?
\n a newline
\t atab

Figure 2.8  Some characters that need to be backslashed.

The reader should consult Appendix A for further details efular expressions,
and especially for the differences between regular exjmes# Perl, UNIX, and Mi-
crosoft Word.

2.1.6 Regular Expression Substitution, Memory, and ELIZA

An important use of regular expressions isubstitutions. For example, the Perl sub-
stitution operatos/regexpl/pattern/ allows a string characterized by a regular
expression to be replaced by another string:

s/colour/color/
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REGISTERS

Itis often useful to be able to refer to a particular subpéite string matching the
first pattern. For example, suppose we wanted to put angt&étsaround all integers
in a text, changing e.gthe 35 boxeto the <35> boxes We'd like a way to refer back
to the integer we've found so that we can easily add the btack® do this, we put
parenthese§ and) around the first pattern, and use tgmber operatoAl in the
second pattern to refer back. Here’s how it looks:

S/([0-9]+)/<\1>/

The parenthesis and number operators can also be used ffy ghat a certain
string or expression must occur twice in the text. For exayglppose we are looking
for the pattern “the Xer they were, the Xer they will be”, waere want to constrain the
two X’s to be the same string. We do this by surrounding theXingith the parenthesis
operator, and replacing the second X with the number opevhatoas follows:

/the (. =*)er they were, the \ler they will be/

Here thé\l will be replaced by whatever string matched the first itemareptheses.
So this will matchThe bigger they were, the bigger they willlngt notThe bigger they
were, the faster they will be

The number operator can be used with other numbers: if yoahrtaio different
sets of parenthesi® means whatever matched tbecondset. For example

Ithe (. =*)er they (. =*), the \ler they \2/

will match The bigger they were, the bigger they wérg notThe bigger they were,
the bigger they will beThese numbered memories are calegisters(e.g. register 1,
register 2, register 3, etc). This memory feature is not petvery regular expression
language and is often considered an “extended” featuregolaeexpressions.

Substitutions using memory are very useful in implement@ngimple natural-
language understanding program like ELIZA (Weizenbaur6g)9Recall that ELIZA
simulated a Rogerian psychologist and could carry on caaviens with the user like
the following:

User: Men are all alike.

ELIZA1: IN WHAT WAY

Usep:  They're always bugging us about something or other.
ELIZA,: CAN YOU THINK OF A SPECIFIC EXAMPLE

User:  Well, my boyfriend made me come here.

ELIZA3: YOUR BOYFRIEND MADE YOU COME HERE
User: He says I'm depressed much of the time.

ELIZA4: | AM SORRY TO HEAR YOU ARE DEPRESSED.

Eliza worked by having a cascade of regular expression isutishs that each
matched some part of the input lines and changed them. Thsubstitutions changed
all instances ofnyto YOUR andI’'m to YOU ARE and so on. The next set of substi-
tutions looked for relevant patterns in the input and crateappropriate output; here
are some examples:

s/. * YOU ARE (depressed|sad) . =/l AM SORRY TO HEAR YOU ARE \1/
s/. * YOU ARE (depressed|sad) . */WHY DO YOU THINK YOU ARE \1/
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s/. = all . *=/IN WHAT WAY/
s/. = always . */CAN YOU THINK OF A SPECIFIC EXAMPLE/

Since multiple substitutions could apply to a given inputhstitutions were as-
signed a rank and were applied in order. Creation of suclemettis addressed in
Exercise 2.2.

2.2 HNITE-STATE AUTOMATA

FINITE-STATE
AUTOMATON

FSA

REGULAR LANGUAGE

The regular expression is more than just a convenient nmgtatage for text searching.
First, a regular expression is one way of describirfjnide-state automaton(FSA).
Finite-state automata are the theoretical foundation afeigleal of the computational
work we will describe in this book. Any regular expressiom ¢e implemented as a
finite-state automaton (except regular expressions tlethesmemory feature; more
on this later). Symmetrically, any finite-state automatan e described with a regular
expression. Second, a regular expression is one way ofatkéazing a particular kind
of formal language called segular language Both regular expressions and finite-
state automata can be used to describe regular languagés.dAquivalent method
of characterizing the regular languages, thgular grammar, will be introduced in
Ch. 15. The relation among these four theoretical constnmistis sketched out in
Fig. 2.9.

finite
automata

regular
expressions

regular
languages

regular
grammars

Figure 2.9  Finite automata, regular expressions, and regular gramararall equiva-
lent ways of describing regular languages.

This section will begin by introducing finite-state automédr some of the regu-
lar expressions from the last section, and then suggest@mapping from regular
expressions to automata proceeds in general. Although wi@ béth their use for
implementing regular expressions, FSAs have a wide vaoietyher uses that we will
explore in this chapter and the next.

2.2.1 Using an FSA to Recognize Sheeptalk

After a while, with the parrot’s help, the Doctor got to leare language of the
animals so well that he could talk to them himself and undex$teverything
they said.
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AUTOMATON

STATES
START STATE

Hugh Lofting, The Story of Doctor Dolittle

Let's begin with the “sheep language” we discussed prelouRecall that we
defined the sheep language as any string from the follownfin{ie) set:

baa!
baaa!
baaaa!
baaaaa!
baaaaaal!

a
b _ a () !
(a2 (%) (%) (%)

Figure 2.10 A finite-state automaton for talking sheep.

a

The regular expression for this kind of “sheeptalk’/ima+!/ . Fig. 2.10 shows
an automaton for modeling this regular expression. The automaton (eagchine,
also calledfinite automaton, finite-state automaton or FSA) recognizes a set of
strings, in this case the strings characterizing sheepitathe same way that a regular
expression does. We represent the automaton as a direaft grfinite set of vertices
(also called nodes), together with a set of directed linke/ben pairs of vertices called
arcs. We'll represent vertices with circles and arcs witbwas. The automaton has five
states, which are represented by nodes in the graph. State 0 &dhestate. In our
examples state O will generally be the start state; to maokien state as the start state
we can add an incoming arrow to the start state. State 4 inihlestate or accepting
state which we represent by the double circle. It also has foamsitions, which we
represent by arcs in the graph.

The FSA can be used for recognizing (we also&egepting strings in the follow-
ing way. First, think of the input as being written on a longaaroken up into cells,
with one symbol written in each cell of the tape, as in Fig12.1

99

{lalblal!|b !

Figure 2.11  Atape with cells.

The machine starts in the start statg)( and iterates the following process: Check
the next letter of the input. If it matches the symbol on anlaaving the current
state, then cross that arc, move to the next state, and alsm@slone symbol in the
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input. If we are in the accepting statg) when we run out of input, the machine has

successfully recognized an instance of sheeptalk. If thehina never gets to the final

state, either because it runs out of input, or it gets sometithat doesn’t match an arc

(as in Fig. 2.11), or if it just happens to get stuck in some-fioal state, we say the
REJECTS machinerejectsor fails to accept an input.

STATE-TRANSITION We can also represent an automaton witliade-transition table. As in the graph
notation, the state-transition table represents the stat#, the accepting states, and
what transitions leave each state with which symbols. Idehe state-transition table
for the FSA of Figure 2.10.

Input
State|b a !
0 100
1 020
2 030
3 0 3 4
4: 00O

Figure 2.12  The state-transition table for the FSA of Figure 2.10.

We've marked state 4 with a colon to indicate that it’s a fitates(you can have as
many final states as you want), and thimdicates an illegal or missing transition. We
can read the first row as “if we're in state 0 and we see the inpu¢ must go to state
1. If we're in state 0 and we see the inubr !, we fail”.

More formally, a finite automaton is defined by the followingefparameters:

Q=0o010...0n-1  afinite set oiN states

> a finiteinput alphabet of symbols

do thestart state

F the set offinal states F C Q

0(q,i) the transition function or transition matrix be-

tween states. Given a stage= Q and an input
symboli € Z, 8(q,i) returns a new staig € Q. d
is thus a relation fron® x ~ to Q;

For the sheeptalk automaton in Fig. 2.1~ {qo,qd1,02,03,04}, < = {a,b,!},
F = {aa}, andd(q,i) is defined by the transition table in Fig. 2.12.

Figure 2.13 presents an algorithm for recognizing a strisiggia state-transition
table. The algorithm is called-RECOGNIzEfor “deterministic recognizer”. Aleter-

DETERMINISTIC ministic algorithm is one that has no choice points; the algorithmagiwknows what

to do for any input. The next section will introduce non-detmistic automata that
must make decisions about which states to move to.

D-RECOGNIZEtakes as input a tape and an automaton. It retacospif the string
it is pointing to on the tape is accepted by the automaton rejedt otherwise. Note
that sinceD-RECOGNIZEassumes it is already pointing at the string to be checked, it
task is only a subpart of the general problem that we oftemerpa@lar expressions for,
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finding a string in a corpus. (The general problem is left aexarcise to the reader in
Exercise 2.9.)

D-RECOGNIZEbegins by setting the variabiledexto the beginning of the tape, and
current-statdo the machine’s initial stat&d-RECOGNIZEthen enters a loop that drives
the rest of the algorithm. It first checks whether it has reddhe end of its input. If
S0, it either accepts the input (if the current state is aepicstate) or rejects the input
(if not).

If there is input left on the tap®-RECOGNIZElIooks at the transition table to decide
which state to move to. The varialdarrent-statendicates which row of the table to
consult, while the current symbol on the tape indicates Wwisislumn of the table to
consult. The resulting transition-table cell is used toatpdhe variableurrent-state
andindexis incremented to move forward on the tape. If the transitabie cell is
empty then the machine has nowhere to go and must rejectghe in

function D-RECOGNIzKtape, machingreturns accept or reject

index— Beginning of tape
current-state— Initial state of machine
loop
if End of input has been reachtiten
if current-state is an accept stéten
return accept
else
return reject
elsif transition-table[current-state, tape[index] emptythen
return reject
else
current-state— transition-table[current-state,tape[index]]
index— index+ 1
end

Figure 2.13  An algorithm for deterministic recognition of FSAs. Thigatithm returns
acceptif the entire string it is pointing at is in the language defify the FSA, andeject
if the string is not in the language.

Figure 2.14 traces the execution of this algorithm on thegh&nguage FSA given
the sample input stringaaal

Jp)(d4)(d2)(q3 Q3

ébaaa! f

Figure 2.14  Tracing the execution of FSA #1 on some sheeptalk.
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FAIL STATE

Before examining the beginning of the tape, the machine s¢ateqp. Finding ab
oninputtape, it changes to stateas indicated by the contentstedinsition-tablgqp,b]
in Fig. 2.12 on page 13. It then finds arand switches to statp, anothera puts it in
stateqs, a thirda leaves it in stat@s, where it reads the “!”, and switches to state
Since there is no more input, tlnd of 1 nput condition at the beginning of the
loop is satisfied for the first time and the machine haltgsinStateq, is an accepting
state, and so the machine has accepted the dbda@! as a sentence in the sheep
language.

The algorithm will fail whenever there is no legal trangitior a given combination
of state and input. The inpuwtbc will fail to be recognized since there is no legal
transition out of statgg on the inpug, (i.e., this entry of the transition table in Fig. 2.12
on page 13 has @). Even if the automaton had allowed an initalit would have
certainly failed orc, sincecisn’t even in the sheeptalk alphabet! We can think of these
“empty” elements in the table as if they all pointed at one f#yh state, which we
might call thefail state or sink state In a sense then, we could view any machine with
empty transitiongs ifwe had augmented it with a fail state, and drawn in all theaextr
arcs, so we always had somewhere to go from any state on asyplgasput. Just for
completeness, Fig. 2.15 shows the FSA from Figure 2.10 Wéldil stategr filled in.

a
() !

Figure 2.15 Adding a fail state to Fig. 2.10.

2.2.2 Formal Languages

We can use the same graph in Fig. 2.10 as an automat@ef0ERATING sheeptalk.
If we do, we would say that the automaton starts at sigt@nd crosses arcs to new
states, printing out the symbols that label each arc it fedloWhen the automaton gets
to the final state it stops. Notice that at state 3, the automiaas to chose between
printing out al and going to state 4, or printing out arand returning to state 3. Let'’s
say for now that we don't care how the machine makes this ecimaybe it flips a
coin. For now, we don't care which exact string of sheeptadkgenerate, as long as
it's a string captured by the regular expression for shdleptaove.

Formal Language: A model which can both generate and recognize all
and only the strings of a formal language acts dsfnitionof the formal
language.
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FORMAL LANGUAGE
ALPHABET

A formal languageis a set of strings, each string composed of symbols from a
finite symbol-set called anlphabet (the same alphabet used above for defining an
automaton!). The alphabet for the sheep language is thE sefa,b,!}. Given a
modelm (such as a particular FSA), we can ugen) to mean “the formal language
characterized by". So the formal language defined by our sheeptalk autonation
Fig. 2.10 (and Fig. 2.12) is the infinite set:

(2.1) L(m) = {bad,baad,baaad,baaaad,baaaaas,...}

The usefulness of an automaton for defining a language idtthah express an
infinite set (such as this one above) in a closed form. Forarajuages are not the
same asatural languages which are the kind of languages that real people speak.
In fact, a formal language may bear no resemblance at all gallanguage (e.g., a
formal language can be used to model the different statesofla machine). But we
often use a formal language to model part of a natural langusuch as parts of the
phonology, morphology, or syntax. The tegenerative grammaris sometimes used
in linguistics to mean a grammar of a formal language; thgioof the term is this use
of an automaton to define a language by generating all pessitihgs.

NATURAL
LANGUAGES

2.2.3 Another Example

In the previous examples our formal alphabet consisted tadre but we can also
have a higher level alphabet consisting of words. In this waycan write finite-state
automata that model facts about word combinations. For pigreuppose we wanted
to build an FSA that modeled the subpart of English dealinth wmounts of money.
Such a formal language would model the subset of Englishistimg of phrases like
ten centsthree dollars one dollar thirty-five centand so on.

We might break this down by first building just the automatoratcount for the
numbers from 1 to 99, since we’ll need them to deal with cefitp. 2.16 shows this.

twenty sixty

one

one eleven fifteen

two seven twelve sixteen
three e!ght thirteen seventeen
four nine fourteen  eighteen

nineteen

thirty seventy two seven

forty  eighty three eight

fifty ninety four nine
five

Figure 2.16  An FSA for the words for English numbers 1-99.

We could now adatentsanddollars to our automaton. Fig. 2.17 shows a simple
version of this, where we just made two copies of the automatdorig. 2.16 and
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appended the wordntsanddollars.

one  six

two  seven

three eight

four  nine

twenty sixty

ten sixty eleven  sixteen one  six ten sixty eleven  sixteen
twenty seventy twelve seventeen two seven twenty seventy twelve seventeen
thirty  eighty  thirteen eighteen three eight thirty eighty thirteen eighteen
forty ninety  fourteen nineteen four nine forty ninety  fourteen nineteen

twenty sixty

thirty seventy thirty seventy
forty eighty three  eight forty eighty three  eight
fifty  ninety four nine fifty  ninety four nine
five five
Figure 2.17 FSA for the simple dollars and cents.

NON-DETERMINISTIC
NFSA

DFSA

E-TRANSITION

We would now need to add in the grammar for different amouhtiotiars; in-
cluding higher numbers likbundred thousand We'd also need to make sure that the
nouns likecentsanddollars are singular when appropriatene centone dollaj), and
plural when appropriatetgn centstwo dollarg. This is left as an exercise for the
reader (Exercise 2.3). We can think of the FSAs in Fig. 2.16Rig. 2.17 as simple
grammars of parts of English. We will return to grammar-tmy in Part 11 of this
book, particularly in Ch. 12.

2.2.4 Non-Deterministic FSAs

Let’s extend our discussion now to another class of FS#®1-deterministic FSAs
(or NFSAs). Consider the sheeptalk automaton in Figure 2.18, whkiahuch like our
first automaton in Figure 2.10:

a
& @ @ @
Figure 2.18 A non-deterministic finite-state automaton for talking eh€NFSA #1).
Compare with the deterministic automaton in Fig. 2.10.

The only difference between this automaton and the previogsis that here in
Figure 2.18 the self-loop is on state 2 instead of state 3.sidenusing this network
as an automaton for recognizing sheeptalk. When we gett® 3téf we see aa we
don’t know whether to remain in state 2 or go on to state 3. Aatia with decision
points like this are calledion-deterministic FSAs (or NFSAs). Recall by contrast
that Figure 2.10 specifieddeterministic automaton, i.e., one whose behavior during
recognition is fullydetermineddy the state it is in and the symbol it is looking at. A
deterministic automaton can be referred to &-8&A. That is not true for the machine
in Figure 2.18 (NFSA #1).

There is another common type of non-determinism, causeddsythat have no
symbols on them (callegttransitions). The automaton in Fig. 2.19 defines the exact
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BACKUP

LOOK-AHEAD

PARALLELISM

SEARCH-STATE

same language as the last one, or our first one, but it doethianwe-transition.
& @ @ -®
€

Figure 2.19  Another NFSA for the sheep language (NFSA #2). It differsfridFSA
#1 in Fig. 2.18 in having ae-transition.

We interpret this new arc as follows: If we are in state 3, wealowed to move
to state 2withoutlooking at the input, or advancing our input pointer. So thiso-
duces another kind of non-determinism — we might not knowtivaieto follow the
e-transition or the arc.

2.2.5 Using an NFSA to Accept Strings

If we want to know whether a string is an instance of sheemaltot, and if we use a
non-deterministic machine to recognize it, we might folline wrong arc and reject it
when we should have accepted it. That is, since there is rharedne choice at some
point, we might take the wrong choice. This problem of chaicaon-deterministic
models will come up again and again as we build computatiomalels, particularly
for parsing. There are three standaadutions to the problem of non-determinism

e Backup: Whenever we come to a choice point, we could potaakerto mark
where we were in the input, and what state the automaton wa$en if it turns
out that we took the wrong choice, we could back up and trytergiath.

e Look-ahead: We could look ahead in the input to help us decide which path to
take.

e Parallelism: Whenever we come to a choice point, we could look at every
alternative path in parallel.

We will focus here on the backup approach and defer discusdithe look-ahead
and parallelism approaches to later chapters.

The backup approach suggests that we should blithely matieehthat might
lead to deadends, knowing that we can always return to uaegbhlternative choices.
There are two keys to this approach: we need to remembeeadlltbrnatives for each
choice point, and we need to store sufficient informatiorudleach alternative so that
we can return to it when necessary. When a backup algoritlches a point in its
processing where no progress can be made (because it run$ ioput, or has no
legal transitions), it returns to a previous choice poietests one of the unexplored
alternatives, and continues from there. Applying this ootio our non-deterministic
recognizer, we need only remember two things for each clpmicd: the state, or node,
of the machine that we can go to and the corresponding positiche tape. We will
call the combination of the node and position #earch-stateof the recognition algo-
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Input
Statelb a ! ¢
0 10 00
1 02 00
2 02300
3 00 40
4: 00 00O
Figure 2.20  The transition table from NFSA #1 in Fig. 2.18.

rithm. To avoid confusion, we will refer to the state of theauaton (as opposed to the
state of the search) asn@de or amachine-state Figure 2.21 presents a recognition
algorithm based on this approach.

Before going on to describe the main part of this algorithra,slkiould note two
changes to the transition table that drives it. First, ineotd represent nodes that have
outgoinge-transitions, we add a negrcolumn to the transition table. If a node has
ane-transition, we list the destination node in theolumn for that node’s row. The
second addition is needed to account for multiple transitim different nodes from
the same input symbol. We let each cell entry consist of eoligtestination nodes
rather than a single node. Fig. 2.20 shows the transitide fabthe machine in Figure
2.18 (NFSA #1). While it has ne-transitions, it does show that in machine-stgie
the inputa can lead back tgy or on togs.

Fig. 2.21 shows the algorithm for using a non-determiniS8& to recognize an
input string. The functiombD-RECOGNIZE uses the variablagendato keep track of
all the currently unexplored choices generated during these of processing. Each
choice (search state) is a tuple consisting of a node (sthte machine and a posi-
tion on the tape. The variabteirrent-search-stateepresents the branch choice being
currently explored.

ND-RECOGNIZE begins by creating an initial search-state and placing ithen
agenda. For now we don't specify what order the searchsstate placed on the
agenda. This search-state consists of the initial mac$tate- of the machine and a
pointer to the beginning of the tape. The functiobXT is then called to retrieve an
item from the agenda and assign it to the variaeent-search-state

As with D-RECOGNIZE the first task of the main loop is to determine if the en-
tire contents of the tape have been successfully recognizéd is done via a call
to ACCEPTFSTATE?, which returnsacceptif the current search-state contains both an
accepting machine-state and a pointer to the end of the tpee’re not done, the
machine generates a set of possible next steps by calliNERATENEW-STATES,
which creates search-states for &dlyansitions and any normal input-symbol transi-
tions from the transition table. All of these search-stajdds are then added to the
current agenda.

Finally, we attempt to get a new search-state to process fhenagenda. If the
agenda is empty we've run out of options and have to rejecingna. Otherwise, an
unexplored option is selected and the loop continues.

It is important to understand whyD-RECOGNIZEreturns a value of reject only
when the agenda is found to be empty. Unlik&kECOGNIZE it does not return reject
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when it reaches the end of the tape in a non-accept mactate@t when it finds
itself unable to advance the tape from some machine-state iSTbecause, in the non-
deterministic case, such roadblocks only indicate faitlown a given path, not overall
failure. We can only be sure we can reject a string when aBipteschoices have been
examined and found lacking.

function ND-RECOGNIzKtape, machingreturns accept or reject

agenda— {(Initial state of machine, beginning of tage)
current-search-state- NExT(agenda
loop
if ACCEPFSTATE?(current-search-stajereturns trughen
return accept
else
agenda— agendaJ GENERATE-NEW-STATEScurrent-search-staje
if agendais emptythen
return reject
else
current-search-state- NExT(agenda
end

function GENERATE-NEW- STATEScurrent-statg returns a set of search-states

current-node— the node the current search-state is in
index— the point on the tape the current search-state is looking at
return a list of search states from transition table as follows:
(transition-table[current-node], index)
U
(transition-table[current-node, tape[index]], index 4 1

function ACCEPFSTATE ?(search-statereturns true or false

current-node— the node search-state is in
index— the point on the tape search-state is looking at
if indexis at the end of the tapend current-nodes an accept state of machine
then
return true
else
return false

Figure 2.21  An algorithm for NFSA recognition. The wondodemeans a state of the
FSA, whilestateor search-stateneans “the state of the search process”, i.e., a combination
of nodeandtape-position

Figure 2.22 illustrates the progressnaf-RECOGNIZEaS it attempts to handle the
inputbaaa! . Each strip illustrates the state of the algorithm at a gpeimt in its
processing. Theurrent-search-stateariable is captured by the solid bubbles repre-
senting the machine-state along with the arrow represgptiogress on the tape. Each
strip lower down in the figure represents progress fromaureent-search-statto the
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1 ilbfalafalt]| | [
= =
2 lbfalafat] [ |f
o®
3 ilbfalajat] | |

4 (olalalal [ [ 6 {[elalalali] [ 7

= = -
e ®

5 {[blalalal!] | |1 7 §|b|a|a|5!| | ¢
i B

8 {[pblajajal![ [ ¢

Figure 2.22  Tracing the execution of NFSA #1 (Fig. 2.18) on some shekptal

next.

Little of interest happens until the algorithm finds itselfstateq, while looking at
the second a on the tape. An examination of the entry foritrangablelg,,a] returns
bothg; andqgz. Search states are created for each of these choices ard plathe
agenda. Unfortunately, our algorithm chooses to move te gta a move that results
in neither an accept state nor any new states since the @nttyahsition-tablefs, aj
is empty. At this point, the algorithm simply asks the agefuda@ new state to pursue.
Since the choice of returning tp from g is the only unexamined choice on the agenda
it is returned with the tape pointer advanced to the next mxe®¢hat diabolicallynD-
RECOGNIZzEfinds itself faced with the same choice. The entry for tramsitablef,a]
still indicates that looping back tgy or advancing tays are valid choices. As before,
states representing both are placed on the agenda. Thesk sides are not the same
as the previous ones since their tape index values have eglvanhis time the agenda
provides the move tqs as the next move. The movedg, and success, is then uniquely
determined by the tape and the transition-table.
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STATE-SPACE
SEARCH

DEPTH-FIRST

2.2.6 Recognition as Search

ND-RECOGNIZEaccomplishes the task of recognizing strings in a reguteguage by
providing a way to systematically explore all the possitdéhg through a machine. If
this exploration yields a path ending in an accept statecépts the string, otherwise
it rejects it. This systematic exploration is made possilyléhe agenda mechanism,
which on each iteration selects a partial path to explorekaegs track of any remain-
ing, as yet unexplored, partial paths.

Algorithms such asnD-RECOGNIZE which operate by systematically searching
for solutions, are known astate-space searckalgorithms. In such algorithms, the
problem definition creates a space of possible solutiors;gthal is to explore this
space, returning an answer when one is found or rejectingnihe when the space
has been exhaustively explored. ND-RECOGNIZE search states consist of pairings
of machine-states with positions on the input tape. Thestptice consists of all the
pairings of machine-state and tape positions that are lplesgiven the machine in
question. The goal of the search is to navigate through thases from one state to
another looking for a pairing of an accept state with an endj@é position.

The key to the effectiveness of such programs is oftemttierin which the states
in the space are considered. A poor ordering of states maytdethe examination of
a large number of unfruitful states before a successfutisolis discovered. Unfortu-
nately, it is typically not possible to tell a good choicerfra bad one, and often the
best we can do is to insure that each possible solution igeatynconsidered.

Careful readers may have noticed that the ordering of states-RECOGNIZEhas
been left unspecified. We know only that unexplored statesadded to the agenda
as they are created and that the (undefined) functiexmreturns an unexplored state
from the agenda when asked. How should the functi@x™Nbe defined? Consider
an ordering strategy where the states that are considesechreethe most recently
created ones. Such a policy can be implemented by placinty megated states at the
front of the agenda and havingeXT return the state at the front of the agenda when
called. Thus the agenda is implemented Istack This is commonly referred to as a
depth-first searchor Last In First Out (LIFO ) strategy.

Such a strategy dives into the search space following needgldped leads as
they are generated. It will only return to consider earligtians when progress along
a current lead has been blocked. The trace of the executiop-®ECOGNIZEoN the
stringbaaa! as shown in Fig. 2.22 illustrates a depth-first search. Thersthm hits
the first choice point after seeirlzga when it has to decide whether to stayds or
advance to statgz. At this point, it chooses one alternative and follows itilitis
sure it's wrong. The algorithm then backs up and tries anatliker alternative.

Depth first strategies have one major pitfall: under cert&icumstances they can
enter an infinite loop. This is possible either if the seanghce happens to be set
up in such a way that a search-state can be accidentallysiteeii or if there are an
infinite number of search states. We will revisit this quastivhen we turn to more
complicated search problems in parsing in Ch. 13.

The second way to order the states in the search space isd@epstates in the
order in which they are created. Such a policy can be impléadeoy placing newly
created states at the back of the agenda and still hauer Meturn the state at the
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front of the agenda. Thus the agenda is implemented giaeae This is commonly

sreapThFRST  referred to as areadth-first searchor First In First Out (FIFO) strategy. Consider

a different trace of the execution 8b-RECOGNIZEON the stringpbaaa! as shown in
Fig. 2.23. Again, the algorithm hits its first choice poineafseeindba when it had to
decide whether to stay ig, or advance to statgs. But now rather than picking one
choice and following it up, we imagine examining all possibhoices, expanding one
ply of the search tree at a time.

1 ilelafafat] [ [
2 ilblafalaft] | [¢
e
3 ilblafalat] | [¢
A
Ea @
4 {]ofafala[t] [ [} 4 ilbfafafalr] | |¢
. B . B
5 {[ofafalalt] [ [{ 5 {[blalalalt] [ [ 5 F[blafalalt] [ ]}
. B
6 1[bfalalaft] [ ][]
Figure 2.23 A breadth-first trace of FSA #1 on some sheeptalk.

Like depth-first search, breadth-first search has its fstfahs with depth-first if
the state-space is infinite, the search may never termifdéee importantly, due to
growth in the size of the agenda if the state-space is everrataly large, the search
may require an impractically large amount of memory. For lsm@blems, either
depth-first or breadth-first search strategies may be atiegalshough depth-first is
normally preferred for its more efficient use of memory. Fangkr problems, more
complex search techniques suchdgaamic programming or A* must be used, as we
will see in Chapters 7 and 10.

2.2.7 Relating Deterministic and Non-Deterministic Autonata

It may seem that allowing NFSAs to have non-deterministitifees likee-transitions
would make them more powerful than DFSAs. In fact this is et ¢ase; for any
NFSA, there is an exactly equivalent DFSA. In fact there isnapte algorithm for
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converting an NFSA to an equivalent DFSA, although the nunabestates in this
equivalent deterministic automaton may be much largerL8egs and Papadimitriou
(1988) or Hopcroft and Ullman (1979) for the proof of the aspondence. The basic
intuition of the proofis worth mentioning, however, andldaion the way NFSAs parse
their input. Recall that the difference between NFSAs an&As-is that in an NFSA

a stateg; may have more than one possible next state given an inffat example
Oa andqp). The algorithm in Figure 2.21 dealt with this problem by obimg either
0a Or gp and thenbacktrackingif the choice turned out to be wrong. We mentioned
that a parallel version of the algorithm would follow bothtips (towardgs and gp)
simultaneously.

The algorithm for converting a NFSA to a DFSA is like this dealaalgorithm; we
build an automaton that has a deterministic path for evetty par parallel recognizer
might have followed in the search space. We imagine follgwioth paths simultane-
ously, and group together into an equivalence class alltdieswe reach on the same
input symbol (i.e.gs andqy). We now give a new state label to this new equivalence
class state (for examptgy). We continue doing this for every possible input for every
possible group of states. The resulting DFSA can have as statgs as there are dis-
tinct sets of states in the original NFSA. The number of défe subsets of a set with
N elements is ?, hence the new DFSA can have as many"astates.

2.3 REGULAR LANGUAGES AND FSAs

REGULAR
LANGUAGES

As we suggested above, the class of languages that are detayaiegular expressions
is exactly the same as the class of languages that are abvdzabte by finite-state
automata (whether deterministic or non-deterministigc&use of this, we call these
languages theegular languages In order to give a formal definition of the class of
regular languages, we need to refer back to two earlier guscthe alphabef, which

is the set of all symbols in the language, andeh®oty stringe, which is conventionally
not included inZ. In addition, we make reference to tampty se® (which is distinct
frome). The class of regular languages fegular setg overZ is then formally defined
as follows:!

1. Ois aregular language
2. Yae€ 2ZUg, {a} is aregular language
3. If Ly andL; are regular languages, then so are:

(@) L1 - Lo = {xy|x € Ly,y € Ly}, theconcatenationof L; andL,
(b) L1 ULy, theunion or disjunction of LyandL,
(c) L%, theKleene closureof L

Only languages which meet the above properties are regurigubges. Since the
regular languages are the languages characterizable biaregpressions, all the reg-
ular expression operators introduced in this chapter (@xeemory) can be imple-
mented by the three operations which define regular languaggncatenation, dis-
junction/union (also called|”), and Kleene closure. For example all the counters (

1 Following van Santen and Sproat (1998), Kaplan and Kay (1,384 Lewis and Papadimitriou (1988).
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{n,m} ) are just a special case of repetition plus Kleene *. All theters can be
thought of as individual special symbols. The square brfceare a kind of disjunc-
tion (i.e.,[ab] means &orb”, or the disjunction ofa andb). Thus it is true that any
regular expression can be turned into a (perhaps largergssion which only makes
use of the three primitive operations.

Regular languages are also closed under the following tipesa@* means the
infinite set of all possible strings formed from the alphabet

e intersection: if L; andLy are regular languages, then s&.is1L,, the language
consisting of the set of strings that are in bathandL,.

o difference: if L; andL; are regular languages, then sd is— L, the language
consisting of the set of strings that arelinbut notL.

e complementation If L; is a regular language, then so2§— L, the set of all
possible strings that aren’t iy

e reversal If L; is a regular language, then soU%, the language consisting of
the set of reversals of all the stringsLip.

The proof that regular expressions are equivalent to fstiite automata can be
found in Hopcroft and Ullman (1979), and has two parts: singwhat an automaton
can be built for each regular language, and conversely thequaar language can be
built for each automaton.

We won't give the proof, but we give the intuition by showingwhto do the first
part: take any regular expression and build an automatan fto The intuition is
inductive on the number of operators: for the base case wd bui automaton to
correspond to the regular expressions with no operatershie regular expressiofis
g, or any single symba € 2. Fig. 2.24 shows the automata for these three base cases.

(a) r=€ (b) r=0 (c) r=a

Figure 2.24  Automata for the base case (no operators) for the inductiowisig that
any regular expression can be turned into an equivalentraitm.

Now for the inductive step, we show that each of the primitygerations of a
regular expression (concatenation, union, closure) camibated by an automaton:

e concatenation We just string two FSAs next to each other by connectinghall t
final states of FSAto the initial state of FSAby ane-transition.

e closure We create a new final and initial state, connect the oridinal states
of the FSA back to the initial states fytransitions (this implements the rep-
etition part of the Kleene *), and then put direct links bedéweahe new initial
and final states bg-transitions (this implements the possibility of havirgro
occurrences). We’'d leave out this last part to implemeneKéplus instead.

e union: We add a single new initial statf, and add newe-transitions from it to
the former initial states of the two machines to be joined.
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Figure 2.27  The union () of two FSAs.

We will return to regular languages and their relationsbigggular grammarsin Ch. 15.
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2.4 SUMMARY

This chapter introduced the most important fundamentatephnin language process-
ing, thefinite automaton, and the practical tool based on automaton rédwailar ex-
pression Here’s a summary of the main points we covered about thesssid

e Theregular expressionlanguage is a powerful tool for pattern-matching.

e Basic operations in regular expressions includecatenationof symbols,dis-
junction of symbols[] , |, and. ), counters(*, +, and{n,m} ), anchors(",
$) and precedence operatofs)().

e Any regular expression can be realized dimiie state automaton(FSA).

e Memory (1 together with() ) is an advanced operation that is often considered
part of regular expressions, but which cannot be realizedfaste automaton.

e An automaton implicitly defines éormal language as the set of strings the
automatoraccepts

e An automaton can use any set of symbols for its vocabulacjidting letters,
words, or even graphic images.

e The behavior of aleterministic automatonDFSA) is fully determined by the
state it is in.

e A non-deterministic automaton lFSA) sometimes has to make a choice be-
tween multiple paths to take given the same current stat@extdnput.

e Any NFSA can be converted to@QFSA.

e The order in which &NFSA chooses the next state to explore on the agenda de-
fines itssearch strategy Thedepth-first searchor LIFO strategy corresponds
to the agenda-as-stack; theeadth-first search or FIFO strategy corresponds
to the agenda-as-queue.

e Any regular expression can be automatically compiled inldFSA and hence
into aFSA.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

MCCULLOCH-PITTS
NEURON

Finite automata arose in the 1950s out of Turing’s (1936) @hotlalgorithmic com-
putation, considered by many to be the foundation of modempuiter science. The
Turing machine was an abstract machine with a finite contrdlan input/output tape.
In one move, the Turing machine could read a symbol on the tapte a different
symbol on the tape, change state, and move left or right. Tmei§uring machine
differs from a finite-state automaton mainly in its ability¢hange the symbols on its
tape.

Inspired by Turing’s work, McCulloch and Pitts built an anotata-like model of
the neuron (see von Neumann, 1963, p. 319). Their model,hnikieow usually
called theMcCulloch-Pitts neuron (McCulloch and Pitts, 1943), was a simplified
model of the neuron as a kind of “computing element” that ddod described in terms
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of propositional logic. The model was a binary device, at paint either active or

not, which took excitatory and inhibitatory input from otheeurons and fired if its

activation passed some fixed threshold. Based on the MatuRtts neuron, Kleene
(1951) and (1956) defined the finite automaton and regularessns, and proved
their equivalence. Non-deterministic automata were thiced by Rabin and Scott
(1959), who also proved them equivalent to deterministieson

Ken Thompson was one of the first to build regular expressiongpilers into edi-
tors for text searching (Thompson, 1968). His ed&dincluded a command “g/regular
expression/p”, or Global Regular Expression Print, whiated became the UNIX
grep utility.

There are many general-purpose introductions to the mattiesrunderlying au-
tomata theory, such as Hopcroft and Ullman (1979) and Lewi Rapadimitriou
(1988). These cover the mathematical foundations of thplsimutomata of this chap-
ter, as well as the finite-state transducers of Ch. 3, theegbifitee grammars of Ch. 12,
and the Chomsky hierarchy of Ch. 15. Friedl (1997) is a vesfulsomprehensive
guide to the advanced use of regular expressions.

The metaphor of problem-solving as search is basic to Asilflatelligence (Al);
more details on search can be found in any Al textbook suchuasé® and Norvig
(2002).

EXERCISES

2.1 Write regular expressions for the following languages: Yoay use either Perl
notation or the minimal “algebraic” notation of Sec. 2.3f make sure to say which
one you are using. By “word”, we mean an alphabetic stringassipd from other
words by white space, any relevant punctuation, line breaks so forth.

a. the set of all alphabetic strings.
b. the set of all lowercase alphabetic strings endinglin a

c. the set of all strings with two consecutive repeated woeds. ( “Humbert Hum-
bert” and “the the” but not “the bug” or “the big bug”).

d. the set of all strings from the alphal@®b such that each is immediately pre-
ceded and immediately followed byba
e. all strings which start at the beginning of the line with ateger (i.e., 1,2,3,...,10,...,10000,...)
and which end at the end of the line with a word.
f. all strings which have both the wogtlotto and the wordavenin them. (but not,
for example, words likgrottosthat merelycontainthe wordgrotto).
g. write a pattern which places the first word of an English eece in a register.
Deal with punctuation.
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2.2 Implement an ELIZA-like program, using substitutions sashthose described
on page 10. You may choose a different domain than a Rogesiahplogist, if you
wish, although keep in mind that you would need a domain irctvlgpur program can
legitimately do a lot of simple repeating-back.

2.3 Complete the FSA for English money expressions in Fig. 2sl€iggested in the
text following the figure. You should handle amounts up to&Q00, and make sure
that “cent” and “dollar” have the proper plural endings wiagpropriate.

2.4 Design an FSA that recognizes simple date expression®lgeh 15 the 22nd
of NovemberChristmas You should try to include all such “absolute” dates, (e.@t n
“deictic” ones relative to the current day liltke day before yesterdpyEach edge of
the graph should have a word or a set of words on it. You shos#édsome sort of
shorthand for classes of words to avoid drawing too many(@&rgs, furniture— desk,
chair, table).

2.5 Now extend your date FSA to handle deictic expressionsylésterdaytomor-
row, a week from tomorrowthe day before yesterdagunday next Monday three
weeks from Saturday

2.6 Write an FSA for time-of-day expressions likeeven o’clocktwelve-thirty mid-
night, or a quarter to terand others.

2.7 (Due to Pauline Welby; this problem probably requires thiétgio knit.) Write

a regular expression (or draw an FSA) which matches allikgipatterns for scarves
with the following specification32 stitches wide, K1P1 ribbing on both ends, stock-
inette stitch body, exactly two raised stripésl knitting patterns must include a cast-
on row (to put the correct number of stitches on the needld)aabind-off row (to
end the pattern and prevent unraveling). Here’s a samplerpdbr one possible scarf
matching the above descriptidn:

1. Cast on 32 stitches. cast on; puts stitches on needle
2. K1 P1 across row (i.e. do (K1 P1) 16 times1P1 ribbing
3. Repeat instruction 2 seven more times.  adds length
4, K32, P32. stockinette stitch
5. Repeat instruction 4 an additional 13 timesadds length
6. P32, P32. raised stripe stitch
7. K32, P32. stockinette stitch
8. Repeat instruction 7 an additional 251 timesdds length
9. P32, P32. raised stripe stitch
10. K32, P32. stockinette stitch
11. Repeat instruction 10 an additional 13 timeslds length
12. K1 P1 across row. K1P1 ribbing
13. Repeat instruction 12 an additional 7 timesdds length
14. Bind off 32 stitches. binds off row: ends pattern

2 Knit andpurl are two different types of stitches. The notation ileans da knit stitches. Similarly for
purl stitches. Ribbing has a striped texture—most swe#tave ribbing at the sleeves, bottom, and neck.
Stockinette stitch is a series of knit and purl rows that poed a plain pattern— socks or stockings are knit
with this basic pattern, hence the name.
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2.8 Write a regular expression for the language accepted by E®ANn Fig. 2.28.

Figure 2.28 A mystery language

2.9 Currently the functiorb-RECOGNIZEIN Fig. 2.13 only solves a subpart of the
important problem of finding a string in some text. Extend #éhgorithm to solve
the following two deficiencies: (1)-RECOGNIZEcurrently assumes that it is already
pointing at the string to be checked, and f2RECcOGNIzEfails if the string it is point-
ing includes as a proper substring a legal string for the FB#at is,D-RECOGNIZE
fails if there is an extra character at the end of the string.

2.10 Give an algorithm for negating a deterministic FSA. The tiegaof an FSA
accepts exactly the set of strings that the original FSActsj@ver the same alphabet),
and rejects all the strings that the original FSA accepts.

2.11 Why doesn’t your previous algorithm work with NFSAs? Nowend your
algorithm to negate an NFSA.



Section 2.4. Summary

31

Friedl, J. E. F. (1997)Master Regular Expression©’Reilly.

Hopcroft, J. E. and Ullman, J. D. (1979)Introduction to
Automata Theory, Languages, and Computatiokddison-
Wesley, Reading, MA.

Kaplan, R. M. and Kay, M. (1994). Regular models of phono-
logical rule systemsComputational Linguistics20(3), 331—
378.

Kleene, S. C. (1951). Representation of events in nerve nets
and finite automata. Tech. rep. RM-704, RAND Corporation.
RAND Research Memorandumt.

Kleene, S. C. (1956). Representation of events in nerveameks
finite automata. In Shannon, C. and McCarthy, J. (EdsJ),
tomata Studiespp. 3—41. Princeton University Press, Prince-
ton, NJ.

Lewis, H. and Papadimitriou, C. (198&lements of the Theory
of Computation Prentice-Hall. Second edition.

McCulloch, W. S. and Pitts, W. (1943). A logical calculus of

ideas immanent in nervous activitBulletin of Mathematical
Biophysics5, 115-133. Reprinted iNeurocomputing: Foun-

dations of Research, ed. by J. A. Anderson and E Rosenfeld.

MIT Press 1988

Rabin, M. O. and Scott, D. (1959). Finite automata and thesir d
cision problemsIBM Journal of Research and Development
3(2), 114-125.

Russell, S. and Norvig, P. (2002)Artificial Intelligence: A
Modern Approach Prentice Hall. Second edition.

Thompson, K. (1968). Regular expression search algorithm.
Communications of the ACM1(6), 419-422.

Turing, A. M. (1936). On computable numbers, with an ap-
plication to the EntscheidungsproblenProceedings of the
London Mathematical Societ¢2, 230-265. Read to the So-
ciety in 1936, but published in 1937. Correction in volume 43
544-546.

van Santen, J. P. H. and Sproat, R. (1998). Methods and tools.
Sproat, R. (Ed.)Multilingual Text-To-Speech Synthesis: The
Bell Labs Approachpp. 7-30. Kluwer, Dordrecht.

von Neumann, J. (1963ollected Works: Volume.\Macmil-
lan Company, New York.

Weizenbaum, J. (1966). ELIZA — A computer program for the

study of natural language communication between man and
machine.Communications of the ACM(1), 36—45.



Speech and Language Processing: An introduction to speech r ecognition, natural
language processing, and computational linguistics. Dani el Jurafsky & James H.
Martin.  Copyright © 2007, All rights reserved. Draft of October 12, 2007. Do not
cite without permission.

WORDS &
TRANSDUCERS

How can there be any sin in sincere?
Where is the good in goodbye?
Meredith Willson,The Music Man

Ch. 2 introduced the regular expression, showing for exarhplv a single search
string could help us find bottvoodchuckand woodchucks Hunting for singular or
plural woodchucks was easy; the plural just tacks an to the end. But suppose we
were looking for another fascinating woodland creaturess lsay afox, and afish
that surlypeccaryand perhaps a Canadiauild goose Hunting for the plurals of these
animals takes more than just tacking onsanThe plural offox is foxes of peccary
peccaries and ofgoose geese To confuse matters further, fish don’t usually change
their form when they are plural

It takes two kinds of knowledge to correctly search for slagaiand plurals of
these formsOrthographic rules tell us that English words ending gy are pluralized
by changing they to -i- and adding ares Morphological rules tell us thaffishhas a
null plural, and that the plural afooses formed by changing the vowel.

The problem of recognizing that a word (likexe3 breaks down into component
morphemesfpx and-eg and building a structured representation of this fact lkeda

MORPHOLOGIG.  morphological parsing.

PARSING Parsingmeans taking an input and producing some sort of linguisticture for it.
We will use the term parsing very broadly throughout thiskhaecluding many kinds
of structures that might be produced; morphological, sstitasemantic, discourse; in
the form of a string, or a tree, or a network. Morphologicakjreg or stemming applies
to many affixes other than plurals; for example we might neddke any English verb
form ending in-ing (going, talking, congratulating and parse it into its verbal stem

surrace  plus the-ing morpheme. So given traurfaceor input form going, we might want to
produce the parsed forWMERB-go + GERUND-ing.

Morphological parsing is important throughout speech andliage processing. It
plays a crucial role in Web search for morphologically coexglanguages like Rus-
sian or German; in Russian the wokibscowhas different endings in the phrases
Moscow of Moscow from Moscow and so on. We want to be able to automatically

1 (see e.g., Seuss (1960))
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search for the inflected forms of the word even if the user typgd in the base form.
Morphological parsing also plays a crucial role in partspkech tagging for these mor-
phologically complex languages, as we will see in Ch. 5. iiiportant for producing
the large dictionaries that are necessary for robust gpeléking. We will need it in
machine translation to realize for example that the Frenoideva andaller should
both translate to forms of the English vegb.

To solve the morphological parsing problem, why couldn't jwst store all the
plural forms of English nouns anéhg forms of English verbs in a dictionary and do
parsing by lookup? Sometimes we can do this, and for exanoplEriglish speech
recognition this is exactly what we do. But for many NLP apations this isn’t pos-
sible becauseng is aproductive suffix; by this we mean that it applies to every verb.
Similarly -sapplies to almost every noun. Productive suffixes even applgw words;
thus the new wordax can automatically be used in thiemg form: faxing Since new
words (particularly acronyms and proper nouns) are creavedy day, the class of
nouns in English increases constantly, and we need to be@bldd the plural mor-
pheme-s to each of these. Additionally, the plural form of these newams depends
on the spelling/pronunciation of the singular form; for myde if the noun ends irz
then the plural form isesrather thans. We'll need to encode these rules somewhere.

Finally, we certainly cannot list all the morphological iaarts of every word in
morphologically complex languages like Turkish, which hasds like:

(3.1) uygarlastiramadiklarimizdanmissinizcasina
uygar +las +tir  +ama +dik +lar +1miz +dan +mis +siniz+casina
civilized +BEC +CAUS +NABL +PART +PL +P1PL +ABL +PAST+2PL +AslIf

“(behaving) as if you are among those whom we could not eigfli

The various pieces of this word (tleorphemeg have these meanings:

+BEC ‘“become”

+CAUS the causative verb marker (‘cause to X)

+NABL ‘“not able”

+PART past participle form

+P1PL 1st person pl possessive agreement

+2PL  2nd person pl

+ABL ablative (from/among) case marker

+Aslf derivationally forms an adverb from a finite verb

Not all Turkish words look like this; the average Turkish wdwas about three mor-
phemes. But such long words do exist; indeed Kemal Oflazes,aglme up with this
example, notes (p.c.) that verbs in Turkish have 40,000ilplestorms not counting
derivational suffixes. Adding derivational suffixes, suchcausatives, allows a the-
oretically infinite number of words, since causativizat@zan be repeated in a single
word (You cause X to cause Y to ...d9.Whus we cannot store all possible Turkish
words in advance, and must do morphological parsing dyreic

In the next section we survey morphological knowledge faglish and some other
languages. We then introduce the key algorithm for morpdiold parsing, thdinite-
state transducer. Finite-state transducers are a crucial technology througspeech
and language processing, so we will return to them agairtén toapters.
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STEMMING

LEMMATIZATION

TOKENIZATION

After describing morphological parsing, we will introduseme related algorithms
in this chapter. In some applications we don't need to passerd, but we do need to
map from the word to its root or stem. For example in informatietrieval and web
search (IR), we might want to map frofmxesto fox;, but might not need to also know
thatfoxesis plural. Just stripping off such word endings is cakdemmingin IR. We
will describe a simple stemming algorithm called ®Parter stemmer.

For other speech and language processing tasks, we needwalkat two words
have a similar root, despite their surface differencesekample the wordsang sung
andsingsare all forms of the verbing The wordsingis sometimes called the common
lemmaof these words, and mapping from all of thessitgis calledlemmatization.?

Next, we will introduce another task related to morpholagjzarsing. Tokeniza-
tion or word segmentationis the task of separating out (tokenizing) words from run-
ning text. In English, words are often separated from eabkrdby blanks (whites-
pace), but whitespace is not always sufficient; we’ll needdtice thatNew Yorkand
rock 'n’ roll are individual words despite the fact that they contain epaleut for many
applications we’'ll need to separdtm into the two wordd andam

Finally, for many applications we need to know how similaptwords are ortho-
graphically. Morphological parsing is one method for commpy this similarity, but
another is to just compare the strings of letters to see hmiegithey are. A common
way of doing this is with theminimum edit distance algorithm, which is important
throughout NLP. We'll introduce this algorithm and also whioow it can be used in
spell-checking.

3.1 SURVEY OF (MOSTLY) ENGLISH MORPHOLOGY

MORPHEMES

STEMS
AFFIXES

Morphology is the study of the way words are built up from deraineaning-bearing
units,morphemes A morpheme is often defined as the minimal meaning-beaniitg u
in a language. So for example the wdox consists of a single morpheme (the mor-
phemefox) while the wordcatsconsists of two: the morphenvatand the morpheme
-S.

As this example suggests, it is often useful to distinguish broad classes of
morphemesstemsandaffixes The exact details of the distinction vary from language
to language, but intuitively, the stem is the “main” morpleeaf the word, supplying
the main meaning, while the affixes add “additional” measiafjvarious kinds.

Affixes are further divided int@refixes suffixes infixes, andcircumfixes. Pre-
fixes precede the stem, suffixes follow the stem, circumfixebath, and infixes are
inserted inside the stem. For example, the weatsis composed of a stematand
the suffix-s. The wordunbuckleis composed of a stefmuckleand the prefijun-. En-
glish doesn’t have any good examples of circumfixes, but nwhgr languages do.
In German, for example, the past participle of some verbsriméd by addinge-to
the beginning of the stem antlto the end; so the past participle of the vedyen(to
say) isgesagf(said). Infixes, in which a morpheme is inserted in the miadla word,

2 Lemmatization is actually more complex, since it sometiineslves deciding on which sense of a word
is present. We return to this issue in Ch. 20.
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INFLECTION
DERIVATION
COMPOUNDING
CLITICIZATION

CLITIC

PLURAL

SINGULAR

occur very commonly for example in the Philipine languaggalag. For example the
affix um, which marks the agent of an action, is infixed to the Tagaieg&ingi “bor-
row” to producehumingi There is one infix that occurs in some dialects of English in
which the taboo morphemes “f**king” or “bl**dy” or otherskie them are inserted in
the middle of other words (“Man-f**king-hattan”, “abso#stly-lutely” %) (McCawley,
1978).

A word can have more than one affix. For example, the wenditeshas the prefix
re-, the stemwrite, and the suffixs. The wordunbelievablyhas a stembgelieve plus
three affixes(n-, -able, and-ly). While English doesn’t tend to stack more than four
or five affixes, languages like Turkish can have words witreronten affixes, as we
saw above. Languages that tend to string affixes togetheiflikkish does are called
agglutinative languages.

There are many ways to combine morphemes to create wordsoFthese meth-
ods are common and play important roles in speech and lapquagessinginflec-
tion, derivation, compounding, andcliticization.

Inflection is the combination of a word stem with a grammatical morpharse-
ally resulting in a word of the same class as the original seerd usually filling some
syntactic function like agreement. For example, Englishtha inflectional morpheme
-sfor marking theplural on nouns, and the inflectional morpheredfor marking the
past tense on verbBerivation is the combination of a word stem with a grammatical
morpheme, usually resulting in a word ofldferentclass, often with a meaning hard
to predict exactly. For example the vetbmputerizecan take the derivational suffix
-ationto produce the noucomputerizationCompoundingis the combination of mul-
tiple word stems together. For example the ndoghousés the concatenation of the
morphemealogwith the morphemdéouse Finally, cliticization is the combination of
a word stem with &litic. A clitic is a morpheme that acts syntactically like a word,
but is reduced in form and attached (phonologically and sones orthographically)
to another word. For example the English morphéwveén the wordl've is a clitic, as
is the French definite articlé in the wordl'opera. In the following sections we give
more details on these processes.

3.1.1 Inflectional Morphology

English has a relatively simple inflectional system; onlynsg, verbs, and sometimes
adjectives can be inflected, and the number of possible titftead affixes is quite
small.

English nouns have only two kinds of inflection: an affix thatrksplural and an
affix that markgpossessiveFor example, many (but not all) English nouns can either
appear in the bare stem singular form, or take a plural suffix. Here are examples of
the regular plural suffixs (also spelledes, and irregular plurals:

| | Regular Noun§ Irregular Noung

Singular| cat |thrush mouseg ox
Plural |cats|thrushes | mice |oxen

3 Alan Jay Lerner, the lyricist of My Fair Lady, bowdlerizecethatter toabso-bloomin’lutelyin the lyric to
“Wouldn't It Be Loverly?” (Lerner, 1978, p. 60).
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While the regular plural is spelled after most nouns, it is spelledsafter words
ending in-s (ibis/ibisey, -z (waltz/waltze} -sh (thrush/thrushes -ch (finch/finchek
and sometimesx (box/boxels Nouns ending iny preceded by a consonant change the
-y to -i (butterfly/butterflies

The possessive suffix is realized by apostrophes for regular singular nouns
(Ilama’s) and plural nouns not ending ks (children’s) and often by a lone apostro-
phe after regular plural nounbgmas’) and some names ending-#or -z (Euripides’
comediek

English verbal inflection is more complicated than nomimdleiction. First, En-
glish has three kinds of verbmjain verbs, (eat, sleep, impeag¢hmodal verbs(can,
will, should), andprimary verbs (be, have, dp(using the terms of Quirk et al., 1985).
In this chapter we will mostly be concerned with the main arichpry verbs, because

REGULAR it is these that have inflectional endings. Of these verbmye lelass areegular, that is
to say all verbs of this class have the same endings markésgime functions. These
regular verbs (e.gwvalk, orinspec) have four morphological forms, as follow:

Morphological Form Classes Regularly Inflected Verbs

stem walk merge |try map
-sform walks |merges|tries |maps
-ing participle walking| merging| trying | mapping
Past form oredparticiple || walked | merged|tried |mapped

These verbs are called regular because just by knowing ¢ne wie can predict
the other forms by adding one of three predictable endingsnaaking some regular
spelling changes (and as we will see in Ch. 7, regular praation changes). These
regular verbs and forms are significant in the morphologyrajlish first because they
cover a majority of the verbs, and second because the regaks isproductive. As
discussed earlier, a productive class is one that autoatigtincludes any new words
that enter the language. For example the recently-creatddax (My mom faxedne
the note from cousin Evertiakes the regular endingsd, -ing, -es (Note that thes
form is spelledaxesrather tharfaxs we will discuss spelling rules below).

IRREGULAR VERBS Theirregular verbs are those that have some more or less idiosyncratic forms of
inflection. Irregular verbs in English often have five diffat forms, but can have as
many as eight (e.g., the veb®) or as few as three (e.gutor hit). While constituting
a much smaller class of verbs (Quirk et al. (1985) estimageetiare only about 250
irregular verbs, not counting auxiliaries), this clasdudes most of the very frequent
verbs of the languagéThe table below shows some sample irregular forms. Note that

PRETERITE  an irregular verb can inflect in the past form (also calledateterite) by changing its
vowel (eat/atg, or its vowel and some consonantaich/caught or with no change at
all (cut/cu).

4 In general, the more frequent a word form, the more likelg tbihave idiosyncratic properties; this is due
to a fact about language change; very frequent words tentetepre their form even if other words around
them are changing so as to become more regular.
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GERUND
PERFECT

Morphological Form Classedrregularly Inflected Verbs
stem eat |catch |cut
-sform eats |catches|cuts
-ing participle eating| catching cutting
Past form ate |caught |cut
-ed/-enpatrticiple eaten|caught |cut

The way these forms are used in a sentence will be discussbd gyntax and se-
mantics chapters but is worth a brief mention here. Berm is used in the “habitual
present” form to distinguish the third-person singulariegqShe jogs every Tuesday
from the other choices of person and numbgrou/we/they jog every Tuesdaylhe
stem form is used in the infinitive form, and also after cerw@ther verbsli(d rather
walk homel want to walk homg The-ing participle is used in therogressivecon-
struction to mark present or ongoing activityi§ raining), or when the verb is treated
as a noun; this particular kind of nominal use of a verb isech#igerund use:Fishing
is fine if you live near wateiThe-ed/-enparticiple is used in thperfect construction
(He’s eaten lunch alreadyor the passive constructiolfe verdict was overturned
yesterday.

In addition to noting which suffixes can be attached to whigms, we need to
capture the fact that a number of regular spelling changesrazt these morpheme
boundaries. For example, a single consonant letter is ddut®fore adding theng
and-edsuffixes peg/begging/beggedlf the final letter is “c”, the doubling is spelled
“ck” (picnic/picnicking/picnicked If the base ends in a silerg, it is deleted before
adding-ing and-ed(merge/merging/mergédlust as for nouns, theending is spelled
-esafter verb stems ending s (toss/tosses, -z, (waltz/waltzek-sh (wash/washés
-ch, (catch/catchésand sometimesx (tax/taxe$. Also like nouns, verbs ending iy
preceded by a consonant change-thto -i (try/tries).

The English verbal system is much simpler than for examm@étiropean Spanish
system, which has as many as fifty distinct verb forms for eaghlar verb. Fig. 3.1
shows just a few of the examples for the veauar, ‘to love’. Other languages can
have even more forms than this Spanish example.

Present | Imperfect| Future Preterit¢  Presen{ Conditional Imperfecf Future

Indicativel Indicative T Subjnct 1 Subjnct. |  Subjnct.
1SG@ amo amaba amarée ameé ame amaria amara amare
2SG amas amabas amaras amaste| ames amarias amaras amares
3SG ama amaba amara amo ame amaria amara amareme|
1PL| amamos amabamqs amaremds amamo$ amemos amariamos améramqs amaremqs
2PL| amais amabais | amaréis | amasteis améis amariais amarais | amareis
3PL| aman amaban amaran amaron| amen amarian amaran amaren

Figure 3.1 To love in Spanish. Some of the inflected forms of the \eararin Euro-
pean SpanishlSGstands for “first person singular”, 3PL for “third persongalli, and so
on.
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NOMINALIZATION

PROCLITICS
ENCLITICS

3.1.2 Derivational Morphology

While English inflection is relatively simple compared tdet languages, derivation
in English is quite complex. Recall that derivation is thentination of a word stem
with a grammatical morpheme, usually resulting in a word difeerentclass, often

with a meaning hard to predict exactly.

A very common kind of derivation in English is the formatiohreew nouns, of-
ten from verbs or adjectives. This process is callethinalization. For example,
the suffix-ation produces nouns from verbs ending often in the suffig (computer-
ize — computerization Here are examples of some particularly productive Ehglis
nominalizing suffixes.

| Suffix || Base Verb/AdjectiveDerived Noun |

-ation|| computerize (V) | computerization
-ee ||appoint (V) appointee

-er kill (V) killer

-ness || fuzzy (A) fuzziness

Adjectives can also be derived from nouns and verbs. Herexamples of a few
suffixes deriving adjectives from nouns or verbs.

| Suffix|| Base Noun/VerhDerived Adjective

-al computation (N) computational
-able ||embrace (V) |embraceable
-less || clue (N) clueless

Derivation in English is more complex than inflection for anther of reasons.
Oneis that it is generally less productive; even a nomimaiguffix like -ation, which
can be added to almost any verb endingirg, cannot be added to absolutely ev-
ery verb. Thus we can't sayeatationor *spellation(we use an asterisk (*) to mark
“non-examples” of English). Another is that there are sailsthd complex meaning
differences among nominalizing suffixes. For exangiheerityhas a subtle difference
in meaning fronsincereness

3.1.3 Cliticization

Recall that a clitic is a unit whose status lies in betweendhan affix and a word. The
phonological behavior of clitics is like affixes; they teldde short and unaccented (we
will talk more about phonology in Ch. 8). Their syntactic betor is more like words,
often acting as pronouns, articles, conjunctions, or vetiitics preceding a word are
calledproclitics, while those following arenclitics.

English clitics include these auxiliary verbal forms:

| Full Form] Clitic | Full Forml Clitic |

am 'm have ‘ve
are re has 'S
is 'S had d
will ‘Il would d
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CONCATENATIVE

AGREE

GENDER

Note that the clitics in English are ambiguous; Tlsh&'scan mearshe isor she
has Except for a few such ambiguities, however, correctly segting off clitics in
English is simplified by the presence of the apostropheicSlitan be harder to parse
in other languages. In Arabic and Hebrew, for example, tHmite article the Al in
Arabic, hain Hebrew) is cliticized on to the front of nouns. It must bgsented off
in order to do part-of-speech tagging, parsing, or othéssta®ther Arabic proclitics
include prepositions likd ‘by/with’, and conjunctions likew ‘and’. Arabic also has
enclitics marking certain pronouns. For example the wardl by their virtueshas
clitics meaningand by, andtheir, a stemvirtue, and a plural affix. Note that since
Arabic is read right to left, these would actually appeareoed from right to left in an
Arabic word.

proclitic | proclitic | stem | affix | enclitic
Arabic||w b Hsn |At [hm
Gloss ||and by virtue|s their

3.1.4 Non-concatenative Morphology

The kind of morphology we have discussed so far, in which advimcomposed of a
string of morphemes concatenated together is often cediedatenative morphology
A number of languages have extengiam-concatenative morphologyin which mor-
phemes are combined in more complex ways. The Tagalog iitixakample above is
one example of non-concatenative morphology, since twghemestiingi andum)
are intermingled.

Another kind of non-concatenative morphology is caltethplatic morphology
or root-and-pattern morphology. This is very common in Arabic, Hebrew, and other
Semitic languages. In Hebrew, for example, a verb (as weitlasr parts-of-speech)
is constructed using two components: a root, consistingllysof three consonants
(CCCQC) and carrying the basic meaning, and a template, whigts ghe ordering of
consonants and vowels and specifies more semantic infammakbiout the resulting
verb, such as the semantic voice (e.g., active, passivale)idFor example the He-
brew tri-consonantal rodind, meaning ‘learn’ or ‘study’, can be combined with the
active voice CaCaC template to produce the wardad ‘he studied’, or the inten-
sive CiCeC template to produce the wdided, ‘he taught’, or the intensive passive
template CuCacC to produce the wdudhad ‘he was taught’. Arabic and Hebrew com-
bine this templatic morphology with concatenative morpiggl (like the cliticization
example shown in the previous section).

3.1.5 Agreement

We introduced the plural morpheme above, and noted thaslplimarked on both
nouns and verbs in English. We say that the subject noun @aadn verb in English
have toagreein number, meaning that the two must either be both singuldioth
plural. There are other kinds of agreement processes. Bon@e nouns, adjectives,
and sometimes verbs in many languages are markegefotder. A gender is a kind
of equivalence class that is used by the language to caregibre nouns; each noun
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NOUN CLASSES

falls into one class. Many languages (for example Romanugulages like French,
Spanish, or Italian) have 2 genders, which are referred toasuline and feminine.
Other languages (like most Germanic and Slavic languages three (masculine,
feminine, neuter). Some languages, for example the Bangukges of Africa, have
as many as 20 genders. When the number of classes is very \aggten refer to

them asoun classesnstead of genders.

Gender is sometimes marked explicitly on a noun; for exar8plkenish masculine

words often end iro and feminine words ina. But in many cases the gender is not

marked in the letters or phones of the noun itself. Instddd,a property of the word
that must be stored in a lexicon. We will see an example ofithisg. 3.2.

3.2 HNITE-STATE MORPHOLOGICALPARSING

FEATURES

Let's now proceed to the problem of parsing morphology. Caalgvill be to take
input forms like those in the first and third columns of Fig2,3roduce output forms
like those in the second and fourth column.

English I Spanish
Input Morphologically Input Morphologically Gloss
Parsed Output Parsed Output
cats cat +N +PL pavos| pavo +N +Masc +PlI ‘ducks’
cat cat +N +SG pavo pavo +N +Masc +Sg ‘duck’
cities city +N +PlI bebo beber +V +PInd +1P +Sg ‘I drink’
geese goose +N +PI canto| cantar +V +PInd +1P +Sg ‘I sing’
goose goose +N +Sg canto| canto +N +Masc +Sg ‘song’
goose goose +V puse poner +V +Perf +1P +Sg ‘I was able’
gooses goose +V +1P +Sg vino venir +V +Perf +3P +Sg ‘he/she came
merging| merge +V +PresPaft vino vino +N +Masc +Sg ‘wine’
caught catch +V +PastPart| lugar lugar +N +Masc +Sg ‘place’
caught catch +V +Past
Figure 3.2  Output of amorphological parse for some English and Spamists. Span-
ish output modified from the Xerox XRCE finite-state langusms.

The second column contains the stem of each word as well astegsnorpho-
logical features These features specify additional information about teens For
example the featureN means that the word is a nounSg means it is singular Pl

that it is plural. Morphological features will be referramldgain in Ch. 5 and in more
detail in Ch. 16; for now, considetSg to be a primitive unit that means “singular”.

Spanish has some features that don’t occur in English; famge the nounkigar and

pavoare marked-Masc (masculine). Because Spanish nouns agree in gender with ad-

jectives, knowing the gender of a noun will be important fiyding and parsing.
Note that some of the input forms (likaught goose cantg or vino) will be am-
biguous between different morphological parses. For nawwll consider the goal of
morphological parsing merely to list all possible parseg Will return to the task of
disambiguating among morphological parses in Ch. 5.
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LEXICON

MORPHOTACTICS

In order to build a morphological parser, we'll need at lg¢hstfollowing:

1. lexicon: the list of stems and affixes, together with basic informragibout them
(whether a stem is a Noun stem or a Verb stem, etc.).

2. morphotactics: the model of morpheme ordering that explains which claskes o
morphemes can follow other classes of morphemes inside & Wwor example,
the fact that the English plural morpheme follows the nodhesathan preceding
it is a morphotactic fact.

3. orthographic rules: thesespelling rules are used to model the changes that
occur in aword, usually when two morphemes combine (e.gy, th ie spelling
rule discussed above that changig + -s to citiesrather thartitys).

The next section will discuss how to represent a simple warsf the lexicon just
for the sub-problem of morphological recognition, incluglhow to use FSAs to model
morphotactic knowledge.

In following sections we will then introduce the finite-gatansducer (FST) as a
way of modeling morphological features in the lexicon, addrassing morphological
parsing. Finally, we show how to use FSTs to model orthogcapites.

3.3 BUILDING A FINITE-STATE LEXICON

A lexicon is a repository for words. The simplest possibbaden would consist of
an explicit list of every word of the languageveryword, i.e., including abbreviations
(“AAA") and proper names (“Jane” or “Beijing”)) as follows:

a, AAA, AA, Aachen, aardvark, aardwolf, aba, abaca, aback, .

Since it will often be inconvenient or impossible, for theivas reasons we dis-
cussed above, to list every word in the language, computiexicons are usually
structured with a list of each of the stems and affixes of thguage together with a
representation of the morphotactics that tells us how tlaeyfit together. There are
many ways to model morphotactics; one of the most commoneditiite-state au-
tomaton. A very simple finite-state model for English nonhinflection might look
like Fig. 3.3.

irreg-pl-noun

irreg-sg-noun

Figure 3.3 A finite-state automaton for English nominal inflection.

The FSA in Fig. 3.3 assumes that the lexicon includes requdans (eg-noun)
that take the regulasplural (e.g.cat, dog fox, aardvark. These are the vast majority
of English nouns since for now we will ignore the fact that fiheral of words likefox
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have an inserted: foxes The lexicon also includes irregular noun forms that don't
take-s, both singulairreg-sg-noun (goose, mougeand pluralirreg-pl-noun (geese,

mice.
| reg-noun | ireg-pl-noun | irreg-sg-noun | plural |
fox geese goose -S
cat sheep sheep
aardvark mice mouse
A similar model for English verbal inflection might look likég. 3.4.
irreg-past-verb-form
. 3sg (-s)
irreg-verb-stem
Figure 3.4 A finite-state automaton for English verbal inflection

This lexicon has three stem classes (reg-verb-stem, ueeg-stem, and irreg-past-
verb-form), plus four more affix classes( past,-ed participle,-ing participle, and
third singular-s):

reg-verb-| irreg-verb-| irreg-past-| past| past-part| pres-part| 3sg
stem stem verb
walk cut caught -ed -ed -ing -S
fry speak ate
talk sing eaten
impeach sang

English derivational morphology is significantly more cdeythan English inflec-
tional morphology, and so automata for modeling Englishivégion tend to be quite
complex. Some models of English derivation, in fact, areebdasn the more complex
context-free grammars of Ch. 12 (Sproat, 1993).

Consider a relatively simpler case of derivation: the motphtics of English ad-
jectives. Here are some examples from Antworth (1990):

big, bigger, biggest, cool, cooler, coolest, coolly
happy, happier, happiest, happily red, redder, reddest
unhappy, unhappier, unhappiest, unhappily real, unreallyr

clear, clearer, clearest, clearly, unclear, unclearly
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An initial hypothesis might be that adjectives can have aroopl prefix (in-), an
obligatory root big, cool etc.) and an optional suffix€r, -est or -ly). This might
suggest the the FSA in Fig. 3.5.

u adj-root -er -est -ly

@ @) @

€

Figure 3.5 An FSA for a fragment of English adjective morphology: Antétts Pro-
posal #1.

Alas, while this FSA will recognize all the adjectives in tiadle above, it will also
recognize ungrammatical forms likenbig, unfast oranger, or smally. We need to set
up classes of roots and specify their possible suffixes. allizsoot, would include
adjectives that can occur witm-and-ly (clear, happy andreal) while adj-root will
include adjectives that canig, small), and so on.

This gives an idea of the complexity to be expected from Bhglierivation. As a
further example, we give in Figure 3.6 another fragment df&A for English nominal
and verbal derivational morphology, based on Sproat (1®®)er (1983), and Porter
(1980). This FSA models a number of derivational facts, sashhe well known
generalization that any verb ending-ime can be followed by the nominalizing suffix
-ation (Bauer, 1983; Sproat, 1993). Thus since there is a iassilize we can predict
the wordfossilizationby following statesyo, g1, andg,. Similarly, adjectives ending
in -al or -able at gs (equal formal, realizablg can take the suffixity, or sometimes
the suffix-nessto stategg (naturalnesscasualness We leave it as an exercise for the
reader (Exercise 3.1) to discover some of the individuakpkions to many of these
constraints, and also to give examples of some of the various and verb classes.

-izelV -ation/N

Figure 3.6  An FSA for another fragment of English derivational morpigl.

We can now use these FSAs to solve the problemaifphological recognition;
that is, of determining whether an input string of letterkesaup a legitimate English
word or not. We do this by taking the morphotactic FSAs, andging in each “sub-
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lexicon” into the FSA. That is, we expand each arc (e.g.réigenoun-stemarc) with
all the morphemes that make up the setegf-noun-stem The resulting FSA can then
be defined at the level of the individual letter.

Figure 3.7 Expanded FSA for a few English nouns with their inflection té&\that this
automaton will incorrectly accept the inpiiaixs We will see beginning on page 19 how tp
correctly deal with the inserteglin foxes

Fig. 3.7 shows the noun-recognition FSA produced by expepitie Nominal In-
flection FSA of Fig. 3.3 with sample regular and irregularn®tor each class. We can
use Fig. 3.7 to recognize strings likardvarksby simply starting at the initial state,
and comparing the input letter by letter with each word orheaatgoing arc, and so
on, just as we saw in Ch. 2.

3.4 HNITE-STATE TRANSDUCERS

FST

We've now seen that FSAs can represent the morphotactictsteuof a lexicon, and
can be used for word recognition. In this section we intredie finite-state trans-
ducer. The next section will show how transducers can beieppd morphological
parsing.

A transducer maps between one representation and anotfieitesstate trans-
ducer or FST is a type of finite automaton which maps between two sets obsysn
We can visualize an FST as a two-tape automaton which rezegor generatgsmirs
of strings. Intuitively, we can do this by labeling each ardhe finite-state machine
with two symbol strings, one from each tape. Fig. 3.8 showsxample of an FST
where each arc is labeled by an input and output string, atgzhby a colon.

The FST thus has a more general function than an FSA; wher&AndEfines a
formal language by defining a set of strings, an FST defiretation between sets of
strings. Another way of looking at an FST is as a machine thatls one string and
generates another. Here's a summary of this four-fold wakhioking about transduc-
ers:

e FST as recognizer:a transducer that takes a pair of strings as input and outputs

acceptf the string-pair is in the string-pair language, aegkctif it is not.
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REGULAR
RELATIONS

Figure 3.8 A finite-state transducer, modified from Mohri (1997).

e FST as generator:a machine that outputs pairs of strings of the language. Thus
the output is a yes or no, and a pair of output strings.

e FST as translator: a machine that reads a string and outputs another string
e FST as set relater:a machine that computes relations between sets.

All of these have applications in speech and language psowes-or morphologi-
cal parsing (and for many other NLP applications), we willgghe FST as translator
metaphor, taking as input a string of letters and producsguput a string of mor-
phemes.

Let's begin with a formal definition. An FST can be formallyfided with 7 pa-
rameters:

Q a finite set ofN stateqyo,q1,-..,0qn-1
> a finite set corresponding to the input alphabet
A a finite set corresponding to the output alphabet

Jo € Q the start state
F CQ the set of final states

o(q,w) the transition function or transition matrix between stat®8iven a
stateq € Q and a stringv € ¥*, 5(qg,w) returns a set of new states
Q € Q. dis thus a function fron@Q x >* to 22 (because there are
29 possible subsets D). & returns a set of states rather than a
single state because a given input may be ambiguous in wtatsh s
it maps to.

o(g,w) the output function giving the set of possible output stsifay each
state and input. Given a statie= Q and a stringwv € ¥, o(q,w)
gives a set of output strings, each a string A*. ¢ is thus a func-
tion fromQ x * to 22

Where FSAs are isomorphic to regular languages, FSTs amoighic toregu-
lar relations. Regular relations are sets of pairs of strings, a naturtagihsion of the
regular languages, which are sets of strings. Like FSAs agdlar languages, FSTs
and regular relations are closed under union, although nemge they are not closed
under difference, complementation and intersection dalfin some useful subclasses
of FSTsareclosed under these operations; in general FSTs that aregotented with
the e are more likely to have such closure properties). BesidegnuRkSTs have two
additional closure properties that turn out to be extrernsiful:



Section 3.4.

Finite-State Transducers 15

INVERSION

COMPOSITION

PROJECTION

SEQUENTIAL
TRANSDUCERS

e inversion: The inversion of a transduc@r (T 1) simply switches the input and
output labels. Thus it maps from the input alphabkto the output alphab&d,
T~ maps fromOto .

e composition If Ty is a transducer frorh to O; andT; a transducer fron®; to
Oz, thenT; o T, maps fromi; to O».

Inversion is useful because it makes it easy to convert adsSJarser into an FST-
as-generator.

Composition is useful because it allows us to take two traoscs that run in series
and replace them with one more complex transducer. Conigogibrks as in algebra;
applyingT; o T, to an input sequencgis identical to applyindgl; to Sand thenT; to
the result; thudy o To(S) = To(T1(9)).

Fig. 3.9, for example, shows the compositiorjaab]+  with [b:c]+ to produce

[a:c]+
anb b:c a.c
(%) o (%) = (W

Figure 3.9 The composition ofa:b]+ with [b:c]+ to producda:c]+

Theprojection of an FST is the FSA that is produced by extracting only one sid
of the relation. We can refer to the projection to the left pper side of the relation as
theupper orfirst projection and the projection to the lower or right side & thlation
as thelower or secondprojection.

3.4.1 Sequential Transducers and Determinism

Transducers as we have described them may be nondeteitinishat a given input
may translate to many possible output symbols. Thus usingrgéFSTs requires the
kinds of search algorithms discussed in Ch. 2, making FSTie glow in the general
case. This suggests that it would nice to have an algorittoorieert a nondeterministic
FST to a deterministic one. But while every non-determioiBSA is equivalent to
some deterministic FSA, not all finite-state transducensteadeterminized.

Sequential transducers by contrast, are a subtype of transducers that are deter-
ministic on their input. At any state of a sequential trarcsueach given symbol of
the input alphabeX can label at most one transition out of that state. Fig. 3il@sg
an example of a sequential transducer from Mohri (1997)e tioat here, unlike the
transducer in Fig. 3.8, the transitions out of each statelaterministic based on the
state and the input symbol. Sequential transducers candgsiton symbols in the
output string, but not on the input.

Sequential transducers are not necessarily sequentiaéoroutput. Mohri’s trans-
ducerin Fig. 3.10 is not, for example, since two distinchsiions leaving state 0 have
the same output. Since the inverse of a sequential transducer may thusenséb
quential, we always need to specify the direction of thesdaiction when discussing
sequentiality. Formally, the definition of sequential sdncers modifies th& ando
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Figure 3.10 A sequential finite-state transducer, from Mohri (1997).

functions slightly;5 becomes a function frof® x * to Q (rather than to ), ando
becomes a function froi x =* to A* (rather than to 2).

SUBSEQUENTIAL One generalization of sequential transducers istisequential transducei(Schitzenberger,
1977), which generates an additional output string at tred §itates, concatenating it
onto the output produced so far.

What makes sequential and subsequential transducerstampatheir efficiency;
because they are deterministic on input, they can be predéssime proportional to
the number of symbols in the input (they are linear in theuinlength) rather than
proportional to some much larger number which is a functibtme number of states.
Another advantage of subsequential transducers is thiag #xést efficient algorithms
for their determinization (Mohri, 1997) and minimizatiddd@hri, 2000), extending the
algorithms for determinization and minimization of fingtate automata that we saw
in Ch. 2. also an equivalence algorithm.

While both sequential and subsequential transducers temdeistic and efficient,
neither of them is able to handle ambiguity, since they tlans each input string
to exactly one possible output string. Since ambiguity isuxial property of natu-
ral language, it will be useful to have an extension of subsatjal transducers that
can deal with ambiguity, but still retain the efficiency arttier useful properties of
sequential transducers. One such generalization of subségl transducers is the
p-subsequentialtransducer. Ap-subsequentialtransducer allows fop(p > 1) final
output strings to be associated with each final state (M&@BAg6). They can thus han-
dle a finite amount of ambiguity, which is useful for many NlaBks. Fig. 3.11 shows
an example of a 2-subsequential FST.

Figure 3.11 A 2-subsequential finite-state transducer, from Mohri {)99

Mohri (1996, 1997) show a number of tasks whose ambiguitybedimited in this
way, including the representation of dictionaries, the piation of morphological
and phonological rules, and local syntactic constraintsr dach of these kinds of
problems, he and others have shown that theypaebsequentializableand thus can
be determinized and minimized. This class of transducefadies many, although not
necessarily all, morphological rules.
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3.5 FSTS FORMORPHOLOGICALPARSING

SURFACE

LEXICAL TAPE

(3.2)

(33)

FEASIBLE PAIRS

DEFAULT PAIRS

Let’s now turn to the task of morphological parsing. Givea tputcats for instance,
we’'d like to outputcat +N +Pl, telling us thatcatis a plural noun. Given the Spanish
input bebo(‘l drink’), we'd like to outputbeber +V +PInd +1P +Sgtelling us that
bebois the present indicative first person singular form of tharSgh vertbeber ‘to
drink’.

In thefinite-state morphology paradigm that we will use, we represent a word as
a correspondence betweerneaical level which represents a concatenation of mor-
phemes making up a word, and therface level, which represents the concatenation
of letters which make up the actual spelling of the word. Big.2 shows these two
levels for (Englishkats

Lexical§ cla|t [+N[+PI f

Surface§ cla|t]|s f

Figure 3.12 Schematic examples of the lexical and surface tapes; tbhaldcinsducers
will involve intermediate tapes as well.

For finite-state morphology it's convenient to view an FShaging two tapes. The
upper or lexical tape, is composed from characters from one alphabethelower
or surfacetape, is composed of characters from another alph&bét thetwo-level
morphology of Koskenniemi (1983), we allow each arc only to have a sisglabol
from each alphabet. We can then combine the two symbol agibalandA to create
a new alphabett’, which makes the relationship to FSAs quite cleat.is a finite
alphabet of complex symbols. Each complex symbol is conghboan input-output
pairi : 0; one symboi from the input alphabeX, and one symbab from an output
alphabef\, thusz’ C ¥ x A. £ andA may each also include the epsilon symtolhus
where an FSA accepts a language stated over a finite alphfadiegte symbols, such
as the alphabet of our sheep language:

>={b,a!}
an FST defined this way accepts a language statedpawesrof symbols, as in:
Y ={a:a,b:b !l a:l a:e e:!}

In two-level morphology, the pairs of symbolsihare also callefeasible pairs Thus
each feasible pair symbal: b in the transducer alphabEt expresses how the symbol
a from one tape is mapped to the symbain the other tape. For exampe ¢ means
that ana on the upper tape will correspond mothingon the lower tape. Just as for
an FSA, we can write regular expressions in the complex aipt¥. Since it's most
common for symbols to map to themselves, in two-level molgipowe call pairs like
a:adefault pairs, and just refer to them by the single leteer
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MORPHEME
BOUNDARY

#
WORD BOUNDARY

We are now ready to build an FST morphological parser out oadier morpho-
tactic FSAs and lexica by adding an extra “lexical” tape ameldappropriate morpho-
logical features. Fig. 3.13 shows an augmentation of Figjwith the nominal mor-
phological features{Sg and+Pl ) that correspond to each morpheme. The symbol
" indicates amorpheme boundary, while the symbok indicates avord boundary.
The morphological features map to the empty stiray the boundary symbols since
there is no segment corresponding to them on the output tape.

Figure 3.13 A schematic transducer for English nominal number inflecTigum The

symbols above each arc represent elements of the morpbalggirse in the lexical tape
the symbols below each arc represent the surface tape (dntdrenediate tape, to be
described later), using the morpheme-boundary symbol “ward-boundary marker #.
The labels on the arcs leavimg are schematic, and need to be expanded by individual
words in the lexicon.

In order to use Fig. 3.13 as a morphological noun parsergtisa¢o be expanded
with all the individual regular and irregular noun stemglaeing the labelseg-noun
etc. In order to do this we need to update the lexicon for thisdducer, so that irreg-
ular plurals likegeesewill parse into the correct steigoose +N +Pl . We do this
by allowing the lexicon to also have two levels. Since swefgeesemaps to lexical
goose , the new lexical entry will bed:g o:e o:e s:s e:e ". Regular forms
are simpler; the two-level entry fdox will now be “f:f 0:0 x:x ", but by relying
on the orthographic convention ttfastands fof:f and so on, we can simply refer to
it asfox and the form fogeeseas ‘g o:e o:e s e . Thus the lexicon will look
only slightly more complex:

| reg-noun | irreg-pl-noun | irreg-sg-noun |
fox goeoese goose
cat sheep sheep
aardvark mo:iues.ce mouse

The resulting transducer, shown in Fig. 3.14, will map plm@uns into the stem
plus the morphological markeiPl , and singular nouns into the stem plus the mor-
phological marker-Sg. Thus a surfaceatswill map tocat +N +PI . This can be
viewed in feasible-pair format as follows:
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Figure 3.14 A fleshed-out English nominal inflection FSlJex, expanded fronTnym
by replacing the three arcs with individual word stems (anfgw sample word stems are
shown).

c.c aa tt +N: e +PI:"s#

Since the output symbols include the morpheme and word ymdarkers ~ and
#, the lower labels Fig. 3.14 do not correspond exactly tcstivéace level. Hence we
refer to tapes with these morpheme boundary markers in Fig &sintermediate
tapes; the next section will show how the boundary markesrisaved.

Lexical 3 flo|x|+N|+PI f
Intermediate 3 flo|x|?|s|# f
Figure 3.15 A schematic view of the lexical and intermediate tapes.

3.6 TRANSDUCERS ANDORTHOGRAPHICRULES

SPELLING RULES

The method described in the previous section will succégsfecognize words like
aardvarksand mice But just concatenating the morphemes won't work for cases
where there is a spelling change; it would incorrectly regat input likefoxesand
accept an input likdoxs We need to deal with the fact that English often requires
spelling changes at morpheme boundaries by introduspredling rules (or ortho-
graphic rules) This section introduces a number of notations for writinigts rules
and shows how to implement the rules as transducers. In glemiee ability to im-
plement rules as a transducer turns out to be useful thraugipeech and language
processing. Here'’s some spelling rules:
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(3.4)

[Name | Description of Rule | Example |
Consonant | 1-letter consonant doubled befeirg/-ed| beg/begging
doubling
E deletion Silent e dropped beforéng and-ed make/making

E insertion |e added afters,-z-x,-ch, -shbefore-s watch/watches
Y replacement-y changes teie before-s, -i before-ed | try/tries
Kinsertion |verbs ending wittvowel + -cadd-k panic/panicked

We can think of these spelling changes as taking as inputglsiconcatenation of
morphemes (the “intermediate output” of the lexical trarst in Fig. 3.14) and pro-
ducing as output a slightly-modified (correctly-spelledhcatenation of morphemes.
Fig. 3.16 shows in schematic form the three levels we aréngibout: lexical, inter-
mediate, and surface. So for example we could write an Etinseule that performs
the mapping from the intermediate to surface levels showrign3.16. Such a rule

Lexical é flo|Xx|[+N|[+PI f
Intermediate § flo|x|"N|s|# f
Surface § flo|x|e|s f

Figure 3.16  An example of the lexical, intermediate, and surface taBesween each
pair of tapes is a two-level transducer; the lexical transdwf Fig. 3.14 between the
lexical and intermediate levels, and the E-insertion smgelule between the intermediat
and surface levels. The E-insertion spelling rule insemts an the surface tape when th
intermediate tape has a morpheme boundary ~ followed by trpimme-s.

W

might say something like “insert aon the surface tape just when the lexical tape has
a morpheme ending ix(or z, etc) and the next morpheme . Here’s a formalization

of the rule:

X
e—ell sy __s#
z

This is the rule notation of Chomsky and Halle (1968); a rulehe forma —
b/c__d means “rewritea asb when it occurs betweeaandd”. Since the symbol
€ means an empty transition, replacing it means insertingesioimg. Recall that the
symbol ~ indicates a morpheme boundary. These boundagededeted by including
the symbol "¢ in the default pairs for the transducer; thus morpheme baryndarkers
are deleted on the surface level by default. The # symbolgeeial symbol that marks
a word boundary. Thus (3.4) means “insertesaiter a morpheme-final, s, or z, and
before the morphenms. Fig. 3.17 shows an automaton that corresponds to this rule

The idea in building a transducer for a particular rule isxpress only the con-
straints necessary for that rule, allowing any other stahgymbols to pass through
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other

Figure 3.17 The transducer for the E-insertion rule of (3.4), extendednfa similar

transducer in Antworth (1990). We additionally need to tkelde # symbol from the
surface string; this can be done either by interpreting ytmeb®| # as the pair #; or by

postprocessing the output to remove word boundaries.

unchanged. This rule is used to ensure that we can only seeetpair if we are in the
proper context. So staty, which models having seen only default pairs unrelated to
the rule, is an accepting state, agiiswhich models having seeregs, orx. gz models
having seen the morpheme boundary afterztseor x, and again is an accepting state.
Stategs models having just seen the E-insertion; it is not an acogiate, since the
insertion is only allowed if it is followed by themorpheme and then the end-of-word
symbol#.

Theothersymbol is used in Fig. 3.17 to safely pass through any pamsads that
don't play a role in the E-insertion ruleather means “any feasible pair that is not in
this transducer”. So for example when leaving stafewe go toq; on thez, s, or x
symbols, rather than following thatherarc and staying ig. The semantics afther
depends on what symbols are on other arcs; giisenentioned on some arcs, it is (by
definition) not included irother, and thus, for example, is explicitly mentioned on the
arc fromqy to qo.

Atransducer needs to correctly reject a string that aptiiesule when it shouldn't.
One possible bad string would have the correct environnmanthie E-insertion, but
have no insertion. Stat®; is used to ensure that tleds always inserted whenever the
environment is appropriate; the transducer reacgemly when it has seen aafter
an appropriate morpheme boundary. If the machine is in gtaa@d the next symbol
is #, the machine rejects the string (because there is no leggaition or# from gs).
Fig. 3.18 shows the transition table for the rule which matkesillegal transitions
explicit with the “~" symbol.

The next section will show a trace of this E-insertion trarsa running on a sam-
ple input string.
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Staté Input s:s X:X z:z “e €.e # other|

do: 1 1 1 0 - 0 0

di: 1 1 1 2 - 0 0

O2: 5 1 1 0 3 0 0

Gs 4 - - - - - -

04 - - - - - 0 -

ds 1 1 1 2 - - 0
Figure 3.18 The state-transition table for E-insertion rule of Fig.73.@xtended from a
similar transducer in Antworth (1990).

3.7 COMBINING FST LEXICON AND RULES

CASCADE

We are now ready to combine our lexicon and rule transduoersrsing and generat-
ing. Fig. 3.19 shows the architecture of a two-level morphglsystem, whether used
for parsing or generating. The lexicon transducer mapsdetvthe lexical level, with
its stems and morphological features, and an intermediagtthat represents a simple
concatenation of morphemes. Then a host of transducers,repoesenting a single
spelling rule constraint, all run in parallel so as to mamsan this intermediate level
and the surface level. Putting all the spelling rules in pelrgs a design choice; we
could also have chosen to run all the spelling rules in séags long cascade), if we
slightly changed each rule.

3 flo| X |+N|[+PL E

LEXICON-FST

§ fox’\s#f

FST1 orthographic rules FST

oo o n

§ flo|x|e]|s f

Figure 3.19  Generating or parsing with FST lexicon and rules

The architecture in Fig. 3.19 is a two-levascadeof transducers. Cascading two
automata means running them in series with the output of tsteféieding the input to
the second. Cascades can be of arbitrary depth, and ea¢imiige be built out of
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AMBIGUITY

DISAMBIGUATING

many individual transducers. The cascade in Fig. 3.19 hagransducers in series:
the transducer mapping from the lexical to the intermedatels, and the collection
of parallel transducers mapping from the intermediatedcstirface level. The cascade
can be run top-down to generate a string, or bottom-up toepgr&ig. 3.20 shows a
trace of the systeracceptinghe mapping fronfox +N +PL to foxes

Lexical§ flo|x |[+N[+PI | |§

T

lex @) CD @’) 6 @

Intermediate 3 flo|x|[A|s|# | f

Te-insert 0 ogc%1234 0

Sun’acezfoxes ||§

Figure 3.20  Acceptingfoxes The lexicon transducéliey from Fig. 3.14 cascaded with
the E-insertion transducer in Fig. 3.17.

The power of finite-state transducers is that the exact saseade with the same
state sequences is used when the machine is generatingfdeegape from the lexical
tape, or when it is parsing the lexical tape from the surfapet For example, for
generation, imagine leaving the Intermediate and Surfapestblank. Now if we run
the lexicon transducer, givdax +N +PL , it will producefox”s#on the Intermediate
tape via the same states that it accepted the Lexical armriatiate tapes in our earlier
example. If we then allow all possible orthographic trarcgds to run in parallel, we
will produce the same surface tape.

Parsing can be slightly more complicated than generatiecalse of the problem
of ambiguity. For examplefoxescan also be a verb (albeit a rare one, meaning “to
baffle or confuse”), and hence the lexical parseféxescould befox +V +3Sg as
well asfox +N +PL . How are we to know which one is the proper parse? In fact, for
ambiguous cases of this sort, the transducer is not capbtkrming. Disambiguat-
ing will require some external evidence such as the surroundards. Thudoxesis
likely to be a noun in the sequenksaw two foxes yesterdayut a verb in the sequence
That trickster foxes me every timé&Ve will discuss such disambiguation algorithms in
Ch. 5and Ch. 20. Barring such external evidence, the bestansducer can do is just
enumerate the possible choices; so we can tranddut&#into bothfox +V +3SG
andfox +N +PL .

There is a kind of ambiguity that we need to handle: local guity that occurs
during the process of parsing. For example, imagine parsiagnput verbassess
After seeingass our E-insertion transducer may propose that ¢htbat follows is
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INTERSECTION

inserted by the spelling rule (for example, as far as thesttacer is concerned, we
might have been parsing the wasdse} It is not until we don't see th# afterasses
but rather run into anothey that we realize we have gone down an incorrect path.

Because of this non-determinism, FST-parsing algoritheesitio incorporate some
sort of search algorithm. Exercise 3.7 asks the reader tafyrthe algorithm for non-
deterministic FSA recognition in Fi@?in Ch. 2 to do FST parsing.

Note that many possible spurious segmentations of the,ispah as parsingssess
as "a"s"ses”s will be ruled out since no entry in the lexicimwatch this string.

Running a cascade, particularly one with many levels, caanrtvéeldy. Luckily,
we've already seen how to compose a cascade of transducsesi@s into a single
more complex transducer. Transducers in parallel can beébicwt by automaton
intersection. The automaton intersection algorithm just takes the Grmeproduct of
the states, i.e., for each staggn machine 1 and statg in machine 2, we create a new
stateqi;. Then for any input symbad, if machine 1 would transition to statg and
machine 2 would transition to statg, we transition to statg,m. Fig. 3.21 sketches
how this intersectionX) and compositiond) process might be carried out.

LEXICON-FST LEXICON-FST

T LEXICON-FST
ST TP ST PP pamy o

T T FST,
FST, . @ ‘ FST, (=FST/*FST,_.*FSTy) ‘
S s el ry [y
Figure 3.21 Intersection and composition of transducers.

Since there are a number of ruld=ST compilers, it is almost never necessary in
practice to write an FST by hand. Kaplan and Kay (1994) gieerttathematics that
define the mapping from rules to two-level relations, andwarth (1990) gives details
of the algorithms for rule compilation. Mohri (1997) givelgarithms for transducer
minimization and determinization.

3.8 LEXICON-FREEFSTS: THE PORTER STEMMER

KEYWORDS

While building a transducer from a lexicon plus rules is tkendard algorithm for
morphological parsing, there are simpler algorithms tloattdequire the large on-line
lexicon demanded by this algorithm. These are used espeoiaiformation Retrieval
(IR) tasks like web search (Ch. 23), in which a query such as@édan combination
of relevantkeywords or phrases, e.g.marsupial OR kangaroo OR koglaeturns
documents that have these words in them. Since a documéntheitvordmarsupials
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STEMMING

might not match the keywortharsupial some IR systems first run a stemmer on the
query and document words. Morphological information in ERthus only used to
determine that two words have the same stem; the suffixeb@mer away.

One of the most widely used sustemmingalgorithms is the simple and efficient
Porter (1980) algorithm, which is based on a series of siropteaded rewrite rules.
Since cascaded rewrite rules are just the sort of thing thatide easily implemented
as an FST, we think of the Porter algorithm as a lexicon-fi8€ Btemmer (this idea
will be developed further in the exercises (Exercise 3.6 &lgorithm contains rules
like these:

ATIONAL — ATE (e.g., relational- relate)
ING — ¢ if stem contains vowel (e.g., motorirg motor)

See Porter (1980) or Martin Porter’s official homepage ferRliorter stemmer for more
details.

Krovetz (1993) showed that stemming tends to somewhat ivette performance
of information retrieval, especially with smaller docuntge(the larger the document,
the higher the chance the keyword will occur in the exact foisad in the query).
Nonetheless, not all IR engines use stemming, partly becafustemmer errors such
as these noted by Krovetz:

Errors of Commission Errors of Omission
organization organ European Europe
doing doe analysis analyzes
generalization generic matrices matrix
numerical numerous noise noisy
policy police sparse sparsity

3.9 WORD AND SENTENCE TOKENIZATION

TOKENIZATION

We have focused so far in this chapter on a problem of segti@mtahow words
can be segmented into morphemes. We turn now to a brief discusf the very
related problem of segmenting running text into words antdesees. This task is
calledtokenization.

Word tokenization may seem very simple in a language likeliEmghat separates
words via a special ‘space’ character. As we will see belaw,avery language does
this (Chinese, Japanese, and Thai, for example, do not).aRilbser examination
will make it clear that whitespace is not sufficient by itse@onsider the following
sentences from a Wall Street Journal and New York Timesl@rtiespectively:

Mr. Sherwood said reaction to Sea Containers’ proposal
has been "very positive." In New York Stock Exchange
composite trading yesterday, Sea Containers closed at
$62.625, up 62.5 cents.
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SENTENCE
SEGMENTATION

“l said, ‘what're you? Crazy?" " said Sadowsky. “I
can't afford to do that.”

Segmenting purely on white-space would produce words likee:
cents. said, positive." Crazy?

We could address these errors by treating punctuation,diiiad to whitespace, as a
word boundary. But punctuation often occurs word integn@il examples likem.p.h,
Ph.D, AT&T, cap’n, 01/02/06 andgoogle.comSimilarly, assuming that we wa6P.5

to be a word, we'll need to avoid segmenting every periodiesthat will segment this
into 62 and 5. Number expressions introduce other commicsias well; while com-
mas normally appear at word boundaries, commas are uselé imsimbers in English,
every three digits555,500.50 Languages differ on punctuation styles for numbers;
many continental European languages like Spanish, FramchGerman, by contrast,
uses a comma to mark the decimal point, and spaces (or soesefieriods) where
English puts comma&55 500,50

Another useful task a tokenizer can do for us is to expanit ddntractions that
are marked by apostrophes, for example convertihgt're above to the two tokens
what are andwe’re to we are This task is complicated by the fact that apostrophes
are quite ambiguous, since they are also used as genitikersdas irthe book’s over
or in Containers’above) or as quotative markers (asviat're you? Crazy?'above).
Such contractions occur in other alphabetic languagelsidimg articles and pronouns
in French ['ai, I'hommé. While these contractions tend to be clitics, not all ctitare
marked this way with contraction. In general, then, segingrand expanding clitics
can be done as part of the process of morphological parsiegepted earlier in the
chapter.

Depending on the application, tokenization algorithms rabsp tokenize multi-
word expressions likBlew Yorkor rock 'n’ roll , which requires a multiword expression
dictionary of some sort. This makes tokenization intimatetd up with the task of
detecting names, dates, and organizations, which is cadeted entity detectioand
will be discussed in Ch. 22.

In addition to word segmentatioeentence segmentatiois a crucial first step in
text processing. Segmenting a text into sentences is dgneamed on punctuation.
This is because certain kinds of punctuation (periods, tipresnarks, exclamation
points) tend to mark sentence boundaries. Question matkexatamation points are
relatively unambiguous markers of sentence boundariemdgon the other hand, are
more ambiguous. The period character ‘.’ is ambiguous betveesentence boundary
marker and a marker of abbreviations like or Inc. The previous sentence that you
just read showed an even more complex case of this ambigwiyich the final period
of Inc. marked both an abbreviation and the sentence boundary matdkehis reason,
sentence tokenization and word tokenization tend to beesddd jointly.

In general, sentence tokenization methods work by buildinginary classifier
(based on a sequence of rules, or on machine learning) wieicides if a period is
part of the word or is a sentence boundary marker. In makiisgdigcision, it helps to
know if the period is attached to a commonly used abbrewiatitus an abbreviation
dictionary is useful.
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State-of-the-art methods for sentence tokenization asecan machine learning
and will be introduced in later chapters. But a useful firgpstan still be taken via a
sequence of regular expressions. We introduce here thedirsta word tokenization
algorithm. Fig. 3.22 gives a simple Perl word tokenizatitgoathm based on Grefen-
stette (1999). The algorithm is quite minimal, designedniyaio clarify many of the
segmentation issues we discussed in previous paragraphs.

The algorithm consists of a sequence of regular expressiostitution rules. The
first rule separates unambiguous punctuation like questimks and parentheses. The
next rule segments commas unless they are inside numbergheWedisambiguate
apostrophes and pull off word-final clitics. Finally, we tedh periods, using a (toy)
abbreviation dictionary and some heuristics for deteabithgr abbreviations.

#/usr/bin/perl

$letternumber = "[A-Za-z0-9]";

$notletter = "[*A-Za-z0-9]";

$alwayssep = "[W2IO\A\T

$clitic = "([:]-'SI'DI'M['LLRE'VE|N'T|'s|'d|'m[ l'ref'velnt)";

$abbr{"Co."} = 1; $abbr{"Dr."} = 1; $abbr{"Jan."} = 1; $abbr {"Feb."} = 1;
while ($line = <>){ # read the next line from standard input

# put whitespace around unambiguous separators
$line =" s/$alwayssep/ $& /g;

# put whitespace around commas that aren’t inside numbers
$line =" s/(["0-9]),/$1 , /g;

$line =" s/,([(0-9]))/ , $1/g;

# distinguish singlequotes from apostrophes by

# segmenting off single quotes not preceded by letter
$line =" s/"/$& /g;

$line =" s/($notletter)/$1 '/g;

# segment off unambiguous word-final clitics and punctuati on
$line =" s/$clitics/ $&/g;
$line =" s/$clitic($notletter)/ $1 $2/g;

# now deal with periods. For each possible word
@possiblewords=split(\s+/,$line);
foreach $word (@possiblewords) {
# if it ends in a period,
if (word =" /$letternumber\./)
&& !($abbr{$word}) # and isn't on the abbreviation list
# and isn't a sequence of letters and periods (U.S.)
# and doesn't resemble an abbreviation (no vowels: Inc.)
&& !($word ="
I"([A-Za-z)\.([A-Za-z]\.)+|[A-Z][bcdfghj-nptvxz] +\. )$/) {
# then segment off the period
$word = s\.$/ \./;

# expand clitics
$word ="s/'ve/havel/;
$word ="s/'m/am/;
print $word," *;

}
print "\n";

Figure 3.22 A sample English tokenization script, adapted from Gretfettes (1999)
and Palmer (2000). A real script would have a longer abbtievialictionary.
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MAXIMUM MATCHING

The fact that a simple tokenizer can be build with such simedgilar expression
patterns suggest that tokenizers like the one in Fig. 3.8deeaeasily implemented in
FSTs. Thisis indeed the case, and (Karttunen et al., 19¢6)Beesley and Karttunen,
2003) give descriptions of such FST-based tokenizers.

3.9.1 Segmentation in Chinese

We mentioned above that some languages, including Chidapanese, and Thai, do
not use spaces to mark potential word-boundaries. Altsaegmentation methods
are used for these languages.

In Chinese, for example, words are composed of charactensrkashanzi Each
character generally represents a single morpheme and i®ymoeable as a single
syllable. Words on average are about 2.4 characters longn@lesalgorithm that does
remarkably well for segmenting Chinese, and is often usedaseline comparison for
more advanced methods, is a version of greedy search eafiginum matching or
sometimesnaxmatch. The algorithm requires a dictionary (wordlist) of the laiage.

The maximum matching algorithm starts by pointing at theifrgigg of a string. It
chooses the longest word in the dictionary that matcheshe at the current position.
The pointer is then advanced past each character in that Werd word matches, the
pointer is instead advanced one character (creating a lvar@ater word). The algo-
rithm is then iteratively applied again starting from thevrgointer position. To help
visualize this algorithm, Palmer (2000) gives an Englishlagy, which approximates
the Chinese situation by removing the spaces from the Hngistencéhe table down
thereto producehetabledownthereThe maximum match algorithm (given a long En-
glish dictionary) would first match the wottetain the input, since that is the longest
sequence of letters that matches a dictionary word. Sggafitinm the end otheta the
longest matching dictionary word iHed, followed byownand therthereg producing
the incorrect sequendketa bled own there

The algorithm seems to work better in Chinese (with suchtshords) than in
languages like English with long words, as our failed exansplows. Even in Chinese,
however, maxmatch has a number of weakness, particulatly wmknown words
(words not in the dictionary) ounknown genres(genres which differ a lot from the
assumptions made by the dictionary builder).

There is an annual competition (technically calldsbkeoff) for Chinese segmen-
tation algorithms. These most successful modern algostfun Chinese word seg-
mentation are based on machine learning from hand-segthiaieing sets. We will
return to these algorithms after we introduce probabilistethods in Ch. 5.
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3.10 DETECTING AND CORRECTINGSPELLING ERRORS

OCR

REAL-WORD
ERRORS

ALGERNON: But my own sweet Cecily, | have never written you any letters

CEcCILY: You need hardly remind me of that, Ernest. | remember ordywtell

that | was forced to write your letters for you. | wrote alwakigee times a week,

and sometimes oftener.

ALGERNON: Oh, do let me read them, Cecily?

CEecILY: Oh, | couldn’t possibly. They would make you far too corekitThe

three you wrote me after | had broken off the engagement ateaatiful, and

so badly spelled, that even now | can hardly read them withotibg a little.
Oscar Wilde,The Importance of being Earnest

Like Oscar Wilde's fabulous Cecily, a lot of people were #ing about spelling during
the last turn of the century. Gilbert and Sullivan providewaxamplesThe Gondo-
liers’ Giuseppe, for example, worries that his private secratitshaky in his spelling”
while lolanthés Phyllis can “spell every word that she uses”. Thorsteiblga’s ex-
planation (in his 1899 classithe Theory of the Leisure Clgssas that a main purpose
of the “archaic, cumbrous, and ineffective” English spajlisystem was to be diffi-
cult enough to provide a test of membership in the leisurescl&Vhatever the social
role of spelling, we can certainly agree that many more ofradike Cecily than like
Phyllis. Estimates for the frequency of spelling errors imrfan typed text vary from
0.05% of the words in carefully edited newswire text to 38%lifficult applications
like telephone directory lookup (Kukich, 1992).

In this section we introduce the problem of detecting andemting spelling errors.
Since the standard algorithm for spelling error correcisoprobabilistic, we will con-
tinue our spell-checking discussion later in Ch. 5 after efne the probabilistic noisy
channel model.

The detection and correction of spelling errors is an irgegart of modern word-
processors and search engines, and is also important iactiog errors inoptical
character recognition (OCR), the automatic recognition of machine or hand-printed
characters, andn-line handwriting recognition, the recognition of human printed or
cursive handwriting as the user is writing.

Following Kukich (1992), we can distinguish three increagy broader problems:

1. non-word error detection: detecting spelling errors that result in non-words
(like graffefor giraffe).

2. isolated-word error correction: correcting spelling errors that result in non-
words, for example correctingraffe to giraffe, but looking only at the word in
isolation.

3. context-dependent error detection and correction:using the context to help
detect and correct spelling errors even if they accidgntault in an actual
word of English (eal-word errors). This can happen from typographical er-
rors (insertion, deletion, transposition) which accidéigtproduce a real word
(e.g.,therefor three), or because the writer substituted the wrong spelling of a
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homophone or near-homophone (edgsserfor desert or piecefor peacs.

Detecting non-word errors is generally done by marking aagdvthat is not found
in a dictionary. For example, the misspelligeaffe above would not occur in a dictio-
nary. Some early research (Peterson, 1986) had suggeatesitih spelling dictionar-
ies would need to be kept small, because large dictionavigsin very rare words that
resemble misspellings of other words. For example the rarelswontor veeryare
also common misspelling afion’t andvery. In practice, Damerau and Mays (1989)
found that while some misspellings were hidden by real wamds larger dictionary,
the larger dictionary proved more help than harm by avoidiragking rare words as
errors. This is especially true with probabilistic speskection algorithms that can
use word frequency as a factor. Thus modern spell-checkistg s tend to be based
on large dictionaries.

The finite-state morphological parsers described througthis chapter provide a
technology for implementing such large dictionaries. Byirgg a morphological parser
for a word, an FST parser is inherently a word recognizeredéua an FST morpho-
logical parser can be turned into an even more efficient FSAlwecognizer by using
theprojection operation to extract the lower-side language graph. SudhdiSionar-
ies also have the advantage of representing productivelrology like the Englishs
and-edinflections. This is important for dealing with new legititracombinations of
stems and inflection . For example, a new stem can be easigdaddhe dictionary,
and then all the inflected forms are easily recognized. Tlaken FST dictionaries es-
pecially powerful for spell-checking in morphologicaligih languages where a single
stem can have tens or hundreds of possible surface forms.

FST dictionaries can thus help with non-word error detecti®But how about error
correction? Algorithms for isolated-word error correctioperate by finding words
which are the likely source of the errorful form. For exampulerrecting the spelling
errorgrafferequires searching through all possible words gk@ffe, graf, craft, grail,
etc, to pick the most likely source. To choose among thesentiat sources we need a
distance metricbetween the source and the surface error. Intuitigghgffe is a more
likely source thargrail for graffe, becauseyiraffe is closer in spelling tgraffe than
grail is to graffe. The most powerful way to capture this similarity intuitiogquires
the use of probability theory and will be discussed in Ch. He algorithm underlying
this solution, however, is the non-probabilisticnimum edit distance algorithm that
we introduce in the next section.

3.11 MINIMUM EDIT DISTANCE

Deciding which of two words is closer to some third word inléipg is a special case of
oistance  the general problem aftring distance The distance between two strings is a measure
of how alike two strings are to each other.

5 Early spelling error detectors for English, by contrasfdy allowed any word to have any suffix — thus
Unix sPELLaccepts bizarre prefixed words likeisclamandantiundogginglyand suffixed words based on
thelike thehoodandtheness
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Many important algorithms for finding string distance rety some version of the
MINMMEDT — minimum edit distance algorithm, named by Wagner and Fischer (1974) but indepen-
dently discovered by many people; see the History sectiofiof6 for a discussion
of the history of these algorithms. The minimum edit disebetween two strings is
the minimum number of editing operations (insertion, defetsubstitution) needed to
transform one string into another. For example the gap leriviee wordsntention
ALGNMENT  andexecutionis five operations, shown in Fig. 3.23 asaignment between the two
strings. Given two sequences,aignmentis a correspondance between substrings of
the two sequences. Thus | aligns with the empty string, N ®ijth with X, and so on.
Beneath the aligned strings is another representatiomiess# symbols expressing an
operation list for converting the top string into the bottom string; d fotet®n, s for
substitution, i for insertion.

| NTION
|

NTE =
NN
*EXECUTION
dss is

Figure 3.23 Representing the minimum edit distance between two stasgaalign-
ment. The final row gives the operation list for converting the stpng into the bottom
string; d for deletion, s for substitution, i for insertion.

We can also assign a particular cost or weight to each of tbhpseations. The
Levenshteindistance between two sequences is the simplest weightitay fa which
each of the three operations has a cost of 1 (Levenshtei) £9us the Levenshtein
distance betweeimtentionandexecutions 5. Levenshtein also proposed an alternate
version of his metric in which each insertion or deletion hasst of one, and substitu-
tions are not allowed (equivalent to allowing substitutiout giving each substitution a
cost of 2, since any substitution can be represented by seetion and one deletion).
Using this version, the Levenshtein distance betwagantionandexecutioris 8.

e CHIAMIC The minimum edit distance is computed Bynamic programming. Dynamic
programming is the name for a class of algorithms, first ohiieed by Bellman (1957),
that apply a table-driven method to solve problems by comgisolutions to subprob-
lems. This class of algorithms includes the most commosdalgorithms in speech
and language processing; besides minimum edit distaresg thclude th¥/iterbi and
forward algorithms (Ch. 6), and the YK andEarley algorithm (Ch. 13).

The intuition of a dynamic programming problem is that a éapgoblem can be
solved by properly combining the solutions to various sobfgms. For example,
consider the sequence or “path” of transformed words thafpeise the minimum edit
distance between the stringgentionandexecutiorshown in Fig. 3.24.

Imagine some string (perhaps it éxention that is in this optimal path (what-
ever it is). The intuition of dynamic programming is thaeientionis in the optimal

6 We assume that the substitution of a letter for itself, eutpstitutiont for t, has zero cost.
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. intention
delete i

substituten by e _ ntention
substitute t by x _ etention
insertu_.Pexentlcsn

substitute n by ¢ exenution

e xecu ion

Figure 3.24  Operation list transforminmtentionto executionafter Kruskal 1983)

operation-list, then the optimal sequence must also ircthd optimal path fronn-
tentionto exention Why? If there were a shorter path frantentionto exentionthen
we could use it instead, resulting in a shorter overall pattd the optimal sequence
wouldn'’t be optimal, thus leading to a contradiction.

Dynamic programming algorithms for sequence comparisorkwey creating a
distance matrix with one column for each symbol in the tasgefuence and one row
for each symbol in the source sequence (i.e., target alangdttom, source along the
side). For minimum edit distance, this matrix is thait-distancematrix. Each cell
edit-distancéi,j] contains the distance between the firsharacters of the target and
the firstj characters of the source. Each cell can be computed as aediamgtion of
the surrounding cells; thus starting from the beginnindnefratrix it is possible to fill
in every entry. The value in each cell is computed by takimggrttinimum of the three
possible paths through the matrix which arrive there:

distancéi — 1, j] + ins-cosftarget_,)
distancd, j| = min{ distancé — 1, j — 1] + subst-cogsourcg_1,target_,)
distancéi, j — 1] + del-costsourcg_1))

The algorithm itself is summarized in Fig. 3.25, while Fig@ shows the results
of applying the algorithm to the distance betwémentionandexecutiorassuming the
version of Levenshtein distance in which the insertions@gldtions each have a cost
of 1 (ins-cost() = del-cost() = 1), and substitutions have a cost of 2 (except substitutio
of identical letters has zero cost).

Knowing the minimum edit distance is useful for algorithrike Ifinding potential
spelling error corrections. But the edit distance alganiib important in another way;
with a small change, it can also provide the minimum agnment between two
strings. Aligning two strings is useful throughout speent language processing. In
speech recognition, minimum edit distance alignment islusecompute word error
rate in speech recognition (Ch. 9). Alignment plays a rolenachine translation, in
which sentences in a parallel corpus (a corpus with a texténanguages) need to be
matched up to each other.

In order to extend the edit distance algorithm to producdignment, we can start
by visualizing an alignment as a path through the edit destamatrix. Fig. 3.27 shows
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function MIN-EDIT-DISTANCHtarget sourc returns min-distance

n«+— LENGTH(targef
m+«— LENGTH(sourcg
Create a distance matriistance[n+1,m+1]
Initialize the zeroth row and column to be the distance frbmeémpty string
distancg0,0] =0
for each column from 1to ndo
distance[i,0] distancgi-1,0] +ins-cosftarge{i])
for each rowj from 1to mdo
distancel0,j}— distanc40,j-1] + del-cosfsourcgj])
for each column from 1to ndo
for each rowj from 1to mdo
distancel[i, j]<— MIN( distanc¢i—1,j] + ins-cosftarget_1),
distanc¢i—1,j—1] + subst-cogsourcg_1, target_1),
distancéi,j—1] + del-cosfsourcg_1))
return distancgn,m]

Figure 3.25 The minimum edit distance algorithm, an example of the abislynamic
programming algorithms. The various costs can either be figg. Vx, ins-costx) = 1),
or can be specific to the letter (to model the fact that sonterleare more likely to be
inserted than others). We assume that there is no cost fetitiiimg a letter for itself (i.e.
subst-cogix, x) = 0).

n [ 9 8] 9] 10 ] 11| 12| 11 0] 9] 8
o |8 7] 8| 9 10| 11 10 9| 8] 9
i 7] 6| 7| 8| 9] 10 9 8| 9] 10
t [ 6] 5] 6| 7| 8| 9 8 9] 10| 11
n |5 4] 5] 6] 7| 8 9 10| 11| 10
e |4 3 4| 5] 6| 7 8 9] 10| 9
t |3 4] 5| 6] 7| 8 7 8] 9] 8
n 2 3] 4] 5] 6 7 8 7] 8] 7
1 2| 3| 4| 5| 6 7 6| 7] 8
#0 1] 2| 3| 4] 5 6 7] 8] 9

| # e[ x[ e c] wu tf i[] of n

Figure 3.26 Computation of minimum edit distance betwdeatentionand execution
via algorithm of Fig. 3.25, using Levenshtein distance witist of 1 for insertions or
deletions, 2 for substitutions. In italics are the initialwes representing the distance from

the empty string.

this path with the boldfaced cell. Each boldfaced cell repn¢s an alignment of a pair
of letters in the two strings. If two boldfaced cells occuttlre same row, there will
be an insertion in going from the source to the target; twaltagled cells in the same
column indicates a deletion.

Fig. 3.27 also shows the intuition of how to compute thisraligent path. The com-
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BACKTRACE

putation proceeds in two steps. In the first step, we augrhemhtnimum edit distance
algorithm to store backpointers in each cell. The backgoifiom a cell points to the
previous cell (or cells) that were extended from in entetimg current cell. We've
shown a schematic of these backpointers in Fig. 3.27, aften#ar diagram in Gus-
field (1997). Some cells have multiple backpointers, beedlug minimum extension
could have come from multiple previous cells. In the secdaf,ave perform dack-
trace. In a backtrace, we start from the last cell (at the final row aolumn), and
follow the pointers back through the dynamic programmingdrima Each complete
path between the final cell and the initial cell is a minimurstaince alignment. Exer-
cise 3.12 asks you to modify the minimum edit distance atgorito store the pointers
and compute the backtrace to output an alignment.

n| 9 18] 19| /10| /— 11| /—| 12 111 110 19| 8
ol 8 17| /=18 /=19~ 10| 11 110 19 /8| <9
il 7 16| 17| =18 19|10 19 /8 ~9| ~10
t|| 6 15| —16| 7| /18] <19 /8 -9 ~ 10| — 11
nj 5 V4| /15| /16| 1T /18] /19| /110] /11| /110
el 4] 3] —4| -5 —6 7| 18] /19|10 19
t| 3| 14| 15| /16| 17| /18] 7| 18] 19 18
nj| 2| /13| /14| /15 /16| /17| /<18 V7| 18] /7
| 1) 12| /13| /18] /=1B| /16| 1T /6 7| -8
#{ O 1 2 3 4 5 6 7 8 9
# e X e c u t i o] n
Figure 3.27 When entering a value in each cell, we mark which of the 3 rimghg
cells we came from with up to three arrows. After the tableuls\iie compute aralign-
ment (minimum edit path) via &acktrace, starting at theB in the upper right corner
and following the arrows. The sequence of boldfaced dismmepresents one possible
minimum cost alignment between the two strings.

There are various publicly available packages to computedefance, including
UNIX diff , and the NISTsclite  program (NIST, 2005); Minimum edit distance
can also be augmented in various ways. The Viterbi algoritttmexample, is an
extension of minimum edit distance which uses probalilidéfinitions of the oper-
ations. In this case instead of computing the “minimum editashce” between two
strings, we are interested in the “maximum probability miirgent” of one string with
another. The Viterbi algorithm is crucial in probabilistasks like speech recognition
and part-of-speech tagging.

3.12 HUMAN MORPHOLOGICALPROCESSING

In this section we briefly survey psycholinguistic studieshmw multi-morphemic
words are represented in the minds of speakers of Englishex@mple, consider the
word walk and its inflected formsvalks andwalked Are all three in the human lexi-
con? Or merelwalk along with-edand-s? How about the worlappyand its derived
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FULL LISTING

MINIMUM
REDUNDANCY

PRIMED

formshappilyandhappines® We can imagine two ends of a theoretical spectrum of
representations. THell listing hypothesis proposes that all words of a language are
listed in the mental lexicon without any internal morphadtag structure. On this view,
morphological structure is simply an epiphenomenon yaalf, walks walked happy
andhappilyare all separately listed in the lexicon. This hypothesteidainly unten-
able for morphologically complex languages like Turkisheminimum redundancy
hypothesis suggests that only the constituent morphereespresented in the lexicon,
and when processingalks (whether for reading, listening, or talking) we must asces
both morphemessalk and-s) and combine them.

Some of the earliest evidence that the human lexicon repteaeleast some mor-
phological structure comes frospeech errors also calledslips of the tongue In
conversational speech, speakers often mix up the ordeeafidinds or sounds:

if you breakit it'll drop

In slips of the tongue collected by Fromkin and Ratner (138®) Garrett (1975),
inflectional and derivational affixes can appear separéteiy their stems. The ability
of these affixes to be produced separately from their stergesig that the mental
lexicon contains some representation of morphologicatsire.

it's not only us who have screw loos@sr “screws loose”)
wordsof rule formation (for “rules of word formation”)
easy enoughlyfor “easily enough”)

More recent experimental evidence suggests that neitleefuthlisting nor the
minimum redundancy hypotheses may be completely trueeddstit's possible that
some but not all morphological relationships are mentajresented. Stanners et al.
(1979), for example, found that some derived formagpinesshappily) seem to be
stored separately from their stetmappy), but that regularly inflected form@éuring)
are not distinct in the lexicon from their stenpo(r). They did this by using a repe-
tition priming experiment. In short, repetition primind&s advantage of the fact that
a word is recognized faster if it has been seen before (if firisied). They found
thatlifting primedlift, andburnedprimedburn, but for exampleselectivedidn’t prime
select Marslen-Wilson et al. (1994) found thapokerderived words can prime their
stems, but only if the meaning of the derived form is closehated to the stem. For
examplegovernmenprimesgovern butdepartmentioes not prima&epart Marslen-
Wilson et al. (1994) represent a model compatible with tbein findings as follows:

-al -ure -S

department

Figure 3.28 Marslen-Wilson et al. (1994) result: Derived words are ¢idko their
stems only if semantically related.

-ing

In summary, these early results suggest that (at leastuptivé morphology like
inflection does play an online role in the human lexicon. Mareent studies have
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shown effects of non-inflectional morphological structomevord reading time as well,

MORFHOLOGICAL  such as thenorphological family size The morphological family size of a word is the
number of other multimorphemic words and compounds in whighpears; the family
for fear, for example, includetearful, fearfully, fearfulness, fearless, fearlessbarf
lessness, fearsomemdgodfearing(according to the CELEX database), for a total size
of 9. Baayen and colleagues (Baayen et al., 1997; De Jong €08R; Moscoso del
Prado Martin et al., 2004) have shown that words with a lang@rphological family
size are recognized faster. Recent work has further shostmtbrd recognition speed
is effected by the total amount offormation (or entropy) contained by the morpho-
logical paradigm (Moscoso del Prado Martin et al., 2004jrapy will be introduced
in the next chapter.

3.13 SUMMARY

This chapter introducethorphology, the arena of language processing dealing with
the subparts of words, and tfieite-state transducer, the computational device that is
important for morphology but will also play a role in many ethiasks in later chapters.
We also introducedtemming, word and sentence tokenizationandspelling error
detection
Here’s a summary of the main points we covered about thess:ide
e Morphological parsing is the process of finding the constituenorphemesin
aword (e.g.cat +N +PL for catg.
e English mainly useprefixes and suffixesto expressnflectional and deriva-
tional morphology.
e Englishinflectional morphology is relatively simple and includes person and
number agreementd) and tense markings€dand-ing).
e Englishderivational morphology is more complex and includes suffixes like
-ation, -ness-ableas well as prefixes likeo-andre-.
e Many constraints on the Englishorphotactics(allowable morpheme sequences)
can be represented by finite automata.
o Finite-state transducersare an extension of finite-state automata that can gen-
erate output symbols.
e Important operations for FSTs includemposition, projection, andintersec-
tion.
o Finite-state morphology andtwo-level morphologyare applications of finite-
state transducers to morphological representation arsinggar
e Spelling rulescan be implemented as transducers.
e There are automatic transducer-compilers that can proalti@asducer for any
simple rewrite rule.
e The lexicon and spelling rules can be combineadbynposingandintersecting
various transducers.

e ThePorter algorithm is a simple and efficient way to dgiemming, stripping
off affixes. It is not as accurate as a transducer model tlthides a lexicon,
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but may be preferable for applications likdormation retrieval in which exact
morphological structure is not needed.

e Word tokenization can be done by simple regular expressions substitutions or
by transducers.

e Spelling error detectionis normally done by finding words which are not in a
dictionary; an FST dictionary can be useful for this.

e The minimum edit distance between two strings is the minimum number of
operations it takes to edit one into the other. Minimum edtathce can be
computed bydynamic programming, which also results in aalignment of the
two strings.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

Despite the close mathematical similarity of finite-stamsducers to finite-state au-
tomata, the two models grew out of somewhat different tiaigt Ch. 2 described how
the finite automaton grew out of Turing’s (1936) model of aitjonic computation,
and McCulloch and Pitts finite-state-like models of the waurThe influence of the
Turing machine on the transducer was somewhat more indiredtman (1954) pro-
posed what was essentially a state-transition table to htbeédehavior of sequential
circuits, based on the work of Shannon (1938) on an algebraitel of relay circuits.
Based on Turing and Shannon’s work, and unaware of Huffmaork, Moore (1956)
introduced the ternfinite automaton for a machine with a finite number of states
with an alphabet of input symbols and an alphabet of outpuob®fs. Mealy (1955)
extended and synthesized the work of Moore and Huffman.

The finite automata in Moore’s original paper, and the extanisy Mealy differed
in an important way. In a Mealy machine, the input/output bgia are associated
with the transitions between states. In a Moore machinejrthet/output symbols
are associated with the state. The two types of transduceeqaivalent; any Moore
machine can be converted into an equivalent Mealy machidevee versa. Further
early work on finite-state transducers, sequential travesdiiand so on, was conducted
by Salomaa (1973), Schutzenberger (1977).

Early algorithms for morphological parsing used eitheftb#om-up or top-down
methods that we will discuss when we turn to parsing in Ch.Ar8early bottom-up
affix-stripping approach as Packard’s (1973) parser for ancient Greek vitacd
tively stripped prefixes and suffixes off the input word, nmakhote of them, and then
looked up the remainder in a lexicon. It returned any root thes compatible with
the stripped-off affixes. AMPLE (A Morphological Parser fdnguistic Exploration)
(Weber and Mann, 1981; Weber et al., 1988; Hankamer and BEg%1) is another
early bottom-up morphological parser. Hankamer’s (19&8)iks a an early top-down
generate-and-tegir analysis-by-synthesimorphological parser for Turkish which is
guided by a finite-state representation of Turkish morpreniEhe program begins
with a morpheme that might match the left edge of the word,apqlies every possi-
ble phonological rule to it, checking each result againstitiput. If one of the outputs
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succeeds, the program then follows the finite-state moguaitios to the next morpheme
and tries to continue matching the input.

The idea of modeling spelling rules as finite-state transdiuis really based on
Johnson’s (1972) early idea that phonological rules (to iseugsed in Ch. 7) have
finite-state properties. Johnson'’s insight unfortunatidlynot attract the attention of
the community, and was independently discovered by Ronafuldt and Martin Kay,
first in an unpublished talk (Kaplan and Kay, 1981) and theallfnin print (Kaplan
and Kay, 1994) (see pad@® for a discussion of multiple independent discoveries).
Kaplan and Kay’s work was followed up and most fully worked by Koskenniemi
(1983), who described finite-state morphological rulesFiomish. Karttunen (1983)
built a program called KIMMO based on Koskenniemi’'s modefmtworth (1990)
gives many details of two-level morphology and its applmatto English. Besides
Koskenniemi’'s work on Finnish and that of Antworth (1990)Bmglish, two-level or
other finite-state models of morphology have been workedf@muimany languages,
such as Turkish (Oflazer, 1993) and Arabic (Beesley, 1996rtdB et al. (1987)
bring up some computational complexity problems with teeel models, which are
responded to by Koskenniemi and Church (1988). Readersfuither interest in
finite-state morphology should turn to Beesley and Karttu(2003). Readers with
further interest in computational models of Arabic and Semiorphology should see
Smrz (1998), Kiraz (2001), Habash et al. (2005).

A number of practical implementations of sentence segnienteere available by
the 1990s. Summaries of sentence segmentation historyaaiwadis algorithms can be
found in Palmer (2000), Grefenstette (1999), and Mikhe©08). Word segmentation
has been studied especially in Japanese and Chinese. Whitestx-match algorithm
we describe is very commonly used as a baseline, or when desbopaccurate al-
gorithm is required, more recent algorithms rely on stottbasd machine learning
algorithms; see for example such algorithms as Sproat €1996), Xue and Shen
(2003), and Tseng et al. (2005).

Gusfield (1997) is an excellent book covering everything gould want to know
about string distance, minimum edit distance, and relatedsa

Students interested in further details of the fundamenghematics of automata
theory should see Hopcroft and Ullman (1979) or Lewis andaBampitriou (1988).
Roche and Schabes (1997) is the definitive mathematicaldattion to finite-state
transducers for language applications, and together withriM1997) and Mohri (2000)
give many useful algorithms such as those for transducemrigation and deter-
minization.

The CELEX dictionary is an extremely useful database forphotogical analysis,
containing full morphological parses of a large lexicon afjiish, German, and Dutch
(Baayen et al., 1995).

Roark and Sproat (2007) is a general introduction to contjautal issues in mor-
phology and syntax. Sproat (1993) is an older general intton to computational
morphology.
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EXERCISES

3.1 Give examples of each of the noun and verb classes in FigaBdbfind some
exceptions to the rules.

3.2 Extend the transducer in Fig. 3.17 to deal wsthandch.
3.3 Write a transducer(s) for the K insertion spelling rule irgksh.
3.4 Write a transducer(s) for the consonant doubling spellirtg in English.

3.5 The Soundex algorithm (Odell and Russell, 1922; Knuth, 1878 method com-
monly used in libraries and older Census records for reptegepeople’s names. It
has the advantage that versions of the names that are gligistspelled or otherwise
modified (common, for example, in hand-written census @gowill still have the
same representation as correctly-spelled names. (eratsky Jarofsky, Jarovsky, and
Jarovski all map to J612).

a. Keep the first letter of the name, and drop all occurrencespfinitial a, e, h, i,
01 uy Wy y
b. Replace the remaining letters with the following numbers:

b,fp,v—1

¢ 0jkaq,s, x,z>2
dt—3

| —4

m,n—>5

r—6

c. Replace any sequences of identical numbers , only if theyel&om two or
more letters that weradjacentin the original name, with a single number (i.e.,
666— 6).

d. Convertto the fornietter Digit Digit Digit by dropping digits past
the third (if necessary) or padding with trailing zeros @cessary).

The exercise: write a FST to implement the Soundex algorithm
3.6 Implement one of the steps of the Porter Stemmer as a tramsduc

3.7 Write the algorithm for parsing a finite-state transducsing the pseudo-code in-
troduced in Chapter 2. You should do this by modifying the&thmND-RECOGNIZE
in Fig. ??in Chapter 2.

3.8 Write a program that takes a word and, using an on-line diatig computes
possible anagrams of the word, each of which is a legal word.
3.9 InFig. 3.17, why is there a, s, xarc fromgs to q;?

3.10 Computing minimum edit distances by hand, figure out whedniee is closer
to brief or todivers and what the edit distance is. You may use any versiatisthnce
that you like.
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3.11 Now implementa minimum edit distance algorithm and use yamd-computed
results to check your code.

3.12 Augment the minimum edit distance algorithm to output agratient; you will
need to store pointers and add a stage to compute the baxktrac
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N-GRAMS

But it must be recognized that the notion “probability of anse
tence” is an entirely useless one, under any known integpiet
of this term.

Noam Chomsky (1969, p. 57)

Anytime a linguist leaves the group the recognition ratesgae.
Fred Jelinek (then of the IBM speech group) (1988)

Being able to predict the future is not always a good thingssaadra of Troy had
the gift of fore-seeing, but was cursed by Apollo that hedmons would never be
believed. Her warnings of the destruction of Troy were iguband to simplify, let’s
just say that things just didn’t go well for her later.

Predicting words seems somewhat less fraught, and in thjstenhwe take up this
idea of word prediction. What word, for example, is likelyfedlow:

Please turn your homework ...

Hopefully most of you concluded that a very likely worditis or possiblyover,
WORD PREDICTION but probably nothe We formalize this idea o#vord prediction with probabilistic
IN-GRAM MODELS models calledN-gram models which predict the next word from the previobis— 1
LANGUAGEMODELs  words. Such statistical models of word sequences are allgnl tanguage modelor
LMS LMs. Computing the probability of the next word will turn out te lelosely related
to computing the probability of a sequence of words. Theofeihg sequence, for
example, has a non-zero probability of appearing in a text:

...all of a sudden I notice three guys standing on the sidewal

while this same set of words in a different order has a verygosbability:

on guys all | of notice sidewalk three a sudden standing the

1 This wording from his address is as recalled by Jelinek hifimthe quote didn’t appear in the proceed-
ings (Palmer and Finin, 1990). Some remember a more snappioneEvery time | fire a linguist the
performance of the recognizer improves
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AUGMENTATIVE
COMMUNICATION

As we will see, estimators likdl-grams that assign a conditional probability to
possible next words can be used to assign a joint probaltdign entire sentence.
Whether estimating probabilities of next words or of whodgjgences, thél-gram
model is one of the most important tools in speech and largpearessing.

N-grams are essential in any task in which we have to identifyd® in noisy,
ambiguous input. Ispeech recognitionfor example, the input speech sounds are very
confusable and many words sound extremely similar. RuaséllNorvig (2002) give
an intuition fromhandwriting recognition for how probabilities of word sequences
can help. In the movigake the Money and RuWoody Allen tries to rob a bank with
a sloppily written hold-up note that the teller incorreathads as “I have a gub”. Any
speech and language processing system could avoid maksngigtake by using the
knowledge that the sequence “I have a gun” is far more prehihlain the non-word “|
have a gub” or even “l have a gull”.

N-gram models are also essential in statistioakchine translation. Suppose we
are translating a Chinese source sentefft 1 ic # /48 17 iz Wi E2 N and as
part of the process we have a set of potential rough Engbststations:

he briefed to reporters on the chief contents of the statemen
he briefed reporters on the chief contents of the statement
he briefed to reporters on the main contents of the statement
he briefed reporters on the main contents of the statement

An N-gram grammar might tell us that, even after controllingléargth, briefed
reportersis more likely tharbriefed to reportersandmain contentss more likely than
chief contents This lets us select the bold-faced sentence above as thteflonerst
translation sentence, i.e. the one that has the highesabpiti.

In spelling correction, we need to find and correct spelling errors like the follayvin
(from Kukich (1992)) that accidentally result in real Erggliwords:

They are leaving in about fifteaninuetsto go to her house.
The desigran construction of the system will take more than a year.

Since these errors have real words, we can't find them by jaggiihg words that
are not in the dictionary. But note thiatabout fifteen minuets a much less probable
sequence thaim about fifteen minutesA spellchecker can use a probability estimator
both to detect these errors and to suggest higher-protyadmlirections.

Word prediction is also important faugmentative communication(Newell et al.,
1998) systems that help the disabled. People who are urabisct speech or sign-
language to communicate, like the physicist Steven Hawkoagn communicate by
using simple body movements to select words from a menu tieaspoken by the
system. Word prediction can be used to suggest likely wardghe menu.

Besides these sample arellsgrams are also crucial in NLP tasks lipart-of-
speech tagging natural language generation andword similarity , as well as in
applications fromauthorship identification and sentiment extractionto predictive
text input systems for cell phones.
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Counting Words in Corpora 3

4.1 COUNTING WORDS INCORPORA

CORPUS
CORPORA

UTTERANCE

DISFLUENCIES
FRAGMENT
FILLERS
FILLED PAUSES

[upon being asked if there weren’t enough words in the Ehdéinguage for him]:
“Yes, there are enough, but they aren’t the right ones”
James Joyce, reported in Bates (1997)

Probabilities are based on counting things. Before we tatuaprobabilities, we
need to decide what we are going to count. Counting of thingstural language is
based on &orpus (plural corpora), an on-line collection of text or speech. Let’s look
at two popular corpora, Brown and Switchboard. The Browmpuasiis a 1 million word
collection of samples from 500 written texts from differgeinres (newspaper, novels,
non-fiction, academic, etc.), assembled at Brown Univeisitl963-64 (Kucera and
Francis, 1967; Francis, 1979; Francis and Kucera, 1988} fany words are in the
following Brown sentence?

(4.1) He stepped out into the hall, was delighted to encawanteater brother.

Example (4.1) has 13 words if we don’t count punctuation rea% words, 15 if
we count punctuation. Whether we treat period)(‘comma (*,"), and so on as words
depends on the task. Punctuation is critical for finding luauwies of things (com-
mas, periods, colons), and for identifying some aspectseznimg (question marks,
exclamation marks, quotation marks). For some tasks, liteqf-speech tagging or
parsing or speech synthesis, we sometimes treat punciuatioks as if they were
separate words.

The Switchboard corpus of telephone conversations betwgangers was col-
lected in the early 1990s and contains 2430 conversaticgraging 6 minutes each,
totaling 240 hours of speech and about 3 million words (Gaydét al., 1992). Such
corpora of spoken language don’t have punctuation, but tlodace other complica-
tions with regard to defining words. Let’s look at one utte@from Switchboard; an
utteranceis the spoken correlate of a sentence:

(4.2) 1do uh main- mainly business data processing

This utterance has two kinds dfsfluencies The broken-off wordnain-is called
a fragment. Words likeuh andum are calledfillers or filled pauses Should we
consider these to be words? Again, it depends on the applicdt we are building an
automatic dictation system based on automatic speechmiimrg we might want to
eventually strip out the disfluencies.

But we also sometimes keep disfluencies around. How disfligrdrson is can
be used to identify them, or to detect whether they are sicessconfused. Disfluen-
cies also often occur with particular syntactic structusssthey may help in parsing
and word prediction. Stolcke and Shriberg (1996) found f@meple that treatingh
as a word improves next-word prediction (why might this be®)d so most speech
recognition systems treah andumas words’

Are capitalized tokens lik€heyand uncapitalized tokens likbeythe same word?
These are lumped together in speech recognition, whiledidrqf-speech-tagging cap-

2 Clark and Fox Tree (2002) showed thétandumhave different meanings. What do you think they are?
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WORDFORM

TYPES
TOKENS

italization is retained as a separate feature. For the feéktsochapter we will assume
our models are not case-sensitive.

How about inflected forms likeatsversuscat? These two words have the same
lemma cat but are different wordforms. Recall from Ch. 3 that a lemma et of
lexical forms having the same stem, the same major pampeéch, and the same
word-sense. Thevordform is the full inflected or derived form of the word. For
morphologically complex languages like Arabic we oftendhée deal with lemmati-
zation. N-grams for speech recognition in English, however, andnalexamples in
this chapter, are based on wordforms.

As we can sed\-gram models, and counting words in general, requires teatav
the kind of tokenization or text normalization that we irtozed in the previous chap-
ter: separating out punctuation, dealing with abbrevietitke m.p.h, normalizing
spelling, and so on.

How many words are there in English? To answer this questiemeed to dis-
tinguishtypes the number of distinct words in a corpus or vocabulary $izérom
tokens, the total numbeN of running words. The following Brown sentence has 16
tokens and 14 types (not counting punctuation):

(4.3) They picnicked by the pool, then lay back on the grass andekbal the stars.

The Switchboard corpus has about 20,000 wordform typesn(&bout 3 million
wordform tokens) Shakespeare’s complete works have 23@86form types (from
884,647 wordform tokens) (Kucera, 1992) The Brown corpas 61,805 wordform
types from 37,851 lemma types (from 1 million wordform tokgn Looking at a
very large corpus of 583 million wordform tokens, Brown et @992a) found that
it included 293,181 different wordform types. Dictionaiean help in giving lemma
counts; dictionary entries, droldface formsare a very rough upper bound on the
number of lemmas (since some lemmas have multiple boldtaces). The American
Heritage Dictionary lists 200,000 boldface forms. It sedikesthe larger corpora we
look at, the more word types we find. In general (Gale and Ghur@90) suggest that
the vocabulary size (the number of types) grows with at ld@stsquare root of the
number of tokens (i.e/ > O(v/N).

In the rest of this chapter we will continue to distinguishvioeen types and tokens,
using “types” to mean wordform types.

4.2 SMPLE (UNSMOOTHED) N-GRAMS

(4.4)

Let’s start with some intuitive motivations fdi-grams. We assume that the reader has
acquired some very basic background in probability the@uyr. goal is to compute the
probability of a wordw given some history, or P(w|h). Suppose the histotyis “its
water is so transparent thaaind we want to know the probability that the next word is
the

P(thelits water is so transparent that

How can we compute this probability? One way is to estimdtetit relative frequency
counts. For example, we could take a very large corpus, dbentumber of times we
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seethe water is so transparent thand count the number of times this is followed by
the This would be answering the question “Out of the times we thasistoryh, how
many times was it followed by the wosd’, as follows:

P(thelits water is so transparent that
C(its water is so transparent that the
C(its water is so transparent that

(4.5)

With a large enough corpus, such as the web, we can compuge tloeints, and
estimate the probability from Equation (4.5). You shouldsmnow, go to the web and
compute this estimate for yourself.

While this method of estimating probabilities directly finccounts works fine in
many cases, it turns out that even the web isn't big enouglvious good estimates
in most cases. This is because language is creative; neensestare created all the
time, and we won't always be able to count entire sentencesn EBimple extensions
of the example sentence may have counts of zero on the welb ésu?valden Pond’s
water is so transparent that the

Similarly, if we wanted to know the joint probability of antme sequence of words
like its water is so transparentve could do it by asking “out of all possible sequences
of 5 words, how many of them aiies water is so transparefit We would have to
get the count ofts water is so transparenand divide by the sum of the counts of all
possible 5 word sequences. That seems rather a lot to estimat

For this reason, we’ll need to introduce cleverer ways dfresting the probability
of a wordw given a historyh, or the probability of an entire word sequentfe Let's
start with a little formalizing of notation. In order to reggent the probability of a
particular random variabl¥; taking on the value “the”, oP(X; = “the”), we will use
the simplificationP(the). We'll represent a sequence Nfwords either asvy ... Wy
orwj. For the joint probability of each word in a sequence havinmsicular value
PX=wy,Y =wp,Z=ws,....) we'll use P(wy, Wy, ..., Wp).

Now how can we compute probabilities of entire sequenceHik, wa, ..., w,)?
One thing we can do is to decompose this probability usingttaén rule of proba-
bility :

(X2|X1) (Xsle)...P(xn|x1rH

P(X1...%n) P(X1
ﬁ P(XXK

(4.6)

Applying the chain rule to words, we get:

P(WY) = P(wi)P(wa|w1)P(wslwj) ... P(wn|w] )

I_l Wk|V\)( 1

4.7)

The chain rule shows the link between computing the joinbphility of a sequence
and computing the conditional probability of a word giveewous words. Equation
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BIGRAM

(4.8)

(4.9)

(4.10)

MARKOV

N-GRAM

(4.11)

(4.12)

MAXIMUM
LIKELIHOOD
ESTIMATION

MLE

NORMALIZING

(4.7) suggests that we could estimate the joint probabdfftan entire sequence of
words by multiplying together a number of conditional prbitides. But using the
chain rule doesn't really seem to help us! We don’t know any weacompute the
exact probability of a word given a long sequence of precgamnrds,P(wnh/\/‘l*l).
As we said above, we can't just estimate by counting the nummilbtmes every word
occurs following every long string, because language istore and any particular
context might have never occurred before!

The intuition of theN-gram model is that instead of computing the probability of
a word given its entire history, we wilipproximate the history by just the last few
words.

The bigram model, for example, approximates the probability of a worcigy
all the previous wordP(wn|va1) by using only the conditional probability of the
preceding wordP(wn|wnh_1). In other words, instead of computing the probability

P(thegWalden Pond’s water is so transparent that
we approximate it with the probability

P(thdthat)

When we use a bigram model to predict the conditional prditabf the next word
we are thus making the following approximation:

P(Wn |\Nn:|_71) ~ P(Wn |anl)

This assumption that the probability of a word depends onlyhe previous word
is called aMarkov assumption. Markov models are the class of probabilistideto
that assume that we can predict the probability of some éutnit without looking too
far into the past. We can generalize the bigram (which loglesword into the past) to
the trigram (which looks two words into the past) and thuseN-gram (which looks
N — 1 words into the past).

Thus the general equation for thiNsgram approximation to the conditional proba-
bility of the next word in a sequence is:

P(Wn|wj ) ~ P(Wn|W2:h+1)

Given the bigram assumption for the probability of an indial word, we can
compute the probability of a complete word sequence by gubsy Equation (4.10)
into Equation (4.7):

n
P(wi) ~ [ P(wi|Wi-1)
k=1
How do we estimate these bigramMgram probabilities? The simplest and most
intuitive way to estimate probabilities is calléthximum Likelihood Estimation, or
MLE . We get the MLE estimate for the parameters ofNugram model by taking
counts from a corpus, ambrmalizing them so they lie between 0 and? 1.
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For example, to compute a particular bigram probability efaad y given a previ-
ous wordx, we’ll compute the count of the bigra@(xy) and normalize by the sum of
all the bigrams that share the same first ward

C(an:]_Wn)
> wC(Wn-1w)
We can simplify this equation, since the sum of all bigramrdeuhat start with a

given wordw,_1 must be equal to the unigram count for that wagd 1. (The reader
should take a moment to be convinced of this):

(4.13) P(Wn|Wn-1) =

C(Wh—1Wn)
C(anl)

Let's work through an example using a mini-corpus of thregesgces. We'll first
need to augment each sentence with a special syribol at the beginning of the
sentence, to give us the bigram context of the first word. Méslo need a special
end-symbok/ s>.4

(414) P(Wn|Wn71) =

<s> | am Sam </ s>
<s> Sam | am </s>
<s> | do not |ike green eggs and ham </ s>

Here are the calculations for some of the bigram probadisliiom this corpus
P(I| <s>) =2 =67 P(Sam <s>):%: 33 Plan1)=%=.67
P(</s> Sam=3=05 P(Sanjam=3=.5 P(do|1)=%=.33

For the general case of MLE-gram parameter estimation:

C(WR:iIHW”)
C(WhR+1)
Equation 4.15 (like equation 4.14) estimatesithgram probability by dividing the

observed frequency of a particular sequence by the obs&rguency of a prefix. This

FRECUAINE  ratio is called aelative frequency. We said above that this use of relative frequencies
as a way to estimate probabilities is an example of Maximukelifiood Estimation or
MLE. In Maximum Likelihood Estimation, the resulting paratar set maximizes the
likelihood of the training s€t given the modeM (i.e.,P(T|M)). For example, suppose
the word Chineseoccurs 400 times in a corpus of a million words like the Brown
corpus. What is the probability that a random word selectechfsome other text of
say a miIIion words will be the wor€hines® The MLE estimate of its probability
is 1000000or .0004. Now.0004 is not the best possible estimate of the probability of
Chineseoccurring in all situations; it might turn out that in some I@ER corpus or
contextChineseis a very unlikely word. But it is the probability that makesmost

(4.15) P(Wn Wi 3 1) =

n—

3 For probabilistic models, normalizing means dividing byngototal count so that the resulting probabili-
ties fall legally between 0 and 1.

4 As Chen and Goodman (1998) point out, we need the end-symbmbke the bigram grammar a true
probability distribution. Without an end-symbol, the samte probabilities for all sentences of a given length
would sum to one, and the probability of the whole languagelvbe infinite.
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likely that Chinese will occur 400 times in a million-word corpuse Will see ways to
modify the MLE estimates slightly to get better probabikfstimates in Sec. 4.5.

Let's move on to some examples from a slightly larger corfmas tour 14-word
example above. We'll use data from the now-defunct Berk&egtaurant Project,
a dialogue system from the last century that answered qusséibout a database of
restaurants in Berkeley, California (Jurafsky et al., )9%ere are some sample user
queries, lowercased and with no punctuation (a represemtatrpus of 9332 sentences
is on the website):

can you tell me about any good cantonese restaurants close by
mid priced thai food is what i'm looking for

tell me about chez panisse

can you give me a listing of the kinds of food that are avaéabl
i'm looking for a good place to eat breakfast

when is caffe venezia open during the day

Fig. 4.1 shows the bigram counts from a piece of a bigram granfrom the Berke-
ley Restaurant Project. Note that the majority of the vahreszero. In fact, we have
chosen the sample words to cohere with each other; a mateigted from a random
set of seven words would be even more sparse.

| | i | want] to | eat | chinese] food | lunch | spend]|
[ 5 827 0 9 0 0 0 2
want 2 0 608 | 1 6 6 5 1
to 2 0 4 686 | 2 0 6 211
eat 0 0 2 0 16 2 42 0
chinese| 1 0 0 0 0 82 1 0
food 15| 0 15 0 1 4 0 0
lunch 2 0 0 0 0 1 0 0
spend 1 0 1 0 0 0 0 0
Figure 4.1  Bigram counts for eight of the words (out bf= 1446) in the Berkeley
Restaurant Project corpus of 9332 sentences.

Fig. 4.2 shows the bigram probabilities after normaliza{idividing each row by
the following unigram counts):

i want to eat chinese | food lunch spend
2533 927 2417 746 158 1093 341 278

Here are a few other useful probabilities:

P(i | <s>)=0.25 P(engl i sh| want ) =0.0011
P(f ood| engli sh)=05 P(</s>| food)=0.68

Now we can compute the probability of sentenceslikant English foodr | want
Chinese foody simply multiplying the appropriate bigram probabilgitogether, as
follows:
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TRIGRAM

| i | want| to | eat [ chinese| food | lunch | spend |
i 0.002 0.33| 0 0.0036 0 0 0 0.00079

want 0.0022 | O 0.66 0.0011] 0.0065 | 0.0065 0.0054{ 0.0011

to 0.00083 0O 0.0017| 0.28 0.00083 O 0.0025| 0.087
eat 0 0 0.0027, 0 0.021 0.0027, 0.056 | O
chinesg| 0.0063 | 0 0 0 0 0.52 0.0063 0

food 0.014 0 0.014 | 0 0.00092 0.0037, O 0

lunch 0.0059 | O 0 0 0 0.0029 0 0
spend || 0.0036 | O 0.0036 0 0 0 0 0
Figure 4.2  Bigram probabilities for eight words in the Berkeley Restant Project cor-
pus of 9332 sentences.

P(<s> i want english food </s>)
= P(i | <s>)P(want | | )P(engl i sh| want )
P(f ood| engl i sh)P(</ s>| f ood)
= .25%.33%x.0011x 0.5x 0.68
= =.000031

We leave it as an exercise for the reader to compute the pitipab i want chinese
food But that exercise does suggest that we'll want to think abdaut what kinds of
linguistic phenomena are captured in bigrams. Some of iy probabilities above
encode some facts that we think of as strictly syntactic tnnea like the fact that what
comes afteeatis usually a noun or an adjective, or that what comes #ftisrusually a
verb. Others might be more cultural than linguistic, like tbw probability of anyone
asking for advice on finding English food.

Although we will generally show bigram models in this chafdta pedagogical
purposes, note that when there is sufficient training dataareemore likely to use
trigram models, which condition on the previous two words rathenttie previous
word. To compute trigram probabilities at the very begignif sentence, we can use
two pseudo-words for the first trigram (i.€(] | <s><s>).

4.3 TRAINING AND TESTSETS

TRAINING SET
TEST SET

The N-gram model is a good example of the kind of statistical medieat we will
be seeing throughout speech and language processing. dtheiities of arN-gram
model come from the corpus it is trained on. In general, thrarpaters of a statistical
model are trained on some set of data, and then we apply thelstodsome new data
in some task (such as speech recognition) and see how welivibidx. Of course this
new data or task won't be the exact same data we trained on.

We can formalize this idea of training on some data, andrigstn some other
data by talking about these two data sets &raiaing set and atest set(or atraining
corpus and atest corpug. Thus when using a statistical model of language given
some corpus of relevant data, we start by dividing the ddtatimaining and test sets.
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EVALUATE

HELD-OUT

DEVELOPMENT

We train the statistical parameters of the model on theitrgiset, and then use this
trained model to compute probabilities on the test set.

This training-and-testing paradigm can also be usesivauatedifferentN-gram
architectures. Suppose we want to compare different laygggoeodels (such as those
based orN-grams of different ordernl, or using the differensmoothing algorithms
to be introduced in Sec. 4.5). We can do this by taking a cogmalsdividing it into
a training set and a test set. Then we train the two diffekegram models on the
training set and see which one better models the test setwBalt does it mean to
“model the test set™? There is is a useful metric for how wejheaen statistical model
matches a test corpus, calleérplexity, introduced on page 13. Perplexity is based on
computing the probability of each sentence in the test stifitively, whichever model
assigns a higher probability to the test set (hence moreratsty predicts the test set)
is a better model.

Since our evaluation metric is based on test set probabilgymportant not to let
the test sentences into the training set. Suppose we amg toycompute the probability
of a particular “test” sentence. If our test sentence is@ftte training corpus, we will
mistakenly assign it an artificially high probability wheroiccurs in the test set. We
call this situatiortraining on the test set Training on the test set introduces a bias that
makes the probabilities all look too high and causes hugimacies in perplexity.

In addition to training and test sets, other divisions obdate often useful. Some-
times we need an extra source of data to augment the traiaingsich extra data is
called aheld-out set, because we hold it out from our training set when we wain
N-gram counts. The held-out corpus is then used to set soreemdhameters; for ex-
ample we will see the use of held-out data to set interpalatieights ininterpolated
N-gram models in Sec. 4.6. Finally, sometimes we need to havtihe test sets. This
happens because we might use a particular test set so oftewehimplicitly tune to
its characteristics. Then we would definitely need a freshget which is truly unseen.
In such cases, we call the initial test set ttevelopmenttest set ordevset We will
discuss development test sets again in Ch. 5.

How do we divide our data into training, dev, and test sets&¥d's a tradeoff, since
we want our test set to be as large as possible and a smalétenty be accidentally
unrepresentative. On the other hand, we want as much tgadisita as possible. At the
minimum, we would want to pick the smallest test set that give enough statistical
power to measure a statistically significant differenceveen two potential models.
In practice, we often just divide our data into 80% trainii§% development, and
10% test. Given a large corpus that we want to divide intaingj and test, test data
can either be taken from some continuous sequence of tegeitise corpus, or we
can remove smaller “stripes” of text from randomly seleqgbedts of our corpus and
combine them into a test set.

4.3.1 N-gram Sensitivity to the Training Corpus

The N-gram model, like many statistical models, is very depehdenthe training
corpus. One implication of this is that the probabilitieseofencode very specific facts
about a given training corpus. Another implication is thegrams do a better and
better job of modeling the training corpus as we increasedhe ofN.
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We can visualize both of these facts by borrowing the teamaf Shannon (1951)
and Miller and Selfridge (1950), of generating random secds from differeniN-
gram models. It's simplest to visualize how this works fag tinigram case. Imagine
all the words of English covering the probability space kesw 0 and 1, each word
covering an interval equal to its frequency. We choose agamnalue between 0 and
1, and print out the word whose interval includes the realeale have chosen. We
continue choosing random numbers and generating wordsaetandomly generate
the sentence-final tokexy s>. The same technique can be used to generate bigrams
by first generating a random bigram that starts wigh» (according to its bigram prob-
ability), then choosing a random bigram to follow it (againcording to its conditional
probability), and so on.

To give an intuition for the increasing power of higher-ardegrams, Fig. 4.3
shows random sentences generated from unigram, bigragrartyj and quadrigram
models trained on Shakespeare’s works.

e To him swallowed confess hear both. Which. Of save on traibfe ay device and
rote life have

e Every enter now severally so, let

e Hill he late speaks; or! a more to leg less first you enter
e Are where exeunt and sighs have rise excellency took ofepgSteave we. near; vile
like

e What means, sir. | confess she? then all sorts, he is trintaicap
e\Why dost stand forth thy canopy, forsooth; he is this palgdit the King Henry. Live
king. Follow.
e\What we, hath got so she that | rest and sent to scold and rzdnfeupt, nor the firgt
gentleman?
eEnter Menenius, if it so many good direction found'’st thoteastrong upon commarjd
of fear not a liberal largess given away, Falstaff! Exeunt

e Sweet prince, Falstaff shall die. Harry of Monmouth'’s grave

Unigram

Bigram

g e This shall forbid it should be branded, if renown made it gmpt
-g e Indeed the duke; and had a very good friend.
e Fly, and will rid me these news of price. Therefore the saslioéparting, as they say,
~ tisdone.
5 e King Henry. What! | will go seek the traitor Gloucester. Erésome of the watch. A
2 great banquet servd in;
® e Willyou not tell me who | am?
& e ltcannot be but so.

e Indeed the short and the long. Marry, 'tis a noble Lepidus.

Figure 4.3  Sentences randomly generated from fdligram models computed fronj
Shakespeare’s works. All characters were mapped to lovser @ad punctuation marks$
were treated as words. Output was hand-corrected for ¢izpiian to improve readability.

The longer the context on which we train the model, the mofepent the sen-
tences. In the unigram sentences, there is no coherenbrebatween words, nor any
sentence-final punctuation. The bigram sentences have wempéocal word-to-word
coherence (especially if we consider that punctuation toas a word). The trigram
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and quadrigram sentences are beginning to look a lot lik&ke&dpeeare. Indeed a care-
ful investigation of the quadrigram sentences shows they thok a little too much
like Shakespeare. The worttcannot be but sare directly fromKing John This is
because, not to put the knock on Shakespeare, his oeuvrevenydarge as corpora
go (N = 884,647V = 29,066), and oulN-gram probability matrices are ridiculously
sparse. There al? = 844 000,000 possible bigrams alone, and the number of possi-
ble quadrigrams i¥/* = 7 x 10'. Thus once the generator has chosen the first quadri-
gram (t cannot be byt there are only five possible continuatiotisaf, I, he thou and
s0); indeed for many quadrigrams there is only one continmatio

To get an idea of the dependence of a grammar on its trainindets look at
an N-gram grammar trained on a completely different corpibe Wall Street Jour-
nal (WSJ) newspaper. Shakespeare trelWall Street Journadre both English, so
we might expect some overlap between dligrams for the two genres. In order to
check whether this is true, Fig. 4.4 shows sentences geaddrgtunigram, bigram, and
trigram grammars trained on 40 million words from WSJ.

unigram: Months the my and issue of year foreign new exchange’s séjgtemere
recession exchange new endorsed a acquire to six executives

bigram: Last December through the way to preserve the Hudson cdipod. B. E. C.
Taylor would seem to complete the major central plannerspuirt five percent of U.
S. E. has already old M. X. corporation of living on infornzatisuch as more frequently
fishing to keep her

trigram: They also point to ninety nine point six billion dollars framo hundred four oh
six three percent of the rates of interest stores as MexiddBaazil on market conditions

Figure 4.4  Sentences randomly generated from three ordelks@fam computed from
40 million words ofthe Wall Street JournalAll characters were mapped to lower case and
punctuation marks were treated as words. Output was hanected for capitalization to
improve readability.

Compare these examples to the pseudo-Shakespeare ind-ig¢tdile superficially
they both seem to model “English-like sentences” there isalsly no overlap what-
soever in possible sentences, and little if any overlap @avemall phrases. This stark
difference tells us that statistical models are likely tpbetty useless as predictors if
the training sets and the test sets are as different as Siestesand WSJ.

How should we deal with this problem when we buldgram models? In general
we need to be sure to use a training corpus that looks likessticorpus. We especially
wouldn’t choose training and tests from differgg@nresof text like newspaper text,
early English fiction, telephone conversations, and welepag§ometimes finding ap-
propriate training text for a specific new task can be diffidiol build N-grams for text
prediction in SMS (Short Message Service), we need a trgioampus of SMS data.
To build N-grams on business meetings, we would need to have corptianstribed
business meetings.

For general research where we know we want written Englishdba’t have a
domain in mind, we can use a balanced training corpus thaides cross sections
from different genres, such as the 1-million-word Brownmes of English (Francis and
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Kucera, 1982) or the 100-million-word British National @as (Leech et al., 1994).
Recent research has also studied ways to dynamiadtpt language models to
different genres; see Sec. 4.9.4.

4.3.2 Unknown Words: Open versus closed vocabulary tasks

Sometimes we have a language task in which we know all the sshiat can occur,

vocrl3EY  and hence we know the vocabulary siZen advance. Thelosed vocabularyas-
sumption is the assumption that we have such a lexicon, aidite test set can only
contain words from this lexicon. The closed vocabulary tasis assumes there are no
unknown words.

But of course this is a simplification; as we suggested eatlie number of unseen
words grows constantly, so we can’t possibly know in advaxeetly how many there
are, and we’d like our model to do something reasonable waémt We call these

oov  unseen eventsnknown words, orout of vocabulary (OOV) words. The percentage
of OOV words that appear in the test set is called@@V rate.
OPEN VOCABULARY An open vocabularysystem is one where we model these potential unknown words
in the test set by adding a pseudo-word cakédNK>. We can train the probabilities
of the unknown word modetUNK> as follows:

1. Choose a vocabularyword list) which is fixed in advance.

2. Convertin the training set any word that is not in this set (any OOV dydo the
unknown word tokerrUNK> in a text normalization step.

3. Estimate the probabilities fok UNK> from its counts just like any other regular
word in the training set.

4.4 BEVALUATING N-GRAMS: PERPLEXITY

The best way to evaluate the performance of a language medelémbed it in an
application and measure the total performance of the agiit. Such end-to-end
cEXIRNSC  evaluation is calle@xtrinsic evaluation, and also sometimes call@uvivo evaluation
INVIVO (Sparck Jones and Galliers, 1996). Extrinisic evaluatiothé only way to know if a
particular improvement in a component is really going tghék task at hand. Thus
for speech recognition, we can compare the performancemfanguage models by
running the speech recognizer twice, once with each largyoglel, and seeing which
gives the more accurate transcription.

Unfortunately, end-to-end evaluation is often very expansevaluating a large
speech recognition test set, for example, takes hours or @é&gs. Thus we would
like a metric that can be used to quickly evaluate potentipkbvements in a language

AiRnaine model. Anintrinsitic evaluation metric is one which measures the quality of a model
independent of any applicatiorPerplexity is the most common intrinsic evaluation
metric for N-gram language models. While an (intrinsic) improvemerpénplexity
does not guarantee an (extrinsic) improvement in speecynéion performance (or
any other end-to-end metric), it often correlates with sincprovements. Thus it is
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PERPLEXITY

(4.16)

(4.17)

(4.18)

commonly used as a quick check on an algorithm and an imprermem perplexity
can then be confirmed by an end-to-end evaluation.

The intuition of perplexity is that given two probabilisticodels, the better model
is the one that has a tighter fit to the test data, or predietsi#tails of the test data
better. We can measure better prediction by looking at tbleadility the model assigns
to the test data; the better model will assign a higher priibato the test data.

More formally, theperplexity (sometimes calleBP for short) of a language model
on atest set is a function of the probability that the languagdel assigns to that test

set. For a test s&l/ = wiws...wy, the perplexity is the probability of the test set,
normalized by the number of words:

PRW) = P(WiWp...wy) N

N1
P(W1W2 ... WN

We can use the chain rule to expand the probabilitywof

y N 1
PRW) = \/HW

Thus if we are computing the perplexity bf with a bigram language model, we

get:
N 1
PRW) = \/ iIJP(wi|wi,1)

Note that because of the inverse in Equation (4.17), theshigfie conditional prob-
ability of the word sequence, the lower the perplexity. Tigimizing perplexity
is equivalent to maximizing the test set probability acaogdo the language model.
What we generally use for word sequence in Equation (4.1Epomtion (4.18) is the
entire sequence of words in some test set. Since of coursesdljuence will cross
many sentence boundaries, we need to include the begin-rahirdemtence markers
<s> and</ s> in the probability computation. We also need to include thd-ef-
sentence market/ s> (but not the beginning-of-sentence marke>) in the total
count of word token$\.

There is another way to think about perplexity: aswleéghted average branching
factor of alanguage. The branching factor of a language is the nuaflpessible next
words that can follow any word. Consider the task of recaggithe digits in English
(zero, one, two,..., nine), given that each of the 10 digitsuo with equal probability
P= %). The perplexity of this mini-language is in fact 10. To se&ttimagine a string
of digits of lengthN. By Equation (4.17), the perplexity will be:

PRAW) = P(WiW,...wy) N
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(4.19)

CLOSED
VOCABULARY

But now suppose that the number zero is really frequent aodred 0 times more
often than other numbers. Now we should expect the perglexite lower, since most
of the time the next number will be zero. Thus although th@btiéng factor is still 10,
the perplexity or weighted branching factor is smaller. \&&vk this calculation as an
exercise to the reader.

We'll see in Sec. 4.10 that perplexity is also closely ralate the information-
theoretic notion of entropy.

Finally, let's see an example of how perplexity can be usecbtopare threé\-
gram models. We trained unigram, bigram, and trigram grarsima 38 million words
(including start-of-sentence tokens) from the Wall Stieeitrnal, using a 19,979 word
vocabulary? We then computed the perplexity of each of these models ost a¢¢ of
1.5 million words via Equation (4.65). The table below shdles perplexity of a 1.5
million word WSJ test set according to each of these grammars

N-gram Ordef| Unigram| Bigram| Trigram
Perplexity 962 170 109

As we see above, the more information thegram gives us about the word se-
guence, the lower the perplexity (since as Equation (4 1dyed, perplexity is related
inversely to the likelihood of the test sequence accordirtyé model).

Note that in computing perplexities tikegram modeP must be constructed with-
out any knowledge of the test set. Any kind of knowledge of téwt set can cause
the perplexity to be artificially low. For example, we defirazbve theclosed vocab-
ulary task, in which the vocabulary for the test set is specifieddvaace. This can
greatly reduce the perplexity. As long as this knowledgedvided equally to each of
the models we are comparing, the closed vocabulary petplean still be useful for
comparing models, but care must be taken in interpretingehkelts. In general, the
perplexity of two language models is only comparable if theg the same vocabulary.

4.5 SVOOTHING

Never do | ever want
to hear another word!
There isn't one,
| haven't heard!

5 More specifically, Katz-style backoff grammars with Googkiig discounting trained on 38 million
words from the WSJO corpus (LDC, 1993), open-vocabulaipguhe <UNK> token; see later sections for
definitions.
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SPARSE DATA

SMOOTHING

LAPLACE
SMOOTHING

Eliza Doolittle in Alan
Jay Lerner's My Fair
Lady

There is a major problem with the maximum likelihood estimaprocess we have
seen for training the parameters of [drgram model. This is the problem eparse
data caused by the fact that our maximum likelihood estimate veaget on a particular
set of training data. For any-gram that occurred a sufficient number of times, we
might have a good estimate of its probability. But becaugecanpus is limited, some
perfectly acceptable English word sequences are bound tigsng from it. This
missing data means that thegram matrix for any given training corpus is bound to
have a very large number of cases of putative “zero prolpibligrams” that should
really have some non-zero probability. Furthermore, theEMihethod also produces
poor estimates when the counts are non-zero but still small.

We need a method which can help get better estimates for terseor low-
frequency counts. Zero counts turn out to cause anothergmagpdem. Theperplexity
metric defined above requires that we compute the probabilieach test sentence.
But if a test sentence has &hgram that never appeared in the training set, the Maxi-
mum Likelihood estimate of the probability for this-gram, and hence for the whole
test sentence, will be zero! This means that in order to et@laur language mod-
els, we need to modify the MLE method to assign some non-zerogbility to any
N-gram, even one that was never observed in training.

For these reasons, we’ll want to modify the maximum liketidcestimates for
computingN-gram probabilities, focusing on tHé-gram events that we incorrectly
assumed had zero probability. We use the temoothingfor such modifications that
address the poor estimates that are due to variability inlsiata sets. The name
comes from the fact that (looking ahead a bit) we will be shg\ little bit of proba-
bility mass from the higher counts, and piling it instead lo@ zero counts, making the
distribution a little less jagged.

In the next few sections we will introduce some smoothingatgms and show
how they modify the Berkeley Restaurant bigram probabditn Fig. 4.2.

4.5.1 Laplace Smoothing

One simple way to do smoothing might be just to take our matfigigram counts,
before we normalize them into probabilities, and add ondltihva counts. This algo-
rithm is calledLaplace smoothing or Laplace’s Law (Lidstone, 1920; Johnson, 1932;
Jeffreys, 1948). Laplace smoothing does not perform welligh to be used in modern
N-gram models, but we begin with it because it introduces ntdrifie concepts that
we will see in other smoothing algorithms and also gives usedul baseline.

Let’s start with the application of Laplace smoothing tograim probabilities. Re-
call that the unsmoothed maximum likelihood estimate ofitthigram probability of
the wordw; is its countc; normalized by the total number of word tokexs

P(w) = %

Laplace smoothing merely adds one to each count (henceadtnaile nameadd-
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ADD-ONE

(4.20)

(4.21)

DISCOUNTING

DISCOUNT

one smoothing). Since there akewords in the vocabulary, and each one got incre-
mented, we also need to adjust the the denominator to takeaguount the extrsl
observation$.

ci+1
FlaplacéWi) = m

Instead of changing both the numerator and denominatardtrigsenient to describe
how a smoothing algorithm affects the numerator, by defigingdjusted countc*.
This adjusted count is easier to compare directly with theBMiounts, and can be
turned into a probability like an MLE count by normalizing Ny To define this count,
since we are only changing the numerator, in addition toragidne we’ll also need to
multiply by a normalization factoi%:

. N
Ci = (C|+1)m

We can now turrc® into a probabilityp;” by normalizing byN.

A related way to view smoothing is atiscounting (lowering) some non-zero
counts in order to get the probability mass that will be assijto the zero counts.
Thus instead of referring to the discounted couwritsve might describe a smoothing
algorithm in terms of a relativdiscount d., the ratio of the discounted counts to the
original counts:

Now that we have the intuition for the unigram case, let's sthaur Berkeley
Restaurant Project bigrams. Fig. 4.5 shows the add-onethewaounts for the bi-
grams in Fig. 4.1.

| | i | want] to | eat | chinese] food | lunch | spend]|
i 6 828 1 10 1 1 1 3
want 3 1 609 | 2 7 7 6 2
to 3 1 5 687 | 3 1 7 212
eat 1 1 3 1 17 3 43 1
chinese|| 2 1 1 1 1 83 2 1
food 16 1 16 1 2 5 1 1
lunch 3 1 1 1 1 2 1 1
spend 2 1 2 1 1 1 1 1
Figure 4.5 Add-one smoothed bigram counts for eight of the words (o ef 1446)
in the Berkeley Restaurant Project corpus of 9332 sentences

Fig. 4.6 shows the add-one smoothed probabilities for theabis in Fig. 4.2. Re-
call that normal bigram probabilities are computed by ndizity each row of counts
by the unigram count:

6 What happens to oW values if we don’t increase the denominator?
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C(Wn—1Wn)
C(Wn-1)
For add-one smoothed bigram counts we need to augment tgeaomcount by
the number of total word types in the vocabulary

(4.22) P(Wn|Wn-1) =

C(an:]_Wn) + 1
C(anl) +V

Thus each of the unigram counts given in the previous seetitimeed to be
augmented by = 1446. The result is the smoothed bigram probabilities in &if.

(4.23) PliaplacéW” Wn-—1) =

| i | want | to | eat | chinese] food | lunch | spend |
i 0.0015| 0.21 0.00025 0.0025 | 0.00025 0.00025 0.00025 0.00075
want 0.0013 0.00042 0.26 0.00084 0.0029 0.0029 0.0025 0.00084
to 0.00078 0.00026 0.0013 0.18 0.00078 0.00026 0.0018 0.055
eat 0.00046 0.0004q 0.0014| 0.00046 0.0078 | 0.0014 | 0.02 0.00044

chinese| 0.0012 | 0.00062 0.00062 0.00062 0.00062 0.052 0.0012 | 0.00062
food 0.0063 | 0.00039 0.0063 | 0.00039 0.00079 0.002 0.00039 0.00039
lunch 0.0017 | 0.0005q 0.0005q 0.00056 0.0005 0.0011| 0.00054 0.00056
spend 0.0012 | 0.00058 0.0012 | 0.00058 0.00058 0.00058 0.00058 0.00058

Figure 4.6  Add-one smoothed bigram probabilities for eight of the veofdut ofV = 1446) in the BeRP
corpus of 9332 sentences.

It is often convenient to reconstruct the count matrix so &e see how much a
smoothing algorithm has changed the original counts. Thegested counts can be
computed by Equation (4.24). Fig. 4.7 shows the reconstdumbunts.

[C(Wn—_1Wn) + 1] X C(Wn_1)

(4.24) C*" (Wn_1Wn) = Coun 1) +V
| | i | want] to | eat | chinesq food| lunch] spend
i 3.8 527 0.64 6.4 0.64 0.64| 0.64 1.9
want 1.2 0.39 238 0.78 2.7 2.7 2.3 0.78
to 1.9 0.63 3.1 430 1.9 0.63| 44 133
eat 0.34| 0.34 1 0.34 5.8 1 15 0.34
chinesg| 0.2 0.098] 0.098| 0.098] 0.098 8.2 0.2 0.098
food 6.9 0.43 6.9 0.43 0.86 2.2 0.43 0.43
lunch 0.57 0.19 0.19 0.19 0.19 0.38| 0.19 0.19
spend 0.32| 0.16 0.32 0.16 0.16 0.16| 0.16 0.16

Figure 4.7  Add-one reconstituted counts for eight words Yo 1446) in the BeRP
corpus of 9332 sentences.

Note that add-one smoothing has made a very big change totimscC(want to)
changed from 608 to 238! We can see this in probability spacedl: P(tojwant)
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GOOD-TURING

WITTEN-BELL
DISCOUNTING
KNEYSER-NEY

SMOOTHING

SINGLETON

(4.25)

(4.26)

decreases from .66 in the unsmoothed case to .26 in the setbcdise. Looking at the
discountd (the ratio between new and old counts) shows us how strikitig! counts
for each prefix word have been reduced; the discount for thesiwant tois .39,
while the discount foChinese foods .10, a factor of 10!

The sharp change in counts and probabilities occurs betaassuch probability
mass is moved to all the zeros. We could move a bit less massidingaa frac-
tional count rather than 1 (adilsmoothing; (Lidstone, 1920; Johnson, 1932; Jeffreys,
1948)), but this method requires a method for choosidgnamically, results in an in-
appropriate discount for many counts, and turns out to givmts with poor variances.
For these and other reasons (Gale and Church, 1994), well better smoothing
methods foN-grams like the ones we’ll see in the next section.

4.5.2 Good-Turing Discounting

There are a number of much better discounting algorithmisatteaonly slightly more
complex than add-one smoothing. In this section we intreduee of them, known as
Good-Turing smoothing.

The intuition of a number of discounting algorithms (Goodifg, Witten-Bell
discounting, andKneyser-Ney smoothing is to use the count of things you've seen
onceto help estimate the count of things you'mever seenThe Good-Turing algo-
rithm was first described by Good (1953), who credits Turintihwhe original idea.
The basic insight of Good-Turing smoothing is to re-estartae amount of probabil-
ity mass to assign tdl-grams with zero counts by looking at the numbeNafjrams
that occurred one time. A word &-gram (or any event) that occurs once is called a
singleton, or ahapax legomenon The Good-Turing intuition is to use the frequency
of singletons as a re-estimate of the frequency of zero4duignams.

Let's formalize the algorithm. The Good-Turing algorithsndased on computing
N¢, the number oN-grams that occut times. We refer to the number bfgrams that
occurc times as thérequency of frequencyc. So applying the idea to smoothing the
joint probability of bigramsNp is the number of bigrams with countB; the number
of bigrams with count 1 (singletons), and so on. We can thfrdach of the\; as a bin
which stores the number of differeNtgrams that occur in the training set with that
frequencyc. More formally:

NC: z 1

x:count(x)=c

The MLE countfol\; is c. The Good-Turing estimate replaces this with a smoothed
countc*, as a function ofNc, 1:

Nei1
Ne

We can use (Equation (4.26)) to replace the MLE counts fothallbinsNz, Np,
and so on. Instead of using this equation directly to revesté the smoothed coucit
for No, we use the following equation for the probabilRg, for things that had zero
countNp, or what we might call thenissing mass

¢ = (c+1)
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(4.27)

(4.28)

P51 (things with frequency zero in training= %

HereN; is the count of items in bin 1, i.e. that were seen once initngirandN
is the total number of items we have seen in training. Equd#c27) thus gives the
probability that theN + 1st bigram we see will be one that we never saw in training.
Showing that (Equation (4.27)) follows from (Equation @)Ris left as Exercise 4.8
for the reader.

The Good-Turing method was first proposed for estimatingthuilations of ani-
mal species. Let’s consider an illustrative example froim domain created by Joshua
Goodman and Stanley Chen. Suppose we are fishing in a lakeBvgiplecies (bass,
carp, catfish, eel, perch, salmon, trout, whitefish) and we lsaen 6 species with the
following counts: 10 carp, 3 perch, 2 whitefish, 1 trout, Insah, and 1 eel (so we
haven't yet seen the catfish or bass). What is the probatikittithe next fish we catch
will be a new species, i.e., one that had a zero frequencyritraining set, i.e., in this
case either a catfish or a bass?

The MLE countc of a hitherto-unseen species (bass or catfish) is 0. But Equa-
tion (4.27) tells us that the probability of a new fish being afithese unseen species
is =, sinceNy is 3 andN is 18:

. . . . - Np. 3
P& (things with frequency zero in training= N - 18

What is the probability that the next fish will be another tfburhe MLE count
for trout is 1, so the MLE estimated probabilityi%. But the Good-Turing estimate
must be lower, since we just sto% of our probability mass to use on unseen events!
We’'ll need to discount the MLE probabilities for trout, pbrearp, etc. In summary,
the revised counts® and Good-Turing smoothed probabilitipg 1 for species with
count O (like bass or catfish) or count 1 (like trout, salmareel) are as follows:

unseen (bass or catfish) trout

c 0 1
MLE p |[p=7=0 &
c* c*(trout)= 2 x m—i =2x3$=.67

GT pg || psr(unseen)= N = 2 = 17| pgy(trout) = 87 = L = 037

Note that the revised couat for eel was discounted from= 1.0 toc* = .67, (thus
leaving some probability magg;(unseen)= 1% = .17 for the catfish and bass). And
since we know there were 2 unknown species, the probabilithe@next fish being
specifically a catfish ip(catfish)= 3 x 2 = .085.

Fig. 4.8 gives two examples of the application of Good-Tgscounting to bi-
gram grammars, one on the BeRP corpus of 9332 sentenceslagdreexample com-
puted from 22 million words from the Associated Press (ARyswire by Church and
Gale (1991) . For both examples the first column shows thetague., the number of
observed instances of a bigram. The second column showsithkear of bigrams that
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SIMPLE
GOOD-TURING

(4.29)

(4.30)

(4.31)

had this count. Thus 449,721 of the AP bigrams have a count ®h2 third column
showsc*, the Good-Turing re-estimation of the count.

AP Newswire I Berkeley Restaurant

¢ (MLE) Ne c (GT) ¢ (MLE) Ne c (GT)

74,671,100,000 0.00002}0 2,081,496 0.00255
2,018,046  0.446 5315 0.53396
449,721  1.26 1419 1.35729
188,933 2.24 642  2.37383]
105,668 3.24 381 4.08136!
68,379 4.22 311 3.78135

48,190 5.19 196  4.50000

Figure 4.8 Bigram “frequencies of frequencies” and Good-Turing reéreations for
the 22 million AP bigrams from Church and Gale (1991) and ftbenBerkeley Restaurant
corpus of 9332 sentences.

OO~ WNEO
OO, WNELO
SOOI o= O

4.5.3 Some advanced issues in Good-Turing estimation

Good-Turing estimation assumes that the distribution offiéégram is binomial (Church
et al., 1991) and assumes we knblyg; the number of bigrams we haven't seen. We
know this because given a vocabulary size/ofthe total number of bigrams 2,
hencelg is V2 minus all the bigrams we have seen.

There are a number of additional complexities in the use oddsturing. For
example, we don't just use the raMg values in Equation (4.26). This is because
the re-estimate* for N; depends o1, hence Equation (4.26) is undefined when
Ncr1 = 0. Such zeros occur quite often. In our sample problem aldovexample,
sinceN4 = 0, how can we computi;? One solution to this is calleSimple Good-
Turing (Gale and Sampson, 1995). In Simple Good-Turing, after wepede the bins
Nc, but before we compute Equation (4.26) from them, we smdwmtiNt counts to
replace any zeros in the sequence. The simplest thing isgusiplace the valudl;
with a value computed from a linear regression which is fit &pi. to ¢ in log space
(see Gale and Sampson (1995) for details):

log(Nc) = a+b log(c)

In addition, in practice, the discounted estimateis not used for all counts.
Large counts (where > k for some threshold) are assumed to be reliable. Katz
(1987) suggests settingat 5. Thus we define

c"=cforc>k

The correct equation far* when some is introduced (from Katz (1987)) is:

N (k+1)Nyy g
R L
c'= I , forl<c<k.
[\
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Second, with Good-Turing discounting as with any othersitisual to trealN-
grams with low raw counts (especially counts of 1) as if thertavere 0, i.e., to apply
Good-Turing discounting to these as if they were unseen.

It turns out that Good-Turing discounting is not used bylftsediscountingN-
grams; it is only used in combination with the backoff andeipblation algorithms
described in the next sections.

4.6 INTERPOLATION

BACKOFF
INTERPOLATION

(4.32)

(4.33)

(4.34)

The discounting we have been discussing so far can help sodvproblem of zero
frequencyN-grams. But there is an additional source of knowledge wedrtaw on.

If we are trying to comput®(wn|wn_1Wn_2), but we have no examples of a particular
trigramwy,_2Wnh_1W,, We can instead estimate its probability by using the bigpaoip-
ability P(wn|wn_1). Similarly, if we don’t have counts to compuéw,|wn_1), we can
look to the unigraniP(wy).

There are two ways to use tiisgram “hierarchy” backoff andinterpolation. In
backoff, if we have non-zero trigram counts, we rely solattloe trigram counts. We
only “back off” to a lower ordeiN-gram if we have zero evidence for a higher-order
N-gram. By contrast, in interpolation, we always mix the bitity estimates from
all theN-gram estimators, i.e., we do a weighted interpolationigfam, bigram, and
unigram counts.

In simple linear interpolation, we combine different oréegrams by linearly in-
terpolating all the models. Thus we estimate the trigranbabdity P(wn|wWh_1Wn_2)
by mixing together the unigram, bigram, and trigram prolités, each weighted by a
A

IS(Wn|Wn—1Wn—2) = AP(Wn|Wn_1Wn_2)
+A2P(Wn|Wn-1)

Z)\i=1

In a slightly more sophisticated version of linear integimn, eachh weight is
computed in a more sophisticated way, by conditioning orctitgext. This way if we
have particularly accurate counts for a particular bigram,assume that the counts
of the trigrams based on this bigram will be more trustwgrtfioywe can make thes
for those trigrams higher and thus give that trigram moregivein the interpolation.
Equation (4.34) shows the equation for interpolation wihtext-conditioned weights:

such that thés sum to 1:

FA)(Wn|Wn72anl) = )\1(VV2:%)P(Wn|Wn—2Wn71)
+A2(Wh~3)P(Wn|Wh 1)
+A3(Wj5)P(Wh)
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How are thesa values set? Both the simple interpolation and conditiontrt
ew-our  polationAs are learned from held-out corpus. Recall from Sec. 4.3 that a held-out
corpus is an additional training corpus that we use not tth&dti-gram counts, but to
set other parameters. In this case we can use such data e 3etdlues. We can do
this by choosing th& values which maximize the likelihood of the held-out corpus
That is, we fix theN-gram probabilities and then search for thealues that when
plugged into Equation (4.32) give us the highest probatilitthe held-out set, There
are various ways to find this optimal setxs. One way is to use tHeM algorithm to
be defined in Ch. 6, which is an iterative learning algoritimaxt ttonverges on locally
optimalAs (Baum, 1972; Dempster et al., 1977; Jelinek and Mercef)198

4.7 BACKOFF

While simple interpolation is indeed simple to understand enplement, it turns out
that there are a number of better algorithms. One of theszcisdff N-gram modeling.
The version of backoff that we describe uses Good-Turingodisting as well. It was
introduced by Katz (1987), hence this kind of backoff witsaiunting is also called

KATZ BACKOFF Katz backoff. In a Katz backoffN-gram model, if théN-gram we need has zero counts,
we approximate it by backing off to th&l{1)-gram. We continue backing off until we
reach a history that has some counts:

(4.35) (WL ) = P*(Wn|Wnn:h+1)7 if C(W)_n41) >0
| Tagnn iy G(V‘ﬂ:h+1)Pkatz(Wn|\/\ﬂ:ﬁ+2), otherwise.

Equation (4.35) shows that the Katz backoff probabilitydoN-gram just relies on
the (discounted) probability* if we've seen thidN-gram before (i.e. if we have non-
zero counts). Otherwise, we recursively back off to the Katibability for the shorter-
history (N-1)-gram. We’ll define the discounted probabilRy, the normalizing factor
a, and other details about dealing with zero counts in Secl 4Based on these details,
the trigram version of backoff might be represented as¥dl¢where for pedagogical
clarity, since it's easy to confuse the indiogsw;_1 and so on, we refer to the three
words in a sequence asy, zin that order):

p* (Z|X, y), if C(Xv Y, Z) >0
(4.36) PratZdxy) = ¢ a(xY)Peatz(2ly),  elseifC(xy) >0
P*(2), otherwise.
P(2ly), if C(y,2) >0
3 -
(4.37) Pkatz(2) { a(y)P*(z), otherwise.

Katz backoff incorporates discounting as an integral pathe algorithm. Our
previous discussions of discounting showed how a metheddikod-Turing could be
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(4.38)

(4.39)

used to assign probability mass to unseen events. For sitgplve assumed that these
unseen events were all equally probable, and so the prdigabéss got distributed
evenly among all unseen events. Katz backoff gives us arbette to distribute the
probability mass among unseen trigram events, by relyinghfarmation from uni-
grams and bigrams. We use discounting to tell us how muchpothability mass to
set aside for all the events we haven’t seen and backoffltagdiow to distribute this
probability.

Discounting is implemented by using discounted probagdiP*(-) rather than
MLE probabilitiesP(-) in Equation (4.35) and Equation (4.37).

Why do we need discounts advalues in Equation (4.35) and Equation (4.37)?
Why couldn’t we just have three sets of MLE probabilitiesheitit weights? Because
without discounts and weights, the result of the equation would not be a true prob-
ability! The MLE estimates oP(wq|w]_y ) are true probabilities; if we sum the
probability of allw; over a giverN-gram context, we should get 1:

> P(wiwjwi) =1

But if that is the case, if we use MLE probabilities but backtofa lower order
model when the MLE probability is zero, we would be adding&xtrobability mass
into the equation, and the total probability of a word wouddgveater than 1!

Thus any backoff language model must also be discounted. PThe used to
discount the MLE probabilities to save some probability snfas the lower ordeN-
grams. Thea is used to ensure that the probability mass from all the lowvder
N-grams sums up to exactly the amount that we saved by disoguhe higher-order
N-grams. We defin®* as the discounted() estimate of the conditional probability
of anN-gram, (and save for MLE probabilities):

c (WnanH)
c(Wh N 1)

Because on average the (discoun&dyill be less thare, this probabilityP* will
be slightly less than the MLE estimate, which is

c(Wh_ni1)
c(wr L )

n—N-+1

P*(Wn W)\, p) =

This will leave some probability mass for the lower oréiegrams which is then
distributed by thex weights; details of computing are in Sec. 4.7.1. Fig. 4.9 shows
the Katz backoff bigram probabilities for our 8 sample wortsnputed from the BeRP
corpus using the SRILM toolkit.

4.7.1 Advanced: Details of computing Katz backoftx and P*

In this section we give the remaining details of the compaoitedf the discounted prob-
ability P* and the backoff weights (w).

We begin witha, which passes the left-over probability mass to the loweeor
N-grams. Let’s represent the total amount of left-over pbiliig mass by the function
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| | i | want [ to | eat | chinese | food [ lunch | spend |
i 0.0014 0.326 0.00248  0.00355 0.000205 0.0017 0.00073  0.000489
want 0.00134 0.00152] 0.656 0.000483 0.00455 0.00455 0.00384] 0.000483
to 0.000512 0.00152] 0.00165 0.284 0.000512] 0.0017 0.00175 0.0873
eat 0.00101 0.00152] 0.00166| 0.00189 0.0214 0.00166| 0.0563 0.000585
chinesg| 0.00283 0.00152] 0.00248 0.00189 0.000205 0.519 0.00283  0.000585
food 0.0137 0.00152] 0.0137 0.00189 0.000409 0.00366/ 0.00073 0.000585
lunch 0.00363 0.00152] 0.00248 0.00189 0.000205 0.00131] 0.00073 0.000585
spend 0.00161 0.00152] 0.00161f 0.00189 0.000205 0.0017 0.00073  0.000585
Figure 4.9 Good-Turing smoothed bigram probabilities for eight wofosV = 1446) in the BeRP corpus pf
9332 sentences, computing by using SRILM, witk 5 and counts of 1 replaced by 0.

B, a function of the N-1)-gram context. For a giverNf1)-gram context, the total
left-over probability mass can be computed by subtractiomfl the total discounted

probability mass for alN-grams starting with that context:

(@.40) B =1 5 P
Wn:C(Wn_n41)>0

This gives us the total probability mass that we are readyidwilute to all (-
1)-gram (e.g., bigrams if our original model was a trigrar&ach individual N-1)-
gram (bigram) will only get a fraction of this mass, so we naedormalize3 by the
total probability of all the N-1)-grams (bigrams) that begin sorilegram (trigram)
which has zero count. The final equation for computing howhrprobability mass to
distribute from arN-gram to ani{-1)-gram is represented by the function

BOWE-N-1)
S ot ,1)-0 Phatz(Wn Wi, 2)
1= Sy, )>0P (Wn[Wh 1)
1= Swncw .)>0P" (Wn|Wnn:h+2)

aWh i) =

(4.41) =

Note thata is a function of the preceding word string, that is,vaf 3 ;; thus
the amount by which we discount each trigrad), @nd the mass that gets reassigned
to lower orderN-grams ¢) are recomputed for everyN¢1)-gram that occurs in any

N-gram.

We only need to specify what to do when the counts offdai)-gram context are

0, (i.e., wherc(w]} "3, ;) = 0) and our definition is complete:

(4.42) PhatZWnlWh & 1) = Pkatz(WnlWh 1 2) if c(Wj_N.q) =0

and

(4.43) P* (Wn W) ~§41) = O if C(wh N 41) =0
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and

(4.44) BWoh1) =1 if c(Wh 1) =0
4.8 PRACTICAL ISSUES TOOLKITS AND DATA FORMATS

Let's now examine hoviN-gram language models are represented. We represent and
compute language model probabilities in log format, in otdeavoid underflow and

also to speed up computation. Since probabilities are (fipiten) less than 1, the
more probabilities we multiply together the smaller thedarat becomes. Multiplying
enoughN-grams together would result in numerical underflow. By gding prob-
abilities instead of raw probabilities, the numbers areamsmall. Since adding in

log space is equivalent to multiplying in linear space, wabme log probabilities by
adding them. Besides avoiding underflow, addition is fasteompute than multipli-
cation. Since we do all computation and storage in log sphae, ever need to report
probabilities we just take the exp of the logprob:

(4.45) P1L X P2 X p3 x ps = exp(log p1 +logp2 + log p3 + log pa)

Backoff N-gram language models are generally storedRPA format. An N-
gram in ARPA format is an ASCII file with a small header folladvby a list of all
the non-zerdN-gram probabilities (all the unigrams, followed by bigrariwdlowed by
trigrams, and so on). Eadi-gram entry is stored with its discounted log probability
(in log,o format) and its backoff weightt. Backoff weights are only necessary for
N-grams which form a prefix of a long&-gram, so nax is computed for the highest
orderN-gram (in this case the trigram) Brgrams ending in the end-of-sequence token
<s>. Thus for a trigram grammar, the format of edd¢tgram is:

unigram: logo™(wi) W logo(w;)
bigram:  logp™ (wi[wi 1) Wi—1Wi logor(wi—1w;)
trigram:  logp* (Wi |Wi—2,Wi—1) Wi_2Wi_1W;
Fig. 4.10 shows an ARPA formatted LM file with selectéedyrams from the BeRP

corpus. Given one of these trigrams, the probabHity|x,y) for the word sequence
X,¥,Z can be computed as follows (repeated from (4.37)):

P*(zlx,y), if C(x,y,2) >0
(4.46) Peatz(Zxy) = § a(Y)Pat2y),  elseifC(xy) >0
P*(2), otherwise.
Py, fCva>0
(4.47) Pkatz(z|y) - {O((y)F’*(Z), otherwise.

Toolkits: There are two commonly used available toolkits for buildiagguage
models, the SRILM toolkit (Stolcke, 2002) and the Cambrid@idU toolkit (Clark-
son and Rosenfeld, 1997). Both are publicly available, awe fsimilar functionality.
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\ dat a\

ngram 1=1447
ngram 2=9420
ngram 3=5201

\ 1-grans:

-0.8679678 </ s>

-99 <s> -1.068532
-4.743076 chow-fun -0.1943932
-4.266155 fries -0.5432462
-3.175167 t hur sday -0.7510199
-1.776296 want -1.04292

\ 2-grans:

-0.6077676 <s> i -0.6257131
-0.4861297 i want 0. 0425899
-2.832415 to drink -0.06423882
-0.5469525 to eat -0.008193135
-0.09403705 today </s>

\ 3-grans:

-2.579416 <s> i prefer

-1. 148009 <s> about fifteen

-0.4120701 to go to

-0.3735807 ne a list

-0.260361 at jupiter </ s>

-0.260361 a nmal aysi an  restaurant

\ end\

Figure 4.10 ARPA format forN-grams, showing some samplegrams. Each is rep-
resented by &éogproh, the word sequencey; ...wy, followed by the log backoff weight.
Note that nax is computed for the highest-ordsrgram or forN-grams ending irks>.

In training mode, each toolkit takes a raw text file, one secaeoer line with words
separated by white-space, and various parameters such asigrN, the type of dis-
counting (Good Turing or Kneser-Ney, discussed in Sec1¥.and various thresholds.
The output is a language model in ARPA format. In perplexitdecoding mode, the
toolkits take a language model in ARPA format, and a sentena@®rpus, and pro-
duce the probability and perplexity of the sentence or cerpBoth also implement
many advanced features to be discussed later in this chapden following chapters,
including skipN-grams, word lattices, confusion networks, afi@ram pruning.

4.9 ADVANCED ISSUES INLANGUAGE MODELING

KNESER-NEY

4.9.1 Advanced Smoothing Methods: Kneser-Ney Smoothing

In this section we give a brief introduction to the most commgaised moderiN-gram
smoothing method, the interpolat&deser-Neyalgorithm.

Kneser-Ney has its roots in a discounting method ca#lbdolute discounting
Absolute discounting is a much better method of computireyased countx than the
Good-Turing discount formula we saw in Equation (4.26),dolasn frequencies-of-
frequencies. To get the intuition, let’s revisit the Goadkifig estimates of the bigram
c* extended from Fig. 4.8 and reformatted below:
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ABSOLUTE
DISCOUNTING

(4.48)

(4.49)

(4.50)

c(MLE)[0 1 [2 [3 |4 [5 [6 |7 [8 |9
¢ (GT) [[0.00002700.446| 1.26| 2.24|3.244.225.19| 6.21| 7.24| 8.25

The astute reader may have noticed that except for the iraatetl counts for 0
and 1, all the other re-estimated coudtsould be estimated pretty well by just sub-
tracting 0.75 from the MLE courd! Absolute discountingformalizes this intuition,
by subtracting a fixed (absolute) discowfrom each count. The intuition is that we
have good estimates already for the high counts, and a sisatiuhtd won't affect
them much. It will mainly modify the smaller counts, for whiave don’t necessarily
trust the estimate anyway. The equation for absolute digtoy applied to bigrams
(assuming a proper coefficiemton the backoff to make everything sum to one) is:

C(wi_1wi)-D if C(wi_qwi) > 0
Pabsolutd Wi [Wi—_1) = { Clwi—1) (Wi | i)
o (Wi ) Pabsolutd Wi ), otherwise.

In practice, we might also want to keep distinct discountigadl for the 0 and 1
counts.

Kneser-Ney discounting(Kneser and Ney, 1995) augments absolute discounting
with a more sophisticated way to handle the backoff distidou Consider the job of
predicting the next word in this sentence, assuming we ackifg off to a unigram
model:

| can’t see without my reading

The wordglassesseems much more likely to follow here than the werdncisca
But Franciscois in fact more common, so a unigram model will prefer iglasses
We would like to capture the intuition that althou§hanciscois frequent, it is only
frequent after the wor&an i.e. in the phras&an Francisco The wordglasseshas a
much wider distribution.

Thus instead of backing off to the unigram MLE count (the nemtf times the
wordw has been seen), we want to use a completely different badistffoution! We
want a heuristic that more accurately estimates the nunillienes we might expect to
see wordv in a new unseen context. The Kneser-Ney intuition is to basestimate
on thenumber of different contexts word w has appearedffords that have appeared
in more contexts are more likely to appear in some new coatewell. We can express
this new backoff probability, the “continuation probatyifi as follows:

[{wi_1:C(wi_1w;) > 0}]
Ywi {Wi-1: C(Wi-1wi) > O}
The Kneser-Ney backoff intuition can be formalized as foqagain assuming a
proper coefficientt on the backoff to make everything sum to one):

PCONTINUATION (Wi ) =

Cwi_1wi)—D : .
Pin (Wi [Wi_1) = Cwi—1) if C(wi—1wi) >0
e o () LWL g )0} otherwise.

Swj {Wi—1:C(wi—1wi) >0}

Finally, it turns out to be better to use amerpolated rather tharbackoff form
of Kneser-Ney. While Sec. 4.6 showed thiaear interpolation is not as successful
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INTERPOLATED
KNESER-NEY

(4.51)

CLASS-BASED
N-GRAM

CLUSTER N-GRAM

IBM CLUSTERING

as Katz backoff, it turns out that more powerful interpathiteodels, such as interpo-
lated Kneser-Ney, work better than their backoff versitmterpolated Kneser-Ney
discounting can be computed with an equation like the fathawomitting the compu-
tation of B):

C(wi,lwi) -D
C(wi-1)

[{wi—1: C(wi_1wi) > O}
Yw [{wi-1:C(wi—1w;) > O}

Pan (Wi [Wi—1) = + B(w)

Afinal practical note: it turns out that any interpolationaebcan be represented as
a backoff model, hence stored in ARPA backoff format. We $yndp the interpolation
when we build the model, so the ‘bigram’ probability storadhie backoff format is
really ‘bigram already interpolated with unigram’.

4.9.2 Class-based N-grams

Theclass-based N-granor cluster N-gram is a variant of théN-gram that uses infor-
mation about word classes or clusters. Class-basgcams can be useful for dealing
with sparsity in the training data. Suppose for a flight reaon system we want to
compute the probability of the bigratb Shanghaibut this bigram never occurs in the
training set. Instead, our training data had.ondon to Beijing, andto Denver If we
knew that these were all cities, and assunfifiganghatdoes appear in the training set
in other contexts, we could predict the likelihood of a citylédwing from.

There are many variants of clustérgrams. The simplest one is sometimes known
asIBM clustering, after its originators (Brown et al., 1992b). IBM clustegiis a kind
of hard clustering, in which each word can belong to only one class. The model est
mates the conditional probability of a wongl by multiplying two factors: the probabil-
ity of the word’s class; given the preceding classes (based oMNagram of classes),
and the probability ofv; givenc;. Here is the IBM model in bigram form:

P(wilwi—1) ~ P(ci|,ci-1) x P(wi[ci)

If we had a training corpus in which we knew the class for eaohdwthe maxi-
mum likelihood estimate (MLE) of the probability of the wogten the class and the
probability of the class given the previous class could bamated as follows:

P(wlc) = %

ClusterN-grams are generally used in two ways. In dialog systemsZ&hwe of-
ten hand-design domain-specific word classes. Thus forlimesinformation system,
we might use classes likelTYNAME, AIRLINE, DAYOFWEEK, Or MONTH. In other
cases, we can automatically induce the classes by clugtedrds in a corpus (Brown
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ADAPTATION

(4.52)

CACHE

et al., 1992b). Syntactic categories like part-of-speagh tlon’t seem to work well as
classes (Niesler et al., 1998).

Whether automatically induced or hand-designed, clustgrams are generally
mixed with regular word-basdd-grams.

4.9.3 Language Model Adaptation and Using the Web

One of the most exciting recent developments in languagestimedis language model
adaptation. This is relevant when we have only a small amount of in-donraining
data, but a large amount of data from some other domain. Weraemon the larger
out-of-domain dataset and adapt our models to the smalbinaih set. (lyer and
Ostendorf, 1997, 1999a, 1999b; Bacchiani and Roark, 2088¢#ani et al., 2004).

An obvious large data source for this type of adaptationeésikb. Indeed, use of
the web does seem to be helpful in language modeling. Thdestnpay to apply the
web to improve, say, trigram language models is to use seagines to get counts for
wiWows andwiwows, and then compute:

Buvet = Cweb(W1W2W3)
¢ Cuwveb(W1W2)

We can then mixpyep With a conventionaN-gram (Berger and Miller, 1998; Zhu
and Rosenfeld, 2001). We can also use more sophisticatebication methods that
make use of topic or class dependencies, to find domainarelelata on the web data
(Bulyko et al., 2003).

In practice it is difficult or impossible to download everygeafrom the web in
order to comput&l-grams. For this reason most uses of web data rely on pagéscoun
from search engines. Page counts are only an approximatetual counts for many
reasons: a page may containfsgram multiple times, most search engines round off
their counts, punctuation is deleted, and the counts thieasmay be adjusted due to
link and other information. It seems that this kind of noigesl not hugely affect the
results of using the web as a corpus (Keller and Lapata, 208i&v and Hearst, 2005),
although it is possible to perform specific adjustmentshsagfitting a regression to
predict actual word counts from page counts (Zhu and Rokgr#@01).

4.9.4 Using Longer Distance Information: A Brief Summary

There are many methods for incorporating longer-distanogaxt intoN-gram model-
ing. While we have limited our discussion mainly to bigrand @amgrams, state-of-the-
art speech recognition systems, for example, are basedngeralistanceN-grams,
especially 4-grams, but also 5-grams. Goodman (2006) sthtives with 284 million
words of training data, 5-grams do improve perplexity ssayeer 4-grams, but not
by much. Goodman checked contexts up to 20-grams, and ftwaatter 6-grams,
longer contexts weren'’t useful, at least not with 284 milliwords of training data.
Many models focus on more sophisticated ways to get longastte information.
For example people tend to repeat words they have used bétuus if a word is used
once in a text, it will probably be used again. We can capthi® fact by acache
language model (Kuhn and De Mori, 1990). For example to usegram cache model
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TOPIC-BASED

(4.53)

LATENT SEMANTIC
INDEXING

TRIGGER

SKIP N-GRAMS

VARIABLE-LENGTH
-GRAM

to predict word of a test corpus, we create a unigram grammar from the pnegedirt
of the test corpus (words 1 ie- 1) and mix this with our convention&l-gram. We
might use only a shorter window from the previous words, @athan the entire set.
Cache language models are very powerful in any applicatidrese we have perfect
knowledge of the words. Cache models work less well in dogadnere the previous
words are not known exactly. In speech applications, forrgda, unless there is some
way for users to correct errors, cache models tend to “lotlerrors they made on
earlier words.

The fact that words are often repeated in a text is a symptoemrobre general
fact about words; texts tend to bBeout things. Documents which are about particular
topics tend to use similar words. This suggests that we doaid separate language
models for different topics. Itopic-basedlanguage models (Chen et al., 1998; Gildea
and Hofmann, 1999), we try to take advantage of the fact tiffareint topics will have
different kinds of words. For example we can train differfamguage models for each
topict, and then mix them, weighted by how likely each topic is gitlemhistoryh:

p(wlh) = Z P(wW[t)P(t[h)

A very similar class of models relies on the intuition thataming words are se-
mantically similar to preceding words in the text. These misdise a measure of
semantic word association such as ldtent semantic indexingdescribed in Ch. 20
(Coccaro and Jurafsky, 1998; Bellegarda, 1999, 2000), dinendictionaries or the-
sauri (Demetriou et al., 1997) to compute a probability damea word’s similarity to
preceding words, and then mix it with a conventioNagram.

There are also various ways to extend Mwgram model by having the previous
(conditioning) word be something other than a fixed windovpvious words. For
example we can choose as a predictor a word callg@yger which is not adjacent
but which is very related (has high mutual information witi word we are trying to
predict (Rosenfeld, 1996; Niesler and Woodland, 1999; Zdwudi Lua, 1998). Or we
can createskip N-grams, where the preceding context ‘skips over’ some intermediat
words, for example computing a probability suchR{sv|wi_1,w;_3). We can also
use extra previous context just in cases where a longer @ggmrticularly frequent
or predictive, producing &ariable-length N-gram (Ney et al., 1994; Kneser, 1996;
Niesler and Woodland, 1996).

In general, using very large and rich contexts can resukig large language mod-
els. Thus these models are often pruned by removing lowgtnitity events. Pruning
is also essential for using language models on small plagauch as cellphones (Stol-
cke, 1998; Church et al., 2007).

Finally, there is a wide body of research on integrating &ifgated linguistic
structures into language modeling. Language models bassghtactic structure from
probabilistic parsers are described in Ch. 14. Languagestadzhsed on the current
speech act in dialogue are described in Ch. 24.
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4.10 ADVANCED: INFORMATION THEORY BACKGROUND

ENTROPY

(4.54)

| got the horse right here
Frank LoesseiGuys and Dolls

We introduced perplexity in Sec. 4.4 as a way to evalilddgram models on a
test set. A betteN-gram model is one which assigns a higher probability to &se t
data, and perplexity is a normalized version of the prolitgitwf the test set. Another
way to think about perplexity is based on the informatioeettetic concept of cross-
entropy. In order to give another intuition into perplexity a metric, this section gives
a quick review of fundamental facts fromformation theory including the concept
of cross-entropy that underlies perplexity. The intergséader should consult a good
information theory textbook like Cover and Thomas (1991).

Perplexity is based on the information-theoretic notionross-entropy, which we
will now work toward defining Entropy is a measure of information, and is invaluable
throughout speech and language processing. It can be usethesic for how much
information there is in a particular grammar, for how welligegn grammar matches
a given language, for how predictive a givlhrgram grammar is about what the next
word could be. Given two grammars and a corpus, we can usepgrit tell us which
grammar better matches the corpus. We can also use entrepynoare how difficult
two speech recognition tasks are, and also to measure hdva\galen probabilistic
grammar matches human grammars.

Computing entropy requires that we establish a randomhiar¥athat ranges over
whatever we are predicting (words, letters, parts of speehset of which we’ll call
X), and that has a particular probability function, callpix). The entropy of this
random variabl& is then

H(X) == p(x)log, p(x)

XEX

The log can in principle be computed in any base. If we use &3g12, the resulting
value of entropy will be measured bits.

The most intuitive way to define entropy for computer sciatis to think of the
entropy as a lower bound on the number of bits it would takencode a certain
decision or piece of information in the optimal coding scleem

Cover and Thomas (1991) suggest the following example. imesattpat we want
to place a bet on a horse race but it is too far to go all the wagotikers Racetrack,
and we'd like to send a short message to the bookie to tell Himaslwhorse to bet on.
Suppose there are eight horses in this particular race.

One way to encode this message is just to use the binary espagion of the
horse’s number as the code; thus horse 1 woul@®¥, horse 2010, horse 3011,
and so on, with horse 8 coded @80. If we spend the whole day betting, and each
horse is coded with 3 bits, on average we would be sending®bitrace.

Can we do better? Suppose that the spread is the actuabdigin of the bets
placed, and that we represent it as the prior probabilityaaghéhorse as follows:
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Horse 1 % Horse 5 &
1
Horse 2 3 |Horse 6 6—14

1
Horse 3 5 Horse 7 ga

1 1
Horse 4 18 Horse 8 ga

The entropy of the random variabl¢ that ranges over horses gives us a lower
bound on the number of bits, and is:

i=8
H(X) = —_;p(iﬂog p(i)

= —Jlogi-Zlogl-ilogl—Llogi—a(&logd)
(4.55) — 2bits

A code that averages 2 bits per race can be built by using shoadings for more
probable horses, and longer encodings for less probaldesiofor example, we could
encode the most likely horse with the codleand the remaining horses &6, then
110,1110,111100,111101,111110,and111111.

What if the horses are equally likely? We saw above that if sedian equal-length
binary code for the horse numbers, each horse took 3 bitsde, @@ the average was
3. Is the entropy the same? In this case each horse would lebability of%. The
entropy of the choice of horses is then:

(4.56) H(X)f—lzs:—Llog:—Lf—log:—LfBbits
' 1;8 8 8

Until now we have been computing the entropy of a single WeiaBut most of
what we will use entropy for involvesequenced-or a grammar, for example, we will
be computing the entropy of some sequence of wavds {wp, w1, W, ..., Wy}. One
way to do this is to have a variable that ranges over sequerfieesrds. For example
we can compute the entropy of a random variable that rangasativfinite sequences
of words of lengtm in some languagk as follows:

(4.57) Hwe,Wa, ... Wh) = — 5 p(W)logp(Wy)
wWeL
ENTROPY RATE We could define thentropy rate (we could also think of this as thger-word

entropy) as the entropy of this sequence divided by the number of svord

1 1
(4.58) HH(W{‘)=—— Z p(W") log p(W)

MwfreL

But to measure the true entropy of a language, we need todmrstquences of
infinite length. If we think of a language as a stochastic psst. that produces a
sequence of words, its entropy r&tél ) is defined as:
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(4.59)

(4.60)

STATIONARY

CROSS-ENTROPY

(4.61)

HL) = — lim SH Wy, we.... i)

n—oo N

1
= —lim = p(wi,...,Wn)logp(w,...,wn)
n—oo N =8

The Shannon-McMillan-Breiman theorem (Algoet and Cové&88; Cover and
Thomas, 1991) states that if the language is regular inioestays (to be exact, if it is
both stationary and ergodic),

. 1
H(L) = rllmo n logp(wiws. .. Wh)

That s, we can take a single sequence that is long enougtamhsf summing over
all possible sequences. The intuition of the Shannon-MekHBreiman theorem is
that a long enough sequence of words will contain in it mamgoshorter sequences,
and that each of these shorter sequences will reoccur imtiyet sequence according
to their probabilities.

A stochastic process is said to bwtionary if the probabilities it assigns to a
sequence are invariant with respect to shifts in the timexndn other words, the
probability distribution for words at timeis the same as the probability distribution
at timet + 1. Markov models, and hendé-grams, are stationary. For example, in
a bigram,P is dependent only o _;. So if we shift our time index by, P is
still dependent o, x_1. But natural language is not stationary, since as we will
see in Ch. 12, the probability of upcoming words can be depeihdn events that
were arbitrarily distant and time dependent. Thus ourstiedil models only give an
approximation to the correct distributions and entropfasadural language.

To summarize, by making some incorrect but convenient sfyipd assumptions,
we can compute the entropy of some stochastic process mgtakiery long sample
of the output, and computing its average log probabilitytHe next section we talk
about the why and howvhywe would want to do this (i.e., for what kinds of problems
would the entropy tell us something useful), dmvto compute the probability of a
very long sequence.

4.10.1 Cross-Entropy for Comparing Models

In this section we introduceross-entropy, and discuss its usefulness in comparing
different probabilistic models. The cross-entropy is us&fhen we don’t know the
actual probability distributiorp that generated some data. It allows us to use some
which is a model ofp (i.e., an approximation tp). The cross-entropy ah on p is
defined by:

H(p,m) = lim ——\AZLp Wi, ..., Wn)logm(wy, ..., Wn)

n—oo

That is, we draw sequences according to the probabilityildigton p, but sum the
log of their probabilities according to.
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(4.62)

(4.63)

(4.64)

PERPLEXITY

(4.65)

Again, following the Shannon-McMillan-Breiman theoreror, & stationary ergodic
process:

H(p,m) = rI]imm—:—rtlogm(wlwz...wn)

This means that, as for entropy, we can estimate the crdasspgrof a modemon
some distributiorp by taking a single sequence that is long enough instead afsugn
over all possible sequences.

What makes the cross entropy useful is that the cross enkidpym) is an upper
bound on the entropi (p). For any modein:

H(p) < H(p,m)

This means that we can use some simplified madébd help estimate the true
entropy of a sequence of symbols drawn according to prabapil The more accurate
m is, the closer the cross entropi(p,m) will be to the true entropyH(p). Thus
the difference betweeH (p,m) andH(p) is a measure of how accurate a model is.
Between two modelsy and mp, the more accurate model will be the one with the
lower cross-entropy. (The cross-entropy can never be ltvaer the true entropy, so a
model cannot err by underestimating the true entropy).

We are finally ready to see the relation between perplexity @oss-entropy as
we saw it in Equation (4.62). Cross-entropy is defined in timét| as the length of
the observed word sequence goes to infinity. We will need anoxjpmation to cross-
entropy, relying on a (sufficiently long) sequence of fixeajgih. This approximation
to the cross-entropy of a model = P(w; |wi_n.1...Wi_1) on a sequence of wordd
is:

1
H(W) = —NlogP(wlwz...wN)

Theperplexity of a modelP on a sequence of wordlg is now formally defined as the
exp of this cross-entropy:

Perplexityw) = 2HW)
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4.11 ADVANCED: THE ENTROPY OFENGLISH AND ENTROPY RATE

(4.66)

CONSTANCY

As we suggested in the previous section, the cross-entrbpgme modeim can be
used as an upper bound on the true entropy of some procesainMse this method to
get an estimate of the true entropy of English. Why should are about the entropy
of English?

One reason is that the true entropy of English would give uslid bwer bound
for all of our future experiments on probabilistic grammakeother is that we can use
the entropy values for English to help understand what pdridanguage provide the
most information (for example, is the predictability of His mainly based on word
order, on semantics, on morphology, on constituency, oragrpatic cues?) This can
help us immensely in knowing where to focus our languageetiogl efforts.

There are two common methods for computing the entropy ofigmngThe first
was employed by Shannon (1951), as part of his groundbrgakank in defining the
field of information theory. His idea was to use human subjetd to construct a psy-
chological experiment that requires them to guess striftgtters. By looking at how
many guesses it takes them to guess letters correctly westiarage the probability of
the letters, and hence the entropy of the sequence.

The actual experiment is designed as follows: we presenbjeciwith some En-
glish text and ask the subject to guess the next letter. Tihjests will use their knowl-
edge of the language to guess the most probable letterHiestetxt most probable next,
and so on. We record the number of guesses it takes for thecubjguess correctly.
Shannon'’s insight was that the entropy of the number-osgegsequence is the same
as the entropy of English. (The intuition is that given thenher-of-guesses sequence,
we could reconstruct the original text by choosing thén“most probable” letter when-
ever the subject took guesses). This methodology requires the use of letter gsess
rather than word guesses (since the subject sometimes basato exhaustive search
of all the possible letters!), so Shannon computedpieletter entropy of English
rather than the per-word entropy. He reported an entropy3bits (for 27 characters
(26 letters plus space)). Shannon'’s estimate is likely tmbéow, since it is based on a
single text Jefferson the Virginiabhy Dumas Malone). Shannon notes that his subjects
had worse guesses (hence higher entropies) on other textsgaper writing, scien-
tific work, and poetry). More recent variations on the Shamexperiments include the
use of a gambling paradigm where the subjects get to bet ametkidetter (Cover and
King, 1978; Cover and Thomas, 1991).

The second method for computing the entropy of English halpsd the single-
text problem that confounds Shannon’s results. This metbad take a very good
stochastic model, train it on a very large corpus, and useassign a log-probability
to a very long sequence of English, using the Shannon-MaktiBreiman theorem:

H(English < r',i”l,_% logm(wiwsa. .. W)

For example, Brown et al. (1992a) trained a trigram languagéel on 583 million
words of English (293,181 different types) and used it to pota the probability of
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the entire Brown corpus (1,014,312 tokens). The traininig dzclude newspapers,
encyclopedias, novels, office correspondence, procegdirthe Canadian parliament,
and other miscellaneous sources.

They then computed the character entropy of the Brown cdipusing their word-
trigram grammar to assign probabilities to the Brown corpossidered as a sequence
of individual letters. They obtained an entropy of2 bits per character (where the set
of characters included all the 95 printable ASCII chara)ter

The average length of English written words (including g)dtas been reported
at 5.5 letters (Nadas, 1984). If this is correct, it mearsd the Shannon estimate of
1.3 bits per letter corresponds to a per-word perplexityd® fbr general English. The
numbers we report earlier for the WSJ experiments are Signitfiy lower than this,
since the training and test set came from the same subsafipiglish. That is, those
experiments underestimate the complexity of English ésithe Wall Street Journal
looks very little like Shakespeare, for example)

A number of scholars have independently made the intrigairggestion that en-
tropy rate plays a role in human communication in generaidhlom, 1990; Van Son
et al., 1998; Aylett, 1999; Genzel and Charniak, 2002; Van &ud Pols, 2003). The
idea is that people speak so as to keep the rate of informb&omg transmitted per
second roughly constant, i.e., transmitting a constantbeurof bits per second, or
maintaining a constant entropy rate. Since the most efficigy of transmitting in-
formation through a channel is at a constant rate, languageawen have evolved
for such communicative efficiency (Plotkin and Nowak, 2000here is a wide vari-
ety of evidence for the constant entropy rate hypothesise €ass of evidence, for
speech, shows that speakers shorten predictable wordgHheg take less time to say
predictable words) and lengthen unpredictable words (Ayl999; Jurafsky et al.,
2001; Aylett and Turk, 2004). In another line of researchpz& and Charniak (2002,
2003) show that entropy rate constancy makes predictiomgéfve entropy of individ-
ual sentences from a text. In particular, they show thatatjats that local measures
of sentence entropy which ignore previous discourse coffimxexample theN-gram
probability of sentence), should increase with the ser@uoenber, and they document
this increase in corpora. Keller (2004) provides evideheg ¢ntropy rate plays a role
for the addressee as well, showing a correlation betweerrtrepy of a sentence
and the processing effort it causes in comprehension, asurezhby reading times in
eye-tracking data.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

The underlying mathematics of tiNegram was first proposed by Markov (1913), who
used what are now callédarkov chains (bigrams and trigrams) to predict whether an
upcoming letter in PushkinBugene Onegimwould be a vowel or a consonant. Markov
classified 20,000 letters as V or C and computed the bigrarnrigmdm probability that

a given letter would be a vowel given the previous one or twi@le. Shannon (1948)
appliedN-grams to compute approximations to English word sequenBesed on
Shannon’s work, Markov models were commonly used in engingglinguistic, and
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psychological work on modeling word sequences by the 1950s.

In a series of extremely influential papers starting with @Bky (1956) and in-
cluding Chomsky (1957) and Miller and Chomsky (1963), Noamo@sky argued that
“finite-state Markov processes”, while a possibly usefudiaeering heuristic, were in-
capable of being a complete cognitive model of human gramsal&nowledge. These
arguments led many linguists and computational lingusignore work in statistical
modeling for decades.

The resurgence di-gram models came from Jelinek, Mercer, Bahl, and collesigue
at the IBM Thomas J. Watson Research Center, who were infilHmge Shannon, and
Baker at CMU, who was influenced by the work of Baum and colleag Indepen-
dently these two labs successfully usedyrams in their speech recognition systems
(Baker, 1990; Jelinek, 1976; Baker, 1975; Bahl et al., 1988nek, 1990). A trigram
model was used in the IBM TANGORA speech recognition systetiné 1970s, but
the idea was not written up until later.

Add-one smoothing derives from Laplace’s 1812 law of susioes and was first
applied as an engineering solution to the zero-frequenallem by Jeffreys (1948)
based on an earlier Add-K suggestion by Johnson (1932) |éinshwith the Add-one
algorithm are summarized in Gale and Church (1994). The Gawthg algorithm was
first applied to the smoothing &f-gram grammars at IBM by Katz, as cited in Nadas
(1984). Church and Gale (1991) give a good description of3bed-Turing method,
as well as the proof. Sampson (1996) also has a useful disaussGood-Turing.
Jelinek (1990) summarizes this and many other early langoegglel innovations used
in the IBM language models.

A wide variety of different language modeling and smoothiaghniques were
tested through the 1980’s and 1990’s, including WittenlBelcounting (Witten and
Bell, 1991), varieties of class-based models (Jelinek01%heser and Ney, 1993;
Heeman, 1999; Samuelsson and Reichl, 1999), and otherdg@upl., 1992). In
the late 1990’s, Chen and Goodman produced a very influesdiads of papers with
a comparison of different language models (Chen and Goodfr&86, 1998, 1999;
Goodman, 2006). They performed a number of carefully cdett@xperiments com-
paring different discounting algorithms, cache modelassibased (cluster) models,
and other language model parameters. They showed the adeandf Interpolated
Kneser-Ney, which has since become one of the most poputeerdumethods for
language modeling. These papers influenced our discussitiisi chapter, and are
recommended reading if you have further interest in langumagdeling.

As we suggested earlier in the chapter, recent researchgudge modeling has fo-
cused on adaptation, on the use of sophisticated lingusistictures based on syntactic
and dialogue structure, and on very very laiggrams. For example in 2006, Google
publicly released a very large setidfgrams that is a useful research resource, consist-
ing of all the five-word sequences that appear at least 4Gtiroen 1,024,908,267,229
words of running text; there are 1,176,470,663 five-wordiseges using over 13 mil-
lion unique words types (Franz and Brants, 2006). Largedagg models generally
need to be pruned to be practical, using techniques suclobk&(1998) and Church
et al. (2007).
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412 SUMMARY

This chapter introduced thé-gram, one of the oldest and most broadly useful practical
tools in language processing.

EXERCISES

4.1

4.2
4.3

e An N-gram probability is the conditional probability of a worivgn the previous

N — 1 words. N-gram probabilities can be computed by simply counting in a
corpus and normalizing (thelaximum Likelihood Estimate) or they can be
computed by more sophisticated algorithms. The advantagjegrams is that
they take advantage of lots of rich lexical knowledge. A dismtage for some
purposes is that they are very dependent on the corpus theytraemed on.

Smoothingalgorithms provide a better way of estimating the probgbdf N-
grams than Maximum Likelihood Estimation. Commonly uskedram smooth-

ing algorithms rely on lower-ordé\d-gram counts vidackoff or interpolation.

Both backoff and interpolation require discounting sucKiasser-Ney, Witten-

Bell or Good-Turing discounting.

N-gramlanguage modelsre evaluated by separating the corpus int@iming
setand atest set training the model on the training set, and evaluating erteist

set. Theperplexity 27 of of the language model on a test set is used to compare
language models.

Write out the equation for trigram probability estimationddifying Eq. 4.14).

Write a program to compute unsmoothed unigrams and bigrams.

Run yourN-gram program on two different small corpora of your choigeu

might use email text or newsgroups). Now compare the stsisf the two corpora.
What are the differences in the most common unigrams bettheetwvo? How about
interesting differences in bigrams?

4.4
4.5
4.6
4.7
4.8

Add an option to your program to generate random sentences.

Add an option to your program to do Good-Turing discounting.

Add an option to your program to implement Katz backoff.

Add an option to your program to compute the perplexity ofsh set.

(Adapted from Michael Collins). Prove Equation (4.27) giviequation (4.26)

and any necessary assumptions. That is, show that givenbalglity distribution
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BAG OF WORDS

BAG GENERATION

AUTHORSHIP
ATTRIBUTION

defined by the GT formula in Equation (4.26) for thetems seen in training, that the
probability of the next, (i.e.N + 1st) item being unseen in training can be estimated
by Equation (4.27). You may make any necessary assumptiottiss proof, including
assuming that al; are non-zero.

4.9 (Advanced) Suppose someone took all the words in a sentemttecardered
them randomly. Write a program which take as input sudtag@ of wordsand pro-
duces as output a guess at the original order. You will neezhtd-gram grammar
produced by youlN-gram program (on some corpus), and you will need to use the
Viterbi algorithm introduced in the next chapter. This taslsometimes callebag
generation

4.10 The field ofauthorship attribution is concerned with discovering the author
of a particular text. Authorship attribution is importantany fields, including his-
tory, literature, and forensic linguistics. For example Stitler and Wallace (1964)
applied authorship identification techniques to discovieo wrroteThe Federalispa-
pers. The Federalist papers were written in 1787-1788 byaklder Hamilton, John
Jay and James Madison to persuade New York to ratify the t&itates Constitution.
They were published anonymously, and as a result, althoogte ©f the 85 essays
were clearly attributable to one author or another, theastiip of 12 were in dispute
between Hamilton and Madison. Foster (1989) applied astipridentification tech-
niques to suggest that W.SFsineral Elegyfor William Peter might have been written
by William Shakespeare (he turned out to be wrong on this,cre) that the anony-
mous author oPrimary Colors the roman a clef about the Clinton campaign for the
American presidency, was journalist Joe Klein (Foster6)99

A standard technique for authorship attribution, first usgdosteller and Wal-
lace, is a Bayesian approach. For example, they trainedtzapiistic model of the
writing of Hamilton and another model on the writings of Msali, then computed the
maximume-likelihood author for each of the disputed essay®re are many complex
factors that go into these models, including vocabularywsed length, syllable struc-
ture, rhyme, grammar; see Holmes (1994) for a summary. Tgpsoach can also be
used for identifying which genre a text comes from.

One factor in many models is the use of rare words. As a simgbecximation
to this one factor, apply the Bayesian method to the atiobubf any particular text.
You will need three things: a text to test and two potentidhats or genres, with a
large on-line text sample of each. One of them should be thecoauthor. Train
a unigram language model on each of the candidate authors.atdonly going to
use thesingletonunigrams in each language model. You will compB{&@ |A;), the
probability of the text given author or genig, by (1) taking the language model from
A1, (2) by multiplying together the probabilities of all theigrams that only occur once
in the “unknown” text and (3) taking the geometric mean ofsthé.e., thenth root,
wheren is the number of probabilities you multiplied). Do the samaeA,. Choose
whichever is higher. Did it produce the correct candidate?
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WORD CLASSES AND
PART-OF-SPEECH
TAGGING

PARTS-OF-SPEECH

Conjunction Junction, what's your function?
Bob Dorough Schoolhouse Rock, 1973

A gnostic was seated before a grammarian. The grammarian
said, ‘A word must be one of three things: either it is a noun, a
verb, or a particle! The gnostic tore his robe and cried, Al
Twenty years of my life and striving and seeking have gonkeeo t
winds, for | laboured greatly in the hope that there was aeoth
word outside of this. Now you have destroyed my hope. Though
the gnostic had already attained the word which was his psepo
he spoke thus in order to arouse the grammarian.

Rumi (1207-1273)The Discourses of Rumiiranslated by A. J. Arberry

Dionysius Thrax of Alexandriac{ 100 B.c.), or perhaps someone else (exact au-
thorship being understandably difficult to be sure of witktseof this vintage), wrote
a grammatical sketch of Greek (tethre”) which summarized the linguistic knowl-
edge of his day. This work is the direct source of an astongspiroportion of our
modern linguistic vocabulary, including among many otheras,syntax diphthong
clitic, andanalogy Also included are a description of eigparts-of-speech noun,
verb, pronoun, preposition, adverb, conjunction, pgt&iand article. Although ear-
lier scholars (including Aristotle as well as the Stoicsl ltlaeir own lists of parts-of-
speech, it was Thrax’s set of eight which became the baséatically all subsequent
part-of-speech descriptions of Greek, Latin, and most ge@o languages for the next
2000 years.

Schoolhouse Rock was a popular series of 3-minute musidalaaed clips first
aired on television in 1973. The series was designed torapis to learn multipli-
cation tables, grammar, and basic science and history. Tam@ar Rock sequence,
for example, included songs about parts-of-speech, thogibg these categories into
the realm of popular culture. As it happens, Grammar Rock neasarkably tradi-
tional in its grammatical notation, including exactly eigbngs about parts-of-speech.
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TAGSETS

POS

Although the list was slightly modified from Thrax’s originaubstituting adjective
and interjection for the original participle and articleetastonishing durability of the
parts-of-speech through two millenia is an indicator oftbthte importance and the
transparency of their role in human language.

More recent lists of parts-of-speech fagsetd have many more word classes; 45
for the Penn Treebank (Marcus et al., 1993), 87 for the Broarmpus (Francis, 1979;
Francis and Kucera, 1982), and 146 for the C7 tagset (Gaesidl., 1997).

The significance of parts-of-speech (also knowrP&sS, word classes morpho-
logical classesor lexical tagg for language processing is the large amount of informa-
tion they give about a word and its neighbors. This is cletdg for major categories,
(verb versusnoun), but is also true for the many finer distinctions. For exarthkese
tagsets distinguish between possessive pronaugsypur, his, her, its) and personal
pronouns |, you he mé. Knowing whether a word is a possessive pronoun or a per-
sonal pronoun can tell us what words are likely to occur invitsnity (possessive
pronouns are likely to be followed by a noun, personal prosday a verb). This can
be useful in a language model for speech recognition.

A word'’s part-of-speech can tell us something about how tbehis pronounced.
As Ch. 8 will discuss, the wordontent for example, can be a noun or an adjective.
They are pronounced differently (the noun is pronoun€@Ntentand the adjective
conTENTY. Thus knowing the part-of-speech can produce more ngtuoalunciations
in a speech synthesis system and more accuracy in a speeghiteam system. (Other
pairs like this includeOBject (noun) andobJECT (verb), DIScount(noun) anddis-
COUNT (verb); see Cutler (1986)).

Parts-of-speech can also be used in stemming for informeitretrieval (IR), since
knowing a word’s part-of-speech can help tell us which motpgical affixes it can
take, as we saw in Ch. 3. They can also enhance an IR applidayicelecting out
nouns or other important words from a document. Automatsigasnent of part-of-
speech plays a role in parsing, in word-sense disambigualgmrithms, and in shallow
parsing of texts to quickly find names, times, dates, or otfzaned entities for the
information extraction applications discussed in Ch. 22nally, corpora that have
been marked for parts-of-speech are very useful for liriguissearch. For example,
they can be used to help find instances or frequencies otpkaticonstructions.

This chapter focuses on computational methods for assignémts-of-speech to
words part-of-speech tagging. Many algorithms have been applied to this problem,
including hand-written ruleggle-based tagging, probabilistic methodsHMM tag-
ging andmaximum entropy tagging), as well as other methods such@nsformation-
based taggingand memory-based tagging We will introduce three of these algo-
rithms in this chapter: rule-based tagging, HMM taggingd &ransformation-based
tagging. But before turning to the algorithms themselvetss begin with a summary
of English word classes, and of various tagsets for fornmailying these classes.
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5.1 (MosTLY) ENGLISH WORD CLASSES

CLOSED CLASS
OPEN CLASS

FUNCTION WORDS

NOUN

PROPER NOUNS
COMMON NOUNS

COUNT NOUNS
MASS NOUNS

Until now we have been using part-of-speech termstikan andverb rather freely.

In this section we give a more complete definition of these athér classes. Tradi-
tionally the definition of parts-of-speech has been baseslyotactic and morphologi-
cal function; words that function similarly with respectthat can occur nearby (their
“syntactic distributional properties”), or with respeatthe affixes they take (their mor-
phological properties) are grouped into classes. Whileletasses do have tendencies
toward semantic coherence (nouns do in fact often descpibeple, places or things”,
and adjectives often describe properties), this is notssardy the case, and in general
we don’t use semantic coherence as a definitional critenopdrts-of-speech.

Parts-of-speech can be divided into two broad supercaesyatosed clasgypes
andopen clasgypes. Closed classes are those that have relatively fixecbership.
For example, prepositions are a closed class because $reefxéd set of them in En-
glish; new prepositions are rarely coined. By contrast saumd verbs are open classes
because new nouns and verbs are continually coined or bedram other languages
(e.g., the new verto faxor the borrowed noufuton). Itis likely that any given speaker
or corpus will have different open class words, but all sgesbf a language, and cor-
pora that are large enough, will likely share the set of dadass words. Closed class
words are also generalfynction words like of, it, and, oryou, which tend to be very
short, occur frequently, and often have structuring usggammar.

There are four major open classes that occur in the languddles world;nouns
verbs, adjectives andadverbs It turns out that English has all four of these, although
not every language does.

Noun is the name given to the syntactic class in which the wordsifost people,
places, or things occur. But since syntactic classesriken are defined syntacti-
cally and morphologically rather than semantically, son@ds for people, places,
and things may not be nouns, and conversely some nouns mag matrds for people,
places, or things. Thus nouns include concrete termssliiigandchair, abstractions
like bandwidthandrelationship and verb-like terms likgpacingas inHis pacing to
and fro became quite annoyingVhat defines a noun in English, then, are things like
its ability to occur with determiners(goat, its bandwidth, Plato’s Repubjjdo take
possessivedBM'’s annual revenug and for most but not all nouns, to occur in the
plural form (goats, abadi

Nouns are traditionally grouped infroper nouns andcommon nouns Proper
nouns, likeRegina Coloradqg andIBM, are names of specific persons or entities. In
English, they generally aren’t preceded by articles (&hg.book is upstairdutRegina
is upstairg. In written English, proper nouns are usually capitalized

In many languages, including English, common nouns areéd/intocount nouns
andmass nouns Count nouns are those that allow grammatical enumeratiaijs,
they can occur in both the singular and plurgbét/goats, relationship/relationships
and they can be countedr{e goat, two goajs Mass nouns are used when something
is conceptualized as a homogeneous group. So wordsri, saltandcommunism
are not counted (i.e*two snowsor *two communisn)s Mass nouns can also appear
without articles where singular count nouns canr&ndw is whitebut not*Goat is
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VERB

AUXILIARIES

ADVERBS

LOCATIVE
DEGREE

MANNER
TEMPORAL

PREPOSITIONS

white).

Theverb class includes most of the words referring to actions andgm®es, in-
cluding main verbs likedraw, provide differ, andgo. As we saw in Ch. 3, English
verbs have a number of morphological forms (hon-3rd-pesgpal, 3rd-person-sg
(eat9, progressivedating), past participledater). A subclass of English verbs called
auxiliaries will be discussed when we turn to closed class forms.

While many researchers believe that all human languages thavcategories of
noun and verb, others have argued that some languages, s&tawalndonesian and
Tongan, don’t even make this distinction (Broschart, 1¥vgns, 2000; Gil, 2000).

The third open class English form is adjectives; semaryidhls class includes
many terms that describe properties or qualities. Mostuaggs have adjectives for
the concepts of colomthite black), age 6ld, young, and value good bad), but there
are languages without adjectives. In Korean, for example words corresponding
to English adjectives act as a subclass of verbs, so what Bglish an adjective
‘beautiful’ acts in Korean like a verb meaning ‘to be beaultifEvans, 2000).

The final open class fornadverbs is rather a hodge-podge, both semantically and
formally. For example Schachter (1985) points out that iergence like the following,
all the italicized words are adverbs:

Unfortunately John walkechome extremely slowly yesterday

What coherence the class has semantically may be solelgdlchtof these words
can be viewed as modifying something (often verbs, hencenéime “adverb”, but
also other adverbs and entire verb phrasB&ectional adverbs or locative adverbs
(home here downhill) specify the direction or location of some actidiegree adverbs
(extremely very, somewh3tspecify the extent of some action, process, or property;
manner adverbs(slowly, slinkily, delicately describe the manner of some action or
process; antemporal adverb describe the time that some action or event took place
(yesterdayMonday). Because of the heterogeneous nature of this class, soragbad
(for example temporal adverbs likdonday) are tagged in some tagging schemes as
nouns.

The closed classes differ more from language to languagedih#he open classes.
Here’s a quick overview of some of the more important clodadses in English, with
a few examples of each:

e prepositions: on, under, over, near, by, at, from, to, with

e determiners: a, an, the

e pronouns: she, who, I, others

e conjunctions: and, but, or, as, if, when

e auxiliary verbs: can, may, should, are

e particles: up, down, on, off, in, out, at, by,

e numerals: one, two, three, first, second, third

Prepositions occur before noun phrases; semantically they are reldfiofign
indicating spatial or temporal relations, whether litéoal it, before thenby the house
or metaphoricald@n time with gustq beside herself But they often indicate other

relations as wellklamlet was written byghakespeayeand [from Shakespearefnd |
did laugh sansntermission an hour byis dial). Fig. 5.1 shows the prepositions of
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PARTICLE

PHRASAL VERB

DETERMINERS
ARTICLES

English according to the CELEX on-line dictionary (Baayérak, 1995), sorted by
their frequency in the COBUILD 16 million word corpus of Ergil. Fig. 5.1 should
not be considered a definitive list, since different dicinas and tagsets label word
classes differently. Furthermore, this list combines ps#jpons and particles.

of 540,085 through 14,964 worth 1,563 pace 12
in 331,235 after 13,670 toward 1,39(Q nigh 9
for 142,421 between 13,278 plus 750 re 4
to 125,691 under 9,525 till 686 mid 3
with 124,965 per 6,515 amongst 524 o'er 2
on 109,129 among 5,09( via 351 but 0
at 100,169 within 5,030 amid 222 ere 0
by 77,794 towards 4,70( underneath 164 less 0
from 74,843 above 3,056 Versus 113 midst 0
about 38,424 near 2,026 amidst 67 (o} 0
than 20,210 off 1,695 sans 20 thru 0
over 18,071 past 1,574 circa 14 vice 0
Figure 5.1  Prepositions (and particles) of English from the CELEX meldictionary.
Frequency counts are from the COBUILD 16 million word corpus

A particle is a word that resembles a preposition or an adverb, and b inse
combination with a verb. When a verb and a particle behavesamgée syntactic and/or
semantic unit, we call the combinatiorparasal verb. Phrasal verbs can behave as a
semantic unit; thus they often have a meaning that is notigtedale from the separate
meanings of the verb and the particle. Thusn downmeans something like ‘reject’,
rule outmeans ‘eliminate’find outis ‘discover’, andyo onis ‘continue’; these are not
meanings that could have been predicted from the meanirige wérb and the particle
independently. Here are some examples of phrasal verbsThareau:

So Iwent onfor some days cutting and hewing timber. . .
Moral reform is the effort tahrow offsleep. . .

Particles don't always occur with idiomatic phrasal verimaatics; here are more
examples of particles from the Brown corpus:

...she had turned the papmrer.
He arose slowly and brushed himseff.
He packedup his clothes.

We show in Fig. 5.2 a list of single-word particles from Quétial. (1985). Since it
is extremely hard to automatically distinguish particlesi prepositions, some tagsets
(like the one used for CELEX) do not distinguish them, andhémeorpora that do (like
the Penn Treebank) the distinction is very difficult to ma&kably in an automatic
process, so we do not give counts.

A closed class that occurs with nouns, often marking thermegg of a noun
phrase, is theleterminers. One small subtype of determiners is #ticles: English
has three articles, an, andthe. Other determiners includhis (as inthis chaptejand
that(as inthat pag@. A andanmark a noun phrase as indefinite, whihe can mark it
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aboard aside besides forward(s) opposite through
about astray between home out throughput
above away beyond in outside together
across back by inside over under
ahead before close instead overhead underrjeath
alongside behind down near past up
apart below east, etc. off round within
around beneath eastward(s),etc. on since without

Figure 5.2 English single-word particles from Quirk et al. (1985).

as definite; definiteness is a discourse and semantic pydpaitwill be discussed in
Ch. 21. Articles are quite frequent in English; indelkdis the most frequently occur-
ring word in most corpora of written English. Here are COBD&tatistics, again out
of 16 million words:

the: 1,071,676 a: 413,887 an: 59,359

Conjunctions are used to join two phrases, clauses, or sentences. Catingin
conjunctions likeand, or, andbut, join two elements of equal status. Subordinating
conjunctions are used when one of the elements is of som®fsembedded status.
For exampldhatin “I thought that you might like some milkis a subordinating con-
junction that links the main clauséhoughtwith the subordinate claug®u might like
some milk This clause is called subordinate because this entirselisuthe “content”
of the main vertihought Subordinating conjunctions likkatwhich link a verb to its
argument in this way are also calledmplementizers Ch. 12 and Ch. 16 will discuss
complementation in more detail. Table 5.3 lists Englishjgnations.

and 514,944 yet 5,040/| considering 174 forasmuchas 0
that 134,773| since 4,843 lest 131]| however 0
but 96,889 where 3,952 albeit 104{| immediately 0
or 76,563|| nor 3,078|| providing 96|| inasfaras @
as 54,608 once 2,826/ whereupon 8% insofaras (0
if 53,917| unless 2,20% seeing 63| inasmuch as D
when 37,978 why 1,333|| directly 26 insomuch as (
because 23,626 now 1,290|| ere 12| insomuch that (
S0 12,933| neither 1,120 notwithstanding 3 like 0
before 10,720, whenever 913 according as | neither nor q
though 10,329, whereas 867 asif 0 now that 0
than 9,511| except 864| aslongas @ only 0
while 8,144 till 686 as though 0| providedthat @
after 7,042 provided 594 both and Q| providing that 0
whether 5,978 whilst 351|| butthat 0|| seeingas

for 5,935|| suppose 281 but then 0| seeingashow 0
although 5,424 cos 188| but then again seeing that @
until 5,072|| supposing 184 eitheror without 0

Figure 5.3 Coordinating and subordinating conjunctions of EnglisgimfrtCELEX. Fre-
quency counts are from COBUILD (16 million words).

Pronouns are forms that often act as a kind of shorthand for referrmgdme
noun phrase or entity or evenersonal pronounsrefer to persons or entitieydu,
she 1, it, me etc.). Possessive pronounare forms of personal pronouns that indicate
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either actual possession or more often just an abstratioreletween the person and
wi  some objectrqy, your, his, her, its, one’s, our, thgir Wh-pronouns (what, who,

AUXILIARY

COPULA
MODAL

whom, whoev@are used in certain question forms, or may also act as congpigzers
(Frieda, who | met five years ago )..Table 5.4 shows English pronouns, again from
CELEX.

it 199,920|| how 13,137| yourself 2,437 noone 106
I 198,139|| another 12,55])] why 2,220|| wherein 58
he 158,364| where 11,857 little 2,089 double 39
you 128,688| same 11,841 none 1,992 thine 30
his 99,820| something 11,754 nobody 1,684 summat 22
they 88,41¢| each 11,32¢ further 1,666| suchlike 18
this 84,927 both 10,930| everybody 1,474 fewest 15
that 82,603| last 10,814| ourselves 1,428 thyself 14
she 73,966 every 9,788 mine 1,426 whomever 11
her 69,004| himself 9,113| somebody 1,322 whosoever 1(
we 64,846| nothing 9,026| former 1,177 whomsoever g
all 61,767|| when 8,336| past 984| wherefore g
which 61,399| one 7,423| plenty 940/ whereat 5
their 51,922 much 7,237| either 848|| whatsoever 4
what 50,116| anything 6,937| yours 826|| whereon 2
my 46,791|| next 6,047| neither 61| whoso 2
him 45,024 themselves 5,990 fewer 536|| aught 1
me 43,071 most 5,115| hers 482| howsoever 1
who 42.,881| itself 5,032 ours 458 thrice 1
them 42,099 myself 4,819| whoever 391| wheresoever L
no 33,458| everything 4,662 least 386| you-all 1
some 32,863 several 4,306 twice 382 additional 0
other 29,391 less 4,278| theirs 303|| anybody 0
your 28,923| herself 4,016 wherever 289 each other @
its 27,783 whose 4,005 oneself 239| once 0
our 23,029| someone 3,755 thou 229|| one another

these 22,697 certain 3,348 'un 227 overmuch 0
any 22,664| anyone 3,31 ye 192|| such and such 0
more 21,873 whom 3,22 thy 191| whate'er 0
many 17,343 enough 3,19 whereby 176| whenever a
such 16,880, half 3,065|| thee 166| whereof 0
those 15,819 few 2,933|| yourselves 148 whereto 0
own 15,741| everyone 2,81 latter 142 whereunto (0
us 15,724 whatever 2,57 whichever 121 whichsoever a

Figure 5.4  Pronouns of English from the CELEX on-line dictionary. Fregcy counts
are from the COBUILD 16 million word corpus.

A closed class subtype of English verbs areahgiliary verbs. Crosslinguistically,
auxiliaries are words (usually verbs) that mark certain ain features of a main
verb, including whether an action takes place in the pregmast or future (tense),
whether it is completed (aspect), whether it is negatedffig), and whether an action
is necessary, possible, suggested, desired, etc. (mood).

English auxiliaries include theopula verbbe, the two verbslo andhave along
with their inflected forms, as well as a classrobdal verbs Beis called a copula
because it connects subjects with certain kinds of preglivatinals and adjectiveldé
isa duck. The verbhaveis used for example to mark the perfect tenddmyegone
I had goné, while beis used as part of the passiw&/d wererobbed, or progressive
(We_areleaving constructions. The modals are used to mark the mood assdeigth
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INTERJECTIONS

NEGATIVES
POLITENESS
MARKERS

the event or action depicted by the main verb. caaindicates ability or possibility,
may indicates permission or possibilityyustindicates necessity, and so on. Fig. 5.5
gives counts for the frequencies of the modals in Englishaddition to the perfect
havementioned above, there is a modal védve(e.g.,| haveto go), which is very
common in spoken English. Neither it nor the modal vddre, which is very rare,
have frequency counts because the CELEX dictionary doedistimguish the main
verb sensel(havethree orangesHe daredme to eat thei from the modal sense
(There_hago be some mistak®are | confront him?, from the non-modal auxiliary
verb sensel (havenever seen that

can 70,930 might 5,580 shouldn’t 858
will 69,206 couldn’t 4,265 mustn’t 332
may 25,802 shall 4,118 'll 175
would 18,448 wouldn't 3,548 needn’t 148
should 17,760 won'’t 3,100 mightn’t 68
must 16,520 d 2,299 oughtn’t 44
need 9,955 ought 1,845 mayn’t 3
can't 6,375 will 862 dare, have ???
Figure 5.5 English modal verbs from the CELEX on-line dictionary. Fregcy counts
are from the COBUILD 16 million word corpus.

English also has many words of more or less unique functimiydinginterjec-
tions (oh, ah, hey, man, alas, uh, yymegativegno, no), politeness markers(please,
thank you, greetings(hello, goodbyk and the existentiahere (thereare two on the
table) among others. Whether these classes are assigned partiemhes or lumped
together (as interjections or even adverbs) depends orutipege of the labeling.

5.2 TAGSETS FORENGLISH

The previous section gave broad descriptions of the kindywotfactic classes that En-
glish words fall into. This section fleshes out that sketcdéscribing the actual tagsets
used in part-of-speech tagging, in preparation for theousrtagging algorithms to be
described in the following sections.

There are a small number of popular tagsets for English, nodmghich evolved
from the 87-tag tagset used for the Brown corpus (Francig9;1Brancis and Kucera,
1982). The Brown corpus is a 1 million word collection of sdespfrom 500 writ-
ten texts from different genres (newspaper, novels, ndioficacademic, etc.) which
was assembled at Brown University in 1963-1964 (KuCeraraadcis, 1967; Francis,
1979; Francis and KucCera, 1982). This corpus was taggddpaitts-of-speech by first
applying the BGGIT program and then hand-correcting the tags.

Besides this original Brown tagset, two of the most commardgd tagsets are
the small 45-tag Penn Treebank tagset (Marcus et al., 1998)the medium-sized
61 tag C5 tagset used by the Lancaster UCREL project’s CLAWE Constituent
Likelihood Automatic Word-tagging System) tagger to tag British National Corpus
(BNC) (Garside et al., 1997). We give all three of these ttsglsere, focusing on the
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| Tag Description Example | Tag  Description Example |
CcC Coordin. Conjunction and, but, or SYM Symbol +,%, &
CD Cardinal number one, two, threg; TO “to” to
DT Determiner a, the UH Interjection ah, oops
EX Existential ‘there’ there VB Verb, base form eat
FW Foreign word mea culpa VBD \erb, past tense ate
IN Preposition/sub-conj of, in, by VBG Verb, gerund eating
JJ Adjective yellow VBN \Verb, past participle eaten
JIR Adj., comparative bigger VBP  \Verb, non-3sg pres eat
JJS Adj., superlative wildest VBZ \Verb, 3sg pres eats
LS List item marker 1, 2, One WDT Wh-determiner which, that
MD Modal can, should WP Wh-pronoun what, who
NN Noun, sing. or mass llama WP$ Possessive wh- whose
NNS  Noun, plural llamas WRB Wh-adverb how, wherg
NNP  Proper noun, singular|IBM $ Dollar sign $
NNPS Proper noun, plural Carolinas # Pound sign #
PDT Predeterminer all, both “ Left quote ‘or“
POS  Possessive ending s " Right quote “or”
PRP  Personal pronoun |, you, he ( Left parenthesis L4 <
PRP$ Possessive pronoun your, one’s ) Right parenthesis 1% >
RB Adverb quickly, never|| , Comma ,
RBR  Adverb, comparative faster . Sentence-final punc . !?
RBS  Adverb, superlative fastest : Mid-sentence punc ;... —-
RP Particle up, off

Figure 5.6  Penn Treebank part-of-speech tags (including punctuation

smallest, the Penn Treebank set, and discuss difficulthggtgcisions in that tag set
and some useful distinctions made in the larger tagsets.

The Penn Treebank tagset, shown in Fig. 5.6, has been apptieeiBrown corpus,
the Wall Street Journal corpus, and the Switchboard corpusng others; indeed,
perhaps partly because of its small size, it is one of the mimly used tagsets. Here
are some examples of tagged sentences from the Penn Treedraida of the Brown
corpus (we will represent a tagged word by placing the tagy &féch word, delimited
by a slash):

(5.1) The/DT grand/JJ jury/NN commented/VBD on/IN a/DT numbex/dF/IN other/JJ
topics/NNS ./.

(5.2) There/EX are/VBP 70/CD children/NN&ere/RB

(5.3)  Although/IN preliminary/JJ findings/NNS were/VBi2ported/VBN more/RBR
than/IN a/DT year/NN ago/IN ./, the/DT latest/JJS resiiiés appear/VBP in/IN
today/NN’s/POSNew/NNP England/NNP Journal/NNP of/IN Medicine/NNP ,/,

Example (5.1) shows phenomena that we discussed in theopeeséction; the de-
terminersthe anda, the adjectivegrandandother, the common nounjsiry, number
andtopics the past tense vetommented Example (5.2) shows the use of the EX
tag to mark the existentihereconstruction in English, and, for comparison, another
use oftherewhich is tagged as an adverb (RB). Example (5.3) shows theaeg-
tion of the possessive morphersgeand shows an example of a passive construction,
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(5.4)
(5.5)
(5.6)

(5.7)
(5.8)

(5.9)
(5.10)

(5.11)
(5.12)
(5.13)

(5.14)
(5.15)

‘were reported’, in which the veneportedis marked as a past participle (VBN), rather
than a simple past (VBD). Note also that the proper ndaw Englands tagged NNP.
Finally, note that sinc&lew England Journal of Medicinie a proper noun, the Tree-
bank tagging chooses to mark each noun in it separately asiNdl&dingjournal and
medicine which might otherwise be labeled as common nouns (NN).

Some tagging distinctions are quite hard for both humansnaachines to make.
For example prepositions (IN), particles (RP), and advéRB) can have a large over-
lap. Words likearoundcan be all three:

Mrs./NNP Shaefer/NNP never/RB got/VBibound/RP to/TO joining/VBG
All/DT we/PRP gotta/VBN do/VB is/VBZ go/VBaround/IN the/DT corner/NN
Chateau/NNP Petrus/NNP costs/VBound/RB 250/CD

Making these decisions requires sophisticated knowlefiggrdax; tagging man-
uals (Santorini, 1990) give various heuristics that camp Irelman coders make these
decisions, and that can also provide useful features fanaatic taggers. For example
two heuristics from Santorini (1990) are that prepositigaserally are associated with
a following noun phrase (although they also may be followegiepositional phrases),
and that the wor@roundis tagged as an adverb when it means “approximately”. Fur-
thermore, particles often can either precede or follow anr@hwrase object, as in the
following examples:

She told off/RP her friends

She told her friends off/RP.

Prepositions, on the other hand, cannot follow their nouagd (* is used here to mark
an ungrammatical sentence, a concept which we will retuim @h. 12):

She stepped off/IN the train

*She stepped the train off/IN.

Another difficulty is labeling the words that can modify neunSometimes the
modifiers preceding nouns are common nounsdikonbelow, other times the Tree-
bank tagging manual specifies that modifiers be tagged astadg (for example if
the modifier is a hyphenated common noun likeome-taxand other times as proper
nouns (for modifiers which are hyphenated proper houngGitemm-Rudman
cotton/NN sweater/NN
income-tax/JJ return/NN
the/DT Gramm-Rudman/NP Act/NP

Some words that can be adjectives, common nouns, or propesnare tagged in
the Treebank as common nouns when acting as modifiers:

Chinese/NN cooking/NN
Pacific/NN waters/NNS

A third known difficulty in tagging is distinguishing past ppigiples (VBN) from

adjectives (JJ). A word likenarried is a past participle when it is being used in an

eventive, verbal way, as in (5.16) below, and is an adjeatikien it is being used to
express a property, asin (5.17):
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(5.16)
(5.17)

(5.18)

(5.19)

(5.20)

They were married/VBN by the Justice of the Peace yesterdaypa.
At the time, she was already married/JJ.

Tagging manuals like Santorini (1990) give various helgftleria for deciding
how ‘verb-like’ or ‘eventive’ a particular word is in a spécicontext.

The Penn Treebank tagset was culled from the original 8 Tagsget for the Brown
corpus. This reduced set leaves out information that caedmvered from the identity
of the lexical item. For example the original Brown and C5sktg include a separate
tag for each of the different forms of the vertis (e.g. C5 tag “vDD” fordid and
“VDG” for doing), be, andhave These were omitted from the Treebank set.

Certain syntactic distinctions were not marked in the Paeebdank tagset because
Treebank sentences were parsed, not merely tagged, anchesgotactic information
is represented in the phrase structure. For example, thkedimg IN is used for both
prepositions and subordinating conjunctions since the-steucture of the sentence
disambiguates them (subordinating conjunctions alwagsette clauses, prepositions
precede noun phrases or prepositional phrases). Mostagguations, however, do
not involve parsed corpora; for this reason the Penn Trdefetris not specific enough
for many uses. The original Brown and C5 tagsets, for exangigénguish preposi-
tions (IN) from subordinating conjunctions (CS), as in tbkdwing examples:

after/CS spending/VBG a/AT few/AP days/NNS at/IN the/AT Brown/NPd&e/NN
Hotel/NN

after/IN a/AT wedding/NN trip/NN to/IN Corpus/NP Christi/NP ./.

The original Brown and C5 tagsets also have two tags for thelwa in Brown
the infinitive use is tagged TO, while the prepositional usé\a

to/TO give/VB priority/NN to/IN teacher/NN pay/NN raises/NNS

Brown also has the tag NR for adverbial nouns lii@me west Monday andto-
morrow. Because the Treebank lacks this tag, it has a much lessstamtspolicy for
adverbial noundylonday Tuesdayand other days of the week are marked NfgR)or-
row, west andhomeare marked sometimes as NN, sometimes as RB. This makes the
Treebank tagset less useful for high-level NLP tasks likkedétection of time phrases.

Nonetheless, the Treebank tagset has been the most wigslyrusvaluating tag-
ging algorithms, and so many of the algorithms we descritaleave been evaluated
mainly on this tagset. Of course whether a tagset is usefd frarticular application
depends on how much information the application needs.

5.3 PRT-OF-SPEECHTAGGING

TAGGING

Part-of-speech tagging (or jusigging for short) is the process of assigning a part-
of-speech or other syntactic class marker to each word irrguso Because tags are
generally also applied to punctuation, tagging requirasttie punctuation marks (pe-
riod, comma, etc) be separated off of the words. Ttokenization of the sort de-
scribed in Ch. 3 is usually performed before, or as part @ftdigging process, separat-
ing commas, quotation marks, etc., from words, and disanaigg end-of-sentence
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Tag Description Example
( opening parenthesis G
) closing parenthesis )]
* negator not n't
, comma ,
- dash -
. sentence terminator 5?1
: colon :
ABL pre-qualifier quite, rather, such
ABN | pre-quantifier half, all,
ABX | pre-quantifier, double conjunction|| both
AP post-determiner many, next, several, last
AT article a the an no a every
BE/BED/BEDZ/BEG/BEM/BEN/BER/BEZ || be/were/was/being/am/been/are/is
CcC coordinating conjunction and or but either neither
CD cardinal numeral two, 2, 1962, million
CS subordinating conjunction that as after whether before
DO/DOD/DOZ || do, did, does
DT singular determiner, this, that
DTI singular or plural determiner some, any
DTS | plural determiner these those them
DTX determiner, double conjunction either, neither
EX existential there there
HV/HVD/HVG/HVN/HVZ || have, had, having, had, has
IN preposition of in for by to on at
JJ adjective
JIR comparative adjective better, greater, higher, larger, lower
JJS semantically superlative adj. main, top, principal, chief, key, foremost
JJT morphologically superlative adj. best, greatest, highest, largest, latest, worst
MD modal auxiliary would, will, can, could, may, must, should
NN (common) singular or mass noun || time, world, work, school, family, door
NN$ | possessive singular common noufj father’s, year’s, city’s, earth’s
NNS | plural common noun years, people, things, children, problems
NNS$| possessive plural noun children’s, artist's parent’s years’
NP singular proper noun Kennedy, England, Rachel, Congress
NP$ | possessive singular proper noun || Plato’s Faulkner’s Viola’s
NPS | plural proper noun Americans Democrats Belgians Chinese $ox
NPS$| possessive plural proper noun Yankees’, Gershwins’ Earthmen’s
NR adverbial noun home, west, tomorrow, Friday, North,
NR$ | possessive adverbial noun today’s, yesterday’s, Sunday’s, South’s
NRS | plural adverbial noun Sundays Fridays
oD ordinal numeral second, 2nd, twenty-first, mid-twentieth
PN nominal pronoun one, something, nothing, anyone, none,
PN$ | possessive nominal pronoun one’s someone’s anyone’s
PP$ possessive personal pronoun his their her its my our your
PP$$ | second possessive personal pronpumine, his, ours, yours, theirs
PPL singular reflexive personal pronoun myself, herself
PPLS| plural reflexive pronoun ourselves, themselves
PPO | objective personal pronoun me, us, him
PPS 3rd. sg. nominative pronoun he, she, it
PPSS| other nominative pronoun I, we, they
QL qualifier very, too, most, quite, almost, extremely
QLP | post-qualifier enough, indeed
RB adverb
RBR | comparative adverb later, more, better, longer, further
RBT superlative adverb best, most, highest, nearest
RN nominal adverb here, then
Figure 5.7  First part of original 87-tag Brown corpus tagset (Franoid Kucera, 1982).




Section 5.3. Part-of-Speech Tagging 13
Tag Description Example
RP adverb or particle across, off, up
TO infinitive marker to
UH interjection, exclamation well, oh, say, please, okay, uh, goodbye
VB verb, base form make, understand, try, determine, droq
VBD verb, past tense said, went, looked, brought, reached kept
VBG verb, present participle, gerund getting, writing, increasing
VBN verb, past participle made, given, found, called, required
VBZ verb, 3rd singular present says, follows, requires, transcends
WDT wh- determiner what, which
WP$ possessive wh- pronoun whose
WPO objective wh- pronoun whom, which, that
WPS nominative wh- pronoun who, which, that
WQL how
WRB wh- adverb how, when

Figure 5.8  Rest of 87-tag Brown corpus tagset (Francis and Kuter&2)198

(5.21)
(5.22)

AMBIGUOUS

RESOLVE

DISAMBIGUATION

punctuation (period, question mark, etc) from part-of-dvpunctuation (such as in
abbreviations likee.g.andetc)

The input to a tagging algorithm is a string of words and a digekctagset of the
kind described in the previous section. The outputis a sihgkt tag for each word. For
example, here are some sample sentences from the ATIS aafrgiadogues about air-
travel reservations that we will discuss in Ch. 12. For eaethawve shown a potential
tagged output using the Penn Treebank tagset defined in.Bigngage 9:

Book/VB that/DT flight/NN /.
Does/VBZ that/DT flight/NN serve/VB dinner/NN ?/.

The previous section discussed some tagging decisionsteatifficult to make
for humans. Even in these simple examples, automaticafliglaisg a tag to each
word is not trivial. For exampleyookis ambiguous That is, it has more than one
possible usage and part-of-speech. It can be a verb (asadkthat flightor to book
the suspegtor a noun (as ithand me that boglor a bookof matchel Similarly that
can be a determiner (as Does_thafflight serve dinnér, or a complementizer (as in
thought thatyour flight was earlie). The problem of POS-tagging is tesolvethese
ambiguities, choosing the proper tag for the context. Bagpeech tagging is thus one
of the manydisambiguationtasks we will see in this book.

How hard is the tagging problem? The previous section desdrsome difficult
tagging decisions; how common is tag ambiguity? It turnstiat most words in En-
glish are unambiguous; i.e., they have only a single tag niarty of the most common
words of English are ambiguous (for exampsncan be an auxiliary (‘to be able’), a
noun (‘a metal container’), or a verb (‘to put something infsa metal container’)). In
fact, DeRose (1988) reports that while only 11.5% of Englsind types in the Brown
corpus are ambiguous, over 40% of Brown tokens are ambigubigs 5.10 shows
the number of word types with different levels of part-oesph ambiguity from the
Brown corpus. We show these computations from two versidiiseotagged Brown
corpus, the original tagging done at Brown by Francis andefa(1982), and the
Treebank-3 tagging done at the University of PennsylvaNiate that despite having
more coarse-grained tags, the 45-tag corpus unexpectasliybre ambiguity than the
87-tag corpus.
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o9

Tag Description Example
AJO adjective (unmarked) good old
AJC comparative adjective better, older
AJS superlative adjective best, oldest
ATO article the a, an
AVO adverb (unmarked) often, well, longer, furthest
AVP adverb particle up, off, out
AVQ wh-adverb when, how, why
cJC coordinating conjunction and, or
CJS subordinating conjunction although, when
CJT the conjunctiorthat
CRD cardinal numeral (excepinée 3, twenty-five 734
DPS possessive determiner your, their
DTO general determiner these, some
DTQ wh-determiner whose, which
EXO existentialthere
ITJ interjection or other isolate oh, yes, mhm
NNO noun (neutral for number) aircraft, data
NN1 singular noun pencil, goose
NN2 plural noun pencils, geese
NPO proper noun London, Michael, Mars
ORD ordinal sixth, 77th, last
PNI indefinite pronoun none, everything
PNP personal pronoun you, them, ours
PNQ wh-pronoun who, whoever
PNX reflexive pronoun itself, ourselves
POS possessivés or’
PRF the prepositiorof
PRP preposition (excepof) for, above, to
PUL punctuation — left bracket (or[
PUN punctuation — general mark -7
PUQ punctuation — quotation mark L
PUR punctuation — right bracket )or]
TOO infinitive markerto
UNC unclassified items (not English)
VBB base forms obe (except infinitive) am, are
VBD past form ofbe was, were
VBG -ing form of be being
VBI infinitive of be
VBN past participle obe been
VBZ -s form ofbe is,’s
VDB/D/G/IIN/Z form of do do, does, did, doing, to do, et
VHB/D/G/I/N/Z  form of have have, had, having, to have, e
VMO modal auxiliary verb can, could, will, Il
VVB base form of lexical verb (except infir}) take, live
VVD past tense form of lexical verb took, lived
VVG -ing form of lexical verb taking, living
VVI infinitive of lexical verb take, live
VVN past participle form of lex. verb taken, lived
VVvZ -s form of lexical verb takes, lives
XX0 the negativenotor n't
270 alphabetical symbol A, B,c,d

Figure 5.9 UCREL's C5 tagset for the British National Corpus (Garsitlale 1997).

Luckily, it turns out that many of the 40% ambiguous tokers easy to disam-
biguate. This is because the various tags associated withrcdave not equally likely.
For examplea can be a determiner, or the leteefperhaps as part of an acronym or an
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RULE-BASED

STOCHASTIC
TAGGERS

HMM TAGGER

BRILL TAGGER

Original Treebank
87-tag corpus 45-tag corpus
Unambiguous (1 tag) 44,019 38,857
Ambiguous (2—7 tags) 5,490 8844
Detalils: 2tags 4,967 6,731
3 tags 411 1621
4 tags 91 357
5tags 17 90
6 tagsg 2 (well, bea) 32
7 tagsg 2 (still, down 6 (well, set round, open fit,
down)
8 tagyg 4 (s, half, back a)
9 tagsg 3 (that, morg in)
Figure 5.10  The amount of tag ambiguity for word types in the Brown cordtusm
the ICAME release of the original (87-tag) tagging and theebank-3 (45-tag) tagging.
Numbers are not strictly comparable because only the Trdetegmentss. An earlier
estimate of some of these numbers is reported in DeRose ) 1988

initial). But the determiner sense ais much more likely.

Most tagging algorithms fall into one of two classesie-basedtaggers andtochas-
tic taggerstaggers. Rule-based taggers generally involve a largédsgaof hand-
written disambiguation rules which specify, for examplettan ambiguous word is
a noun rather than a verb if it follows a determiner. The nextisn will describe a
sample rule-based tagg&mgCG, based on the Constraint Grammar architecture of
Karlsson et al. (1995b).

Stochastic taggers generally resolve tagging ambiguityegsing a training cor-
pus to compute the probability of a given word having a givamnih a given context.
Sec. 5.5 describes the Hidden Markov ModeHiM tagger.

Finally, Sec. 5.6 will describe an approach to tagging datletransformation-
based taggeror the Brill tagger, after Brill (1995). The Brill tagger shares features
of both tagging architectures. Like the rule-based tadgés,based on rules which
determine when an ambiguous word should have a given tag. thik stochastic tag-
gers, it has a machine-learning component: the rules aoereically induced from a
previously tagged training corpus.

5.4 RULE-BASED PART-OF-SPEECHTAGGING

The earliest algorithms for automatically assigning mdsspeech were based on a two-
stage architecture (Harris, 1962; Klein and Simmons, 1838gne and Rubin, 1971).
The first stage used a dictionary to assign each word a lisbteinpial parts-of-speech.
The second stage used large lists of hand-written disarabiaurules to winnow down
this list to a single part-of-speech for each word.

Modern rule-based approaches to part-of-speech taggivey daimilar architec-
ture, although the dictionaries and the rule sets are véathyer than in the 1960’s.
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ENGCG

SUBCATEGORIZATION
COMPLEMENTATION

One of the most comprehensive rule-based approaches iotiwr@int Grammar ap-
proach (Karlsson et al., 1995a). In this section we desailb@gger based on this
approach, th&ngCG tagger (Moutilainen, 1995, 1999).

The EngCG ENGTWOL lexicon is based on the two-level morphpltescribed in
Ch. 3, and has about 56,000 entries for English word stemikklttg 1995), counting
a word with multiple parts-of-speech (e.g., nominal andbaésenses dfit) as separate
entries, and not counting inflected and many derived fornechEentry is annotated
with a set of morphological and syntactic features. Figlshows some selected

words, together with a slightly simplified listing of theiedtures; these features are
used in rule writing.

Word POS Additional POS features
smaller ADJ COMPARATIVE
entire ADJ ABSOLUTE ATTRIBUTIVE
fast ADV SUPERLATIVE
that DET CENTRAL DEMONSTRATIVE SG
all DET PREDETERMINER SG/PL QUANTIFIER
dog’s N GENITIVE SG
furniture N NOMINATIVE SG NOINDEFDETERMINER
one-third NUM SG
she PRON PERSONAL FEMININE NOMINATIVE SG3
show \% PRESENT -SG3 VFIN
show N NOMINATIVE SG
shown PCP2 SVOO SVO SV
occurred PCP2 SV
occurred \Y PAST VFIN SV
Figure 5.11 Sample lexical entries from the ENGTWOL lexicon described/outi-
lainen (1995) and Heikkila (1995).

Most of the features in Fig. 5.11 are relatively self-explamy; SG for singular,
-SG3 for other than third-person-singular. ABSOLUTE menaos-comparative and
non-superlative for an adjective, NOMINATIVE just meansrgenitive, and PCP2
means past participle. PRE, CENTRAL, and POST are ordelatg for determiners
(predeterminersal) come before determinerthg): all the president's mén NOIN-
DEFDETERMINER means that words lifarniture do not appear with the indefinite
determinera. SV, SVO, and SVOO specify theibcategorizationor complementa-
tion pattern for the verb. Subcategorization will be discussgdh. 12 and Ch. 16, but
briefly SV means the verb appears solely with a subjeeth(ing occurredt SVO with
a subject and an objedtghowed the filry) SVOO with a subject and two complements:
She showed her the ball

In the first stage of the tagger, each word is run through tloeléwel lexicon trans-
ducer and the entries for all possible parts-of-speechettgmed. For example the
phrasePavlov had shown that salivation . would return the following list (one line
per possible tag, with the correct tag shown in boldface):
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Pavlov PAVLOV N NOM SG PROPER
had HAVE V PAST VFIN SVO
HAVE PCP2 SVO
shown SHOW PCP2 SVOO SVO SV
that ADV
PRON DEM SG
DET CENTRAL DEM SG
CSs
salivation N NOM SG

EngCG then applies a large set of constraints (as many ag 8gistraints in
the EngCG-2 system) to the input sentence to rule out incbpats-of-speech. The
boldfaced entries in the table above show the desired résuithich the simple past
tense tag (rather than the past participle tag) is applib@thband the complementizer
(CS) tag is applied téhat The constraints are used in a negative way, to eliminate
tags that are inconsistent with the context. For exampleconstraint eliminates all
readings ofthat except the ADV (adverbial intensifier) sense (this is thessedn the
sentencéd isn’t that odd). Here’s a simplified version of the constraint:

ADVERBIAL -THAT RULE
Given input: “that”
if
(+1 AJADVIQUANT); / = if next word is adj, adverb, or quantifier/
(+2 SENT-LIM); / = and following which is a sentence boundayy,
(NOT -1 SVOC/A);/ * and the previous word is not a verb liké
/ = ‘consider’ which allows adjs as object complements
then eliminate non-ADV tags
elseeliminate ADV tag

The first two clauses of this rule check to see thattthet directly precedes a
sentence-final adjective, adverb, or quantifier. In all oiteses the adverb reading
is eliminated. The last clause eliminates cases precededrbyg likeconsideror be-
lieve which can take a noun and an adjective; this is to avoid taptiie following
instance othatas an adverb:

| consider that odd.

Another rule is used to express the constraint that the cermgahtizer sense tat
is most likely to be used if the previous word is a verb whicpents a complement
(like believe think, or show), and ifthatis followed by the beginning of a noun phrase,
and a finite verb.

This description oversimplifies the EngCG architecture; giistem also includes
probabilistic constraints, and also makes use of otheastiatinformation we haven't
discussed. The interested reader should consult Karlssdn(#995b) and Voutilainen
(1999).
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5.5 HMM PART-OF-SPEECHTAGGING

BAYESIAN
INFERENCE

(5.23)

(5.24)

(5.25)

The use of probabilities in tags is quite old; probabiliiie$agging were first used by
Stolz et al. (1965), a complete probabilistic tagger witteXbi decoding was sketched
by Bahl and Mercer (1976), and various stochastic taggers Wweilt in the 1980s
(Marshall, 1983; Garside, 1987; Church, 1988; DeRose, 1988s section describes
a particular stochastic tagging algorithm generally knasthe Hidden Markov Model
or HMM tagger. Hidden Markov Models themselves will be markyfintroduced and
definedin Ch. 6. In this section, we prefigure Ch. 6 a bit byrgj\dn initial introduction
to the Hidden Markov Model as applied to part-of-speechitagg

Use of a Hidden Markov Model to do part-of-speech-taggisgya will define it, is
a special case @ayesian inferencea paradigm that has been known since the work of
Bayes (1763). Bayesian inference or Bayesian classifitatas applied successfully
to language problems as early as the late 1950s, includex@@®R work of Bledsoe
in 1959, and the seminal work of Mosteller and Wallace (1984applying Bayesian
inference to determine the authorship of the Federalistizap

In a classification task, we are given some observation¢(spanjob is to determine
which of a set of classes it belongs to. Part-of-speechaggigenerally treated as a
sequence classification task. So here the observation gueisee of words (let’s say
a sentence), and it is our job to assign them a sequence effpspeech tags.

For example, say we are given a sentence like

Secretariat is expected tace tomorrow.

What is the best sequence of tags which corresponds to thiesee of words?
The Bayesian interpretation of this task starts by consideall possible sequences
of classes—in this case, all possible sequences of tags.ofQbts universe of tag
sequences, we want to choose the tag sequence which is mbsabpg given the ob-
servation sequence afwordswj. In other words, we want, out of all sequencesof
tagst]' the single tag sequence such tRét'|w}) is highest. We use the hat notation
to mean “our estimate of the correct tag sequence”.

{1 = argmaP(ty|wh)
A

The function argmaxf (x) means “thex such thatf (x) is maximized”. Equation
(5.24) thus means, out of all tag sequences of lemgtive want the particular tag
sequence] which maximizes the right-hand side. While (5.24) is gusead to give
us the optimal tag sequence, it is not clear how to make that@nuoperational; that
is, for a given tag sequent@ and word sequence&f, we don’t know how to directly
computeP(t]|w}).

The intuition of Bayesian classification is to use Bayesénd transform (5.24)
into a set of other probabilities which turn out to be easietdmpute. Bayes’ rule is
presented in (5.25); it gives us a way to break down any cmmdit probabilityP(x]y)
into three other probabilities:

PP

POY) = 5
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(5.26)

(5.27)

PRIOR PROBABILITY
LIKELIHOOD

(5.28)

(5.29)

(5.30)

(5.31)

We can then substitute (5.25) into (5.24) to get (5.26):

PWiIt)P(t7)
f = argmax—= 121
PR

We can conveniently simplify 5.26 by dropping the denonon&(wy). Why is
that? Since we are choosing a tag sequence out of all tagrseeg)jeve will be comput-
ing W—lwnp‘zl)l';“—l) for each tag sequence. BRfw}) doesn’'t change for each tag sequence;
we are always asking about the most likely tag sequence éosdime observation,
which must have the same probabilRywy). Thus we can choose the tag sequence
which maximizes this simpler formula:

&1 = argmaP(Wi|t)P(t7)
A

To summarize, the most probable tag sequépggven some word strings] can
be computed by taking the product of two probabilities focleéag sequence, and
choosing the tag sequence for which this product is greafidst two terms are the
prior probability of the tag sequence(t])), and thelikelihood of the word string
P(wilty):

likelihood prior
. ——
{7 = argmaxP(Wj|t]) P(t7)
1
Unfortunately, (5.28) is still too hard to compute directyMM taggers therefore
make two simplifying assumptions. The first assumption & the probability of a

word appearing is dependent only on its own part-of-spesghthat it is independent
of other words around it, and of the other tags around it:

PR =~ []Powi)

The second assumption is that the probability of a tag appeer dependent only
on the previous tag, thHegram assumption we saw in Ch. 4:

Pt)) ~ |j P(tilti—1)

Plugging the simplifying assumptions (5.29) and (5.30) i(8.28) results in the
following equation by which a bigram tagger estimates thetpmbable tag sequence:

n
{7 = argmaP(t]|w}) ~ argmaxrl P(wilti)P(t[ti—1)
il L

i
Equation (5.31) contains two kinds of probabilities, taapsition probabilities and
word likelihoods. Let’s take a moment to see what these fitibas represent. The
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(5.32)

(5.33)

(5.34)

(5.35)

tag transition probabilitie®(t;ti_1), represent the probability of a tag given the previ-
ous tag. For example, determiners are very likely to preedgictives and nouns, as in
sequences likehat/DT flight/NNandthe/DT yellow/JJ hat/NNThus we would expect
the probabilitied(NN|DT) andP(JJDT) to be high. But in English, adjectives don't
tend to precede determiners, so the probatf{tpT|JJ ought to be low.

We can compute the maximum likelihood estimate of a tag itiansprobability
P(NN|DT) by taking a corpus in which parts-of-speech are labeled andting, out
of the times we see DT, how many of those times we see NN a#ddih That is, we
compute the following ratio of counts:

C(ti—1,t)
C(ti—1)

Let's choose a specific corpus to examine. For the examplisgsrchapter we'll
use the Brown corpus, the 1 million word corpus of Americaglish described earlier.
The Brown corpus has been tagged twice, once in the 1960i¢hat87-tag tagset, and
again in the 1990’s with the 45-tag Treebank tagset. Thisamékiseful for comparing
tagsets, and is also widely available.

In the 45-tag Treebank Brown corpus, the tag DT occurs 1¥gjates. Of these,
DT is followed by NN 56,509 times (if we ignore the few casesaofbiguous tags).
Thus the MLE estimate of the transition probability is cédted as follows:

P(ti|ti,l) =

C(DT,NN) 56,509
C(DT) 116454

The probability of getting a common noun after a determirid, is indeed quite
high, as we suspected.

The word likelihood probabilitieR(wit; ), represent the probability, given that we
see a given tag, that it will be associated with a given woait.example if we were to
see the tag VBZ (third person singular present verb) andsghesverb that is likely to
have that tag, we might likely guess the véspsince the verlio beis so common in
English.

We can compute the MLE estimate of a word likelihood probigtike P(is|VBZ)
again by counting, out of the times we see VBZ in a corpus, hamynof those times
the VBZ is labeling the words. That is, we compute the following ratio of counts:

P(NN|DT) = 49

C(ti, W)
C(ti)
In Treebank Brown corpus, the tag VBZ occurs 21,627 timed,\d4BZ is the tag
foris 10,073 times. Thus:

P(Wi|ti) =

C(vBzis) 10,073
C(VBZ) 21,627
For those readers who are new to Bayesian modeling notenikdikielihood term
is not asking “which is the most likely tag for the woigl. That is, the term is not
P(VBZ]is). Instead we are computir(is|VBZ). The probability, slightly counterin-
tuitively, answers the question “If we were expecting adhgerson singular verb, how
likely is it that this verb would bés?”.

P(isVBZ) = 47
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(5.36)
(5.37)

We have now defined HMM tagging as a task of choosing a tageseguwith the
maximum probability, derived the equations by which we wdlinpute this probability,
and shown how to compute the component probabilities. linviacave simplified the
presentation of the probabilities in many ways; in latetises we will return to these
equations and introduce the deleted interpolation algarfor smoothing these counts,
the trigram model of tag history, and a model for unknown vgord

But before turning to these augmentations, we need to int®the decoding algo-
rithm by which these probabilities are combined to choosartbst likely tag sequence.

5.5.1 Computing the most-likely tag sequence: A motivatingx-
ample

The previous section showed that the HMM tagging algorithhooses as the most
likely tag sequence the one that maximizes the product oféwas; the probability of
the sequence of tags, and the probability of each tag gémgeatvord. In this section
we ground these equations in a specific example, showingdartecular sentence how
the correct tag sequence achieves a higher probabilitydharof the many possible
wrong sequences.

We will focus on resolving the part-of-speech ambiguity feé tvordrace, which
can be anoun or verb in English, as we show in two examplesfiraddiiom the Brown
and Switchboard corpus. For this example, we will use th&§Brown corpus tagset,
because it has a specific tag foy TO, used only wheto is an infinitive; prepositional
uses oto are tagged as IN. This will come in handy in our examiple.

In (5.36)raceis a verb (VB) while in (5.37Jaceis a common noun (NN):

Secretariat/NNP is/BEZ expected/VBN to/Téce/\VB tomorrow/NR

People/NNS continue/VB to/TO inquire/VB the/AT reason/fiWIN the/AT
race/NN for/IN outer/JJ space/NN

Let's look at howracecan be correctly tagged as a VB instead of an NN in (5.36).
HMM part-of-speech taggers resolve this ambiguity glopedther than locally, pick-
ing the best tag sequence for the whole sentence. There asehypothetically pos-
sible tag sequences for (5.36), since there are other aitibgyin the sentence (for
exampleexpecteaan be an adjective (JJ), a past tense/preterite (VBD) ostappatici-
ple (VBN)). But let’s just consider two of the potential semees, shown in Fig. 5.12.
Note that these sequences differ only in one place; wheligetaly chosen faraceis
VB or NN.

Almost all the probabilities in these two sequences aretidaln in Fig. 5.12 we
have highlighted in boldface the three probabilities thiffed Let’'s consider two
of these, corresponding ®(ti|ti_1) and P(wilti). The probabilityP(ti|ti_1) in Fig-
ure 5.12ai(VB|TO), while in Figure 5.12b the transition probabilityP§NN|TO).

The tag transition probabilitidd(NN|TO) andP(VB|TO) give us the answer to the
question “How likely are we to expect a verb (noun) given thevipus tag?” As we

1 The 45-tag Treebank-3 tagset does make this distinctioharStvitchboard corpus but not, alas, in the
Brown corpus. Recall that in the 45-tag tagset time advekesdmorroware tagged as NN; in the 87-tag
tagset they appear as NR.



22

Chapter 5. Word Classes and Part-of-Speech Tagging

sesspe

Secretariat is expected to race tomorrow
. 900000
Secretariat is expected to race tomorrow

Figure 5.12 Two of the possible sequences of tags corresponding to theet&eat
sentence, one of them corresponding to the correct sequengkichraceis a VB. Each
arc in these graphs would be associated with a probabilibye khat the two graphs differ

only in 3 arcs, hence in 3 probabilities.

saw in the previous section, the maximum likelihood esterfat these probabilities
can be derived from corpus counts.

Since the (87-tag Brown tagset) tag TO is used only for thaiinfe markerto, we
expect that only a very small number of nouns can follow théskar (as an exercise,
try to think of a sentence where a noun can follow the infigitimarker use ofo).
Sure enough, a look at the (87-tag) Brown corpus gives usofleing probabilities,
showing that verbs are about 500 times as likely as nounsciar @adter TO:

P(NN|TO) = .00047
P(VB|TO) = .83
Let's now turn toP(wi|t;), the lexical likelihood of the wordace given a part-of-

speech tag. For the two possible tags VB and NN, these camegp the probabilities
P(raceVB) andP(racéNN). Here are the lexical likelihoods from Brown:

P(raceNN) .00057
P(racdVB) = .00012

Finally, we need to represent the tag sequence probalalityé following tag (in this
case the tag NR faomorrow):

P(NR|VB) = .0027
P(NR|NN) = .0012

If we multiply the lexical likelihoods with the tag sequenababilities, we see
that the probability of the sequence with the VB tag is higled the HMM tagger
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WEIGHTED

MARKOV CHAIN

HIDDEN MARKOV
MODEL

HMM

correctly tagsaceas a VB in Fig. 5.12 despite the fact that it is the less likelyse of
race

P(VB|TO)P(NR|VB)P(racdVB) = .00000027
P(NN|TO)P(NR|NN)P(racéNN) = .00000000032

5.5.2 Formalizing Hidden Markov Model taggers

Now that we have seen the equations and some examples ofrep s most probable
tag sequence, we show a brief formalization of this problsmldidden Markov Model
(see Ch. 6 for the more complete formalization).

The HMM is an extension of the finite automata of Ch. 3. Redal ta finite
automaton is defined by a set of states, and a set of trarshigveen states that are
taken based on the input observationsvéighted finite-state automatonis a simple
augmentation of the finite automaton in which each arc iscaatea with a probability,
indicating how likely that path is to be taken. The probapitin all the arcs leaving
a node must sum to 1. Markov chain is a special case of a weighted automaton
in which the input sequence uniquely determines which sttite automaton will go
through. Because they can't represent inherently ambigpmblems, a Markov chain
is only useful for assigning probabilities to unambiguoegiences.

While the Markov chain is appropriate for situations whee ean see the actual
conditioning events, it is not appropriate in part-of-sgetagging. This is because in
part-of-speech tagging, while we observe the words in tpetinwe donot observe
the part-of-speech tags. Thus we can’t condition any pridibab on, say, a previous
part-of-speech tag, because we cannot be completelyrtextactly which tag applied
to the previous word. Adidden Markov Model (HMM ) allows us to talk about both
observedevents (like words that we see in the input) dnddenevents (like part-of-
speech tags) that we think of as causal factors in our préstabmodel.

An HMM is specified by the following components:

Q=0102...0n a set ofN states

A=ajiai2...an1...apn  atransition probability matrix A, eacha;j rep-
resenting the probability of moving from state
to statej, s.t. ZT:laij =1V

O=0107...07 a sequence of observations each one drawn
from a vocabulary¥ = vi,va,...,Ww.
B=nhi(o) A sequence ofobservation likelihoods; also

called emission probabilities each expressing
the probability of an observationy being gen-
erated from a state

do, 9k a speciabtart state andend (final) statewhich
are not associated with observations, together
with transition probabilitieggiag,..ag, out of the
start state andirayr...anr into the end state.
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Figure 5.13 The Markov chain corresponding to the hidden states of thévHVhe A
transition probabilities are used to compute the prior phility.

An HMM thus has two kinds of probabilities; th& transition probabilities, and
the B observation likelihoods, corresponding respectivelyhmprior andlikelihood
probabilities that we saw in equation (5.31). Fig. 5.13silfates the prior probabilities
in an HMM part-of-speech tagger, showing 3 sample statesame of theA transition
probabilities between them. Fig. 5.14 shows another vieandfiIMM part-of-speech
tagger, focusing on the word likelihoods Each hidden state is associated with a
vector of likelihoods for each observation word.

B

2
P(“aardvark” | TO)

P(‘race” | TO)
P(‘the” | TO)

P(to” 1 TO)

P(“zebra” | TO)

P(“aardvark” | VB) P(“aardvark” | NN)
P(“race” | VB) P(“race” | NN)
P(“the” | VB) P(“the” | NN)
P(“to” | VB) P(“to” | NN)
i5(“zebra" | VB) if"(“zebra" 1 NN)

Figure 5.14 The B observation likelihoods for the HMM in the previous figureadh
state (except the non-emitting Start and End states) isi@sed with a vector of probabil-
ities, one likelihood for each possible observation word.
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DECODING
VITERBI

5.5.3 The Viterbi Algorithm for HMM Tagging

For any model, such as an HMM, that contains hidden variatilegask of determin-
ing which sequence of variables is the underlying sourcewfessequence of observa-
tions is called thelecodingtask. TheViterbi algorithm is perhaps the most common
decoding algorithm used for HMMs, whether for part-of-sgetgging or for speech
recognition. The ternViterbi is common in speech and language processing, but this
is really a standard application of the clasgimamic programming algorithm, and
looks a lot like theminimum edit distance algorithm of Ch. 3. The Viterbi algorithm
was first applied to speech and language processing in thiextaf speech recogni-
tion by Vintsyuk (1968), but has what Kruskal (1983) calls@emarkable history of
multiple independent discovery and publication’; see tligdtly section at the end of
Ch. 6 for more details.

The slightly simplified version of the Viterbi algorithm thae will present takes
as input a single HMM and a set of observed wadds (010203...07) and returns the
most probable state/tag sequefXe (010203 ... qr), together with its probability.

Let the HMM be defined by the two tables in Fig. 5.15 and Fig65.Eig. 5.15
expresses tha;; probabilities, theransition probabilities between hidden states (i.e.
part-of-speech tags). Fig. 5.16 expressedif®) probabilities, theobservatiorlike-
lihoods of words given tags.

VB TO NN PPSS
<s> .019 .0043 .041 .067
VB .0038 .035 .047 .0070
TO .83 0 .00047 0
NN .0040 .016 .087 .0045
PPSS .23 .00079 .0012 .00014

Figure 5.15  Tag transition probabilities (thearray, p(ti|ti_1)) computed from the 87-
tag Brown corpus without smoothing. The rows are labeleth Wie conditioning event;
thusP(PPS$VB) is .0070. The symboks> is the start-of-sentence symbol.

| want to race
VB 0 .0093 0 .00012
TO 0 0 .99 0
NN 0 .000054 0 .00057
PPSS 37 0 0 0

Figure 5.16 Observation likelihoods (thé array) computed from the 87-tag Brown

corpus without smoothing.

Fig. 5.17 shows pseudocode for the Viterbi algorithm. Thendi algorithm sets
up a probability matrix, with one column for each observati@and one row for each
state in the state graph. Each column thus has a cell for datdgsin the single
combined automaton for the four words.



26

Chapter 5. Word Classes and Part-of-Speech Tagging

(5.38)

function VITERBI(observation®f len T,state-graptof len N) returns best-path

create a path probability matrisiterbi[N+2,T]
for each statsfrom 1to Ndo ;initialization step
viterbi[s, 1]« ag s * bs(01)
backpointefs,1]< 0
for each time stepfrom 2to T do ;recursion step
for each statsfrom 1to N do

viterbi[s,t]Hrg’\éx viterbi[g,t — 1] * ags * bs(0t)
-1 ’

backpointe[s,t]garg'lynax viterbi[s,t — 1] x ag g
g=1

o N —
viterbi[gr, T] « malx viterbi[s, T] * asge ; termination step
o

backpointefgr,T] arg’?lnax viterbi[s, T] * agg: ; termination step

s=1
return the backtrace path by following backpointers to states bactime from
backpointefgr, T]

Figure 5.17  Viterbi algorithm for finding optimal sequence of tags. Givan observa-
tion sequence and an HMR = (A, B), the algorithm returns the state-path through the
HMM which assigns maximum likelihood to the observationusstce. Note that states
andgg are non-emitting.

The algorithm first createld or four state columns. The first column corresponds
to the observation of the first woidthe second to the second wasént the third to
the third wordto, and the fourth to the fourth womdce We begin in the first column
by setting the viterbi value in each cell to the product ofttia@sition probability (into
it from the state state) and the observation probabilitytifef first word); the reader
should find this in Fig. 5.18.

Then we move on, column by column; for every state in colummelcompute the
probability of moving into each state in column 2, and so aor. éach state; at time
t, the valueviterbi[s,t] is computed by taking the maximum over the extensions of all
the paths that lead to the current cell, following the folilogvequation:

w(i) = maxe-a(i) a bj o)

The three factors that are multiplied in Eq. 5.38 for extegdhe previous paths to
compute the Viterbi probability at tinteare:

vi—1(i) theprevious Viterbi path probability from the previous time step
aij thetransition probability from previous state; to current state;

bj(o) thestate observation likelihoodof the observation symba given
the current stat¢
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Figure 5.18 The entries in the individual state columns for the Vitedgoaithm. Each cell keeps the probabi
ity of the best path so far and a pointer to the previous cefigithat path. We have only filled out columns 0 and
1 and one cell of column 2; the rest is left as an exercise ®ré¢ader. After the cells are filled in, backtracjng
from theendstate, we should be able to reconstruct the correct stateeseg PPSS VB TO VB.

In Fig. 5.18, each cell of the trellis in the column for the @adris computed by
multiplying the previous probability at the start state0]1the transition probability
from the start state to the tag for that cell, and the obsenvdikelihood of the word
| given the tag for that cell. As it turns out, three of the calls zero (since the word
| can be neither NN, TO nor VB). Next, each cell in twantcolumn gets updated
with the maximum probability path from the previous columite have shown only
the value for the VB cell. That cell gets the max of four valuags it happens in this
case, three of them are zero (since there were zero values previous column). The
remaining value is multiplied by the relevant transitiomlpability, and the (trivial)
max is taken. In this case the final value, .000051, comes fhenPPSS state at the
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(5.39)

(5.40)

(5.41)

(5.42)

previous column.
The reader should fill in the rest of the trellis in Fig. 5.18ddacktrace to recon-
struct the correct state sequence PPSS VB TO VB.

5.5.4 Extending the HMM algorithm to trigrams

We mentioned earlier that HMM taggers in actual use have aoeuof sophistications
not present in the simplified tagger as we have described farsoOne important
missing feature has to do with the tag context. In the taggsciibed above, we
assume that the probability of a tag appearing is depenaénba the previous tag:

P(t]) =~ IE! P(tifti—1)

Most modern HMM taggers actually use a little more of thedrigtletting the
probability of a tag depend on the two previous tags:

Pt) ~ |j P(tifti—1,ti—2)

In addition to increasing the window before a tagging decisistate-of-the-art
HMM taggers like Brants (2000) let the tagger know the lamatof the end of the
sentence by adding dependence on an end-of-sequence fivatket. This gives the
following equation for part of speech tagging:

n
{7 = argmaP(tf|w}) ~ argmax[rlP(wi Pt |til,ti2)1 P(tns1/tn)

n n |
t t i

In tagging any sentence with (5.41), three of the tags ustittinontext will fall off
the edge of the sentence, and hence will not match regulatsvdihese tags, 1, to,
andtp 1, can all be set to be a single special ‘sentence boundaryiéch is added to
the tagset. This requires that sentences passed to the teygesentence boundaries
demarcated, as discussed in Ch. 3.

There is one large problem with (5.41); data sparsity. Anyigpalar sequence of
tagsti_2,ti_1,t that occurs in the test set may simply never have occurrdetitraining
set. That means we cannot compute the tag trigram prohyajoisit by the maximum
likelihood estimate from counts, following Equation (5)42

Cti—2,ti—1,ti) .
C(ti—2,ti—1)

Why not? Because many of these counts will be zero in anyitigiset, and we will
incorrectly predict that a given tag sequence will neveuocgvhat we need is a way
to estimateP(ti|ti_1,ti_2) even if the sequende »,t_1,t never occurs in the training
data.

P(tilti—1,ti—2) =
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The standard approach to solve this problem is to estimatpritbability by com-
bining more robust, but weaker estimators. For examplegif/@never seen the tag
sequence PRP VB TO, so we can't compB{& O|PRP,VB) from this frequency, we
still could rely on the bigram probabiliti?(TO|VB), or even the unigram probabil-
ity P(TO). The maximum likelihood estimation of each of thesebatilities can be
computed from a corpus via the following counts:
. 5 C(ti—2,ti—1,t)
5.43 T Pltilt_1.t_o) = ——=2 =1
(5.43) rigrams P(tifti—1,ti—2) Ch 2t 1)
. 5o Cltiigt)
(5.44) Bigrams  P(tjfti_1) = Ct o)
(5.45) Unigrams P(t) = %
How should these three estimators be combined in order imast the trigram
probability P(titi_1,ti_2)? The simplest method of combination is linear interpotatio
In linear interpolation, we estimate the probabiRt;|ti_1ti_2) by a weighted sum of
the unigram, bigram, and trigram probabilities:
(5.46) P(tilti_ati—2) = A1P(tifti—1ti_2) + AP (tifti_1) + AsP(t)

DELETED
INTERPOLATION

We require\1 + A2+ Az = 1, insuring that the resulting P is a probability distribu
tion. How should thesgs be set? One good waydeleted interpolation, developed
by Jelinek and Mercer (1980). In deleted interpolation, wecsssively delete each
trigram from the training corpus, and choose Aseso as to maximize the likelihood
of the rest of the corpus. The idea of the deletion is to sehthim such a way as to
generalize to unseen data and not overfit the training cofigs5.19 gives the Brants
(2000) version of the deleted interpolation algorithm fy trigrams.

Brants (2000) achieves an accuracy of 96.7% on the Penndmketith a trigram
HMM tagger. Weischedel et al. (1993) and DeRose (1988) heeraported accu-
racies of above 96% for HMM tagging. (Thede and Harper, 199y a number of
augmentations of the trigram HMM model, including the idéaonditioning word
likelihoods on neighboring words and tags.

The HMM taggers we have seen so far are trained on hand-tatgged Kupiec
(1992), Cutting et al. (1992), and others show that it is glsssible to train an HMM
tagger on unlabeled data, using the EM algorithm that weimtiibduce in Ch. 6. These
taggers still start with a dictionary which lists which tagsn be assigned to which
words; the EM algorithm then learns the word likelihood ftioe for each tag, and
the tag transition probabilities. An experiment by Mer@(d994), however, indicates
that with even a small amount of training data, a tagger @é&ion hand-tagged data
worked better than one trained via EM. Thus the EM-traineatépHMM” tagger is
probably best suited to cases where no training data isadlejl for example when
tagging languages for which there is no previously handedgiata.
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function DELETED-INTERPOLATIONCOrpuUg returns Aq,A2,A3

A0
A0
A3—0
foreach trigramty, tp, t3 with f(t1,tp,t3) >0
dependingon the maximum of the following three values
case%ﬁl’ll: incrementAz by C(t,t,t3)

casecété’zt;:l: increment\, by C(ty,tp,13)

case%: increment\1 by C(ts,tp,t3)

end
end
normalizeh1,A2, A3
return Aq,A2,A3

Figure 5.19 The deleted interpolation algorithm for setting the wesgfior combining
unigram, bigram, and trigram tag probabilities. If the daimmator is O for any case, we
define the result of that case to be 0. N is the total numberkefit® in the corpus. After
Brants (2000).

5.6 TRANSFORMATION-BASED TAGGING

Transformation-Based Tagging, sometimes called Brilgbag, is an instance of the
TRANSFORMATION. Transformation-Based Learning (TBL) approach to machine learning (Brill, 1995),
and draws inspiration from both the rule-based and stocht@sgigers. Like the rule-
based taggers, TBL is based on rules that specify what tamddste assigned to
what words. But like the stochastic taggers, TBL is a mach&aening technique,
in which rules are automatically induced from the data. Lskene but not all of the
HMM taggers, TBL is a supervised learning technique; it asssia pre-tagged training
corpus. _

Samuel et al. (1998) offer a useful analogy for understapttie TBL paraigm,
which they credit to Terry Harvey. Imagine an artist paigtipicture of a white house
with green trim against a blue sky. Suppose most of the @otvas sky, and hence
most of the picture was blue. The artist might begin by usinvgry broad brush and
painting the entire canvas blue. Next she might switch toraesehat smaller white
brush, and paint the entire house white. She would just d¢oltre whole house, not
worrying about the brown roof, or the blue windows or the grgables. Next she
takes a smaller brown brush and colors over the roof. Nowadkestup the blue paint
on a small brush and paints in the blue windows on the housallffishe takes a very
fine green brush and does the trim on the gables.

The painter starts with a broad brush that covers a lot of #mvas but colors a
lot of areas that will have to be repainted. The next layeoroless of the canvas,
but also makes less “mistakes”. Each new layer uses a finshbhat corrects less of
the picture, but makes fewer mistakes. TBL uses somewhaidime method as this
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(5.47)

(5.48)

(5.49)

TEMPLATES

painter. The TBL algorithm has a set of tagging rules. A cerisufirst tagged using
the broadest rule, that is, the one that applies to the masiscarhen a slightly more
specific rule is chosen, which changes some of the origigal tdext an even narrower
rule, which changes a smaller number of tags (some of whigdhirbe previously

changed tags).

5.6.1 How TBL Rules Are Applied

Let’s look at one of the rules used by Brill's (1995) taggeef@e the rules apply, the
tagger labels every word with its most-likely tag. We gesthenost-likely tags from a
tagged corpus. For example, in the Brown corpaseis most likely to be a noun:

P(NNjrace = .98
P(VB|racg = .02

This means that the two examplesratethat we saw above will both be coded as
NN. In the first case, this is a mistake, as NN is the incoriagt t

is/VBZ expected/VBN to/TO racBN tomorrow/NN
In the second case thiaceis correctly tagged as an NN:
the/DT racelNN for/IN outer/JJ space/NN

After selecting the most-likely tag, Brill's tagger apiés transformation rules.
As it happens, Brill's tagger learned a rule that appliescdydo this mistagging of
race

ChangeNN to VB when the previous tag iEO

This rule would changeace/NNto race/VBin exactly the following situation, since
it is preceded byo/TO.

expected/VBN to/TO race/NN- expected/VBN to/TO race/VB

5.6.2 How TBL Rules Are Learned

Brill's TBL algorithm has three major stages. It first labelgery word with its most-
likely tag. It then examines every possible transformatiemd selects the one that
results in the most improved tagging. Finally, it then rgstéhe data according to this
rule. The last two stages are repeated until some stoppitegion is reached, such as
insufficient improvement over the previous pass. Note ta@festwo requires that TBL
knows the correct tag of each word; that is, TBL is a supedvisarning algorithm.

The output of the TBL process is an ordered list of transfdiona; these then
constitute a “tagging procedure” that can be applied to acayus. In principle the
set of possible transformations is infinite, since we conldgine transformations such
as “transform NN to VB if the previous word was “IBM” and the wb“the” occurs
between 17 and 158 words before that”. But TBL needs to cengdery possible
transformation, in order to pick the best one on each passigffirthe algorithm. Thus
the algorithm needs a way to limit the set of transformatidriss is done by designing
a small set ofemplates(abstracted transformations). Every allowable transéiiom
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is an instantiation of one of the templates. Brill's set ahfdates is listed in Fig. 5.20.
Fig. 5.21 gives the details of this algorithm for learningsformations.

The preceding (following) word is tagged
The word two before (after) is tagged
One of the two preceding (following) words is tagged
One of the three preceding (following) words is tagged
The preceding word is taggedand the following word is tagged.
The preceding (following) word is taggedand the word
two before (after) is tagged.

Figure 5.20  Brill's (1995) templates. Each begins witBhange taga to taghb when:
...". The variables, b, z, andw range over parts-of-speech.

At the heart of Fig. 5.21 are the two function€ GBEST_.TRANSFORMATION
and GET_BEST.INSTANCE. GET_BEST.TRANSFORMATION is called with a list of
potential templates; for each template, it callETGBESTINSTANCE. GET_BEST.-
INSTANCE iteratively tests every possible instantiation of eachpiate by filling in
specific values for the tag variablasb, z, andw.

In practice, there are a number of ways to make the algoritturerafficient. For
example, templates and instantiated transformations eaudggested in a data-driven
manner; a transformation-instance might only be suggéfstedould improve the tag-
ging of some specific word. The search can also be made marieefiby pre-indexing
the words in the training corpus by potential transformatiRoche and Schabes (1997)
show how the tagger can also be speeded up by converting @aahto a finite-state
transducer and composing all the transducers.

Fig. 5.22 shows a few of the rules learned by Brill’s origitejger.

5.7 EBEVALUATION AND ERRORANALYSIS

DEVELOPMENT TEST
SET

DEVTEST

The probabilities in a statistical model like an HMM POSgagcome from the corpus
it is trained on. We saw in Se@? that in order to train statistical models like taggers
or N-grams, we need to set asiddraining set. The design of the training set or
training corpus needs to be carefully considered. If the training corpusasspecific

to the task or domain, the probabilities may be too narrowrastcdheneralize well to
tagging sentences in very different domains. But if thenirgy corpus is too general,
the probabilities may not do a sufficient job of reflecting task or domain.

For evaluatingN-grams models, we said in Se2? that we need to divide our
corpus into a distinct training set, test set, and a secasidsé&t called a development
test set. We train our tagger on the training set. Then we hesddvelopment test
set(also called alevtestset) to perhaps tune some parameters, and in general decide
what the best model is. Then once we come up with what we tisittka best model,
we run it on the (hitherto unseen) test set to see its perfocmaWe might use 80%
of our data for training, and save 10% each for devtest arid Why do we need a
development test set distinct from the final test set? Becdwse used the final test
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function TBL(corpug returns transforms-queue

INTIALIZE -WITH-MOST-LIKELY -TAGS(COrpug

until end condition is metlo
templates— GENERATE-POTENTIAL-RELEVANT-TEMPLATES
best-transform— GET-BEST TRANSFORMcOrpustemplatey
APPLY-TRANSFORMbest-transformcorpug
ENQUEUHbest-transform-rulgtransforms-queye

end

return (transforms-quede

function GET-BEST-TRANSFORMcorpustemplatesreturns transform
for eachtemplatein templates
(instancescorg <+ GET-BEST-INSTANCHcorpustemplate
if (score> best-transform.scojehen best-transform— (instancescore
return (best-transform

function GET-BESTINSTANCHcoOrpus templateyeturns transform
for from-tag— from tag; to tag, do
for to-tag— from tag; to tag, do
for pos— from 1to corpus-sizelo
if (correct-tagpo9 ==to-tag&& current-tagpog == from-tag
num-good-transfornfsurrent-tagpos—1))++
elseif(correct-tagpog==from-tag&& current-tagpog==Ffrom-tag
num-bad-transforn{surrent-tagpos—1))++
end
best-Z— ARGMAX(num-good-transforngy - num-bad-transforn{s))
if (num-good-transforngbest-Z - num-bad-transforn{best-2
> best-instance.scoygéhen
best.rule—“Change tag fromfrom-tagto to-tagif prev tag is best-Z
best.score- num-good-transfornfpest-7 - num-bad-transforn{best-2
return (bes)

procedure APPLY-TRANSFORM(transform corpug
for pos— from 1to corpus-sizedo
if (current-tagpog==best-rule-fron
& ( current-tagpos—1)==best-rule-prey)
current-tagpos < best-rule-to

Figure 5.21 The TBL algorithm for learning to tag. & _BEST_INSTANCEWould have
to change for transformation templates other tt@nange tag from X to Y if previous tag
is Z". After Brill (1995).

set to compute performance for all our experiments durirrgleuelopment phase, we
would be tuning the various changes and parameters to thi©sefinal error rate on
the test set would then be optimistic: it would underestéthg true error rate.
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CROSSVALIDATION

10-FOLD
CROSSVALIDATION

BASELINE
CEILING

Change tags
From| To | Condition Example
NN VB Previous tag is TO to/TO race/NN— VB

VBP | VB One of the previous 3 tags is M
NN VB One of the previous 2 tags is M
VB NN One of the previous 2 tags is D]
VBD | VBN | One of the previous 3 tags is VB

might/MD vanish/VBP— VB
might/MD not reply/NN— VB

g~ WN P H*

N YU U

Figure 5.22  The first 20 nonlexicalized transformations from Brill (B)9

The problem with having a fixed training set, devset, anddesis that in order to
save lots of data for training, the test set might not be largrigh to be representative.
Thus a better approach would be to somehowalseur data both for training and
test. How is this possible? The idea is to esessvalidation In crossvalidation, we
randomly choose a training and test set division of our dedé) our tagger, and then
compute the error rate on the test set. Then we repeat wiffeaatit randomly selected
training set and test set. We do this sampling process 1&tiamel then average these
10 runs to get an average error rate. This is call@dold crossvalidation

The only problem with cross-validation is that becausetaldata is used for test-
ing, we need the whole corpus to be blind; we can’t examinedditiye data to suggest
possible features, and in general see what's going on. Biirig at the corpus is of-
ten important for designing the system. For this reasondbremon to create a fixed
training set and test set, and then to do 10-fold crossuaidanside the training set,
but compute error rate the normal way in the test set.

Once we have a test set, taggers are evaluated by compaeinigtieling of the test
set with a human-labele@old Standard test set, based aaccuracy. the percentage
of all tags in the test set where the tagger and the Gold stdradmee. Most current
tagging algorithms have an accuracy of around 96—97% faulsitagsets like the Penn
Treebank set. These accuracies are for words and punctugit@accuracy for words
only would be lower.

How good is 97%7? Since tagsets and tasks differ, the perfocenaf tags can be
compared against a lower-boubdselineand an upper-bounckiling. One way to set
a ceiling is to see how well humans do on the task. Marcus €1293), for example,
found that human annotators agreed on about 96—97% of thétdye Penn Treebank
version of the Brown corpus. This suggests that the Golddstahmay have a 3-4%
margin of error, and that it is meaningless to get 100% aogui@odeling the last
3% would just be modeling noise). Indeed Ratnaparkhi (18B6)ved that the tagging
ambiguities that caused problems for his tagger were gxtmtlones that humans had
labeled inconsistently in the training set. Two experirsdnt Voutilainen (1995, p.
174), however, found that when humans were allowed to déstags, they reached
consensus on 100% of the tags.

Human Ceiling: When using a human Gold Standard to evaluate a classification
algorithm, check the agreement rate of humans on the stdndar

The standardaseling suggested by Gale et al. (1992) (in the slightly different
context of word-sense disambiguation), is to chooseutligram most-likely tag for
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PAIRED TESTS

WILCOXON
SIGNED-RANK TEST
PAIRED T-TESTS
MAPSSWE

MCNEMAR TEST

each ambiguous word. The most-likely tag for each word candmputed from a
hand-tagged corpus (which may be the same as the trainipgséor the tagger being
evaluated).

Most Frequent Class BaselineAlways compare a classifier against a baseline
at least as good as the most frequent class baseline (agsiggih token to the
class it occurred in most often in the training set).

Tagging algorithms since Harris (1962) incorporate this fr@quency intuition.
Charniak et al. (1993) showed that this baseline algoritbinmesres an accuracy of 90—
91% on the 87-tag Brown tagset; Toutanova et al. (2003) stidkat a more complex
version, augmented with an unknown word model, achieve@98.on the 45-tag
Treebank tagset.

When comparing models it is important to use statisticaktéatroduced in any
statistics class or textbook for the social sciences) terdene if the difference be-
tween two models is significant. Cohen (1995) is a usefulregige which focuses
on statistical research methods for artificial intelligenDietterich (1998) focuses on
statistical tests for comparing classifiers. When statifiii comparing sequence mod-
els like part-of-speech taggers, it is important to paged tests Commonly used
paired tests for evaluating part-of-speech taggers imcthdWilcoxon signed-rank
test, paired t-tests versions of matched t-tests such as the Matched-Pair i8ante
Segment Word ErrodNAPSSWE) test originally applied to speech recognition word
error rate, and th®lcNemar test.

5.7.1 Error Analysis

In order to improve any model we need to understand whererit weong. Analyzing
the error in a classifier like a part-of-speech tagger is doae confusion matrix,

or contingency table A confusion matrix for arN-way classification task is aN-
by-N matrix where the cel(x,y) contains the number of times an item with correct
classificationxwas classified by the model gsFor example, the following table shows
a portion of the confusion matrix from the HMM tagging expeeints of Franz (1996).
The row labels indicate correct tags, column labels inditla¢ tagger’s hypothesized
tags, and each cell indicates percentage of the overalirtgggror. Thus 4.4% of
the total errors were caused by mistagging a VBD as a VBN. Comatrrors are
boldfaced.

IN JJ NN NNP RB VBD VBN
IN - 2 e
JJ 2 - 3.3 2.1 1.7 2 2.7
NN 8.7 - 2
NNP 2 3.3 4.1 - 2
RB 2.2 2.0 5 -
VBD 3 5 - 4.4
VBN 2.8 2.6 -
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The confusion matrix above, and related error analysesanz-(1996), Kupiec
(1992), and Ratnaparkhi (1996), suggest that some majbigms facing current tag-
gers are:

1. NN versus NNP versus JJ:These are hard to distinguish prenominally. Dis-
tinguishing proper nouns is especially important for imfi@ation extraction and
machine translation.

2. RP versus RB versus IN:All of these can appear in sequences of satellites
immediately following the verb.

3. VBD versus VBN versus JJ:Distinguishing these is important for partial pars-
ing (participles are used to find passives), and for corrdahieling the edges of
noun-phrases.

Error analysis like this is a crucial part of any computaéidimguistic application. Er-
ror analysis can help find bugs, find problems in the trainetgdand, most important,
help in developing new kinds of knowledge or algorithms te umssolving problems.

5.8 ADVANCED ISSUES INPART-OF-SPEECHTAGGING

5.8.1 Practical Issues: Tag Indeterminacy and Tokenizatio

Tag indeterminacy arises when a word is ambiguous betwedtipfaitags and it is
impossible or very difficult to disambiguate. In this caseme taggers allow the use
of multiple tags. This is the case in both the Penn Treebadkratie British National
Corpus. Common tag indeterminacies include adjectiveugepseterite versus past
participle (JJ/VBD/VBN), and adjective versus noun as preimal modifier (JJ/NN).
Given a corpus with these indeterminate tags, there are 8 teajeal with tag indeter-
minacy when training and scoring part-of-speech taggers:

1. Somehow replace the indeterminate tags with only one tag.

2. In testing, count a tagger as having correctly tagged @etérminate token if it
gives either of the correct tags. In training, somehow chaody one of the tags
for the word.

3. Treat the indeterminate tag as a single complex tag.

The second approach is perhaps the most sensible, althoosjiprevious published
results seem to have used the third approach. This thircbapprapplied to the Penn
Treebank Brown corpus, for example, results in a much laegeset of 85 tags instead
of 45, but the additional 40 complex tags cover a total of dr#i§ word instances out
of the million word corpus.

Most tagging algorithms assume a process of tokenizatierbban applied to the
tags. Ch. 3 discussed the issue of tokenization of periadditinguishing sentence-
final periods from word-internal period in words lile¢c. An additional role for tok-
enization is in word splitting. The Penn Treebank and th&friNational Corpus split
contractions and th's-genitive from their stems:

would/MD n't/RB
children/NNS 's/POS
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HAPAX LEGOMENA

Indeed, the special Treebank tag POS is used only for thelmeargs which must
be segmented off during tokenization.

Another tokenization issue concerns multi-part words. Theebank tagset as-
sumes that tokenization of words likéew Yorkis done at whitespace. The phrase
a New York City firmis tagged in Treebank notation as five separate woed®T
New/NNP York/NNP City/NNP firm/NNhe C5 tagset, by contrast, allow prepositions
like “in terms of to be treated as a single word by adding numbers to each ¢ag, a
in/l131 terms/1132 of/1133

5.8.2 Unknown Words

words people

never use —

could be

only |

know them
Ishikawa Takuboku 1885-1912

All the tagging algorithms we have discussed require a ahetiy that lists the
possible parts-of-speech of every word. But the largesiodiary will still not contain
every possible word, as we saw in Ch. 7. Proper names andyaascare created very
often, and even new common nouns and verbs enter the langtiagaurprising rate.
Therefore in order to build a complete tagger we cannot awisg a dictionary to give
us p(wilti). We need some method for guessing the tag of an unknown word.

The simplest possible unknown-word algorithm is to pretdrad each unknown
word is ambiguous among all possible tags, with equal pritibabThen the tagger
must rely solely on the contextual POS-trigrams to sugdeesptoper tag. A slightly
more complex algorithm is based on the idea that the prababiktribution of tags
over unknown words is very similar to the distribution of $agver words that oc-
curred only once in a training set, an idea that was suggéstdibth Baayen and
Sproat (1996) and Dermatas and Kokkinakis (1995). Thesdsitbat only occur once
are known a$hapax legomenasingularhapax legomenoi. For example, unknown
words andhapax legomenare similar in that they are both most likely to be nouns,
followed by verbs, but are very unlikely to be determinersnterjections. Thus the
likelihood P(wi|t;) for an unknown word is determined by the average of the Bistri
tion over all singleton words in the training set. This idéaising “things we've seen
once” as an estimator for “things we've never seen” will graxseful in the Good-
Turing algorithm of Ch. 4.

Most unknown-word algorithms, however, make use of a muchenpowerful
source of information: the morphology of the words. For eglanwords that end
in -s are likely to be plural nouns (NNS), words ending witld tend to be past par-
ticiples (VBN), words ending witlabletend to be adjectives (JJ), and so on. Even if
we've never seen a word, we can use facts about its morploalofgirm to guess its
part-of-speech. Besides morphological knowledge, ortdyaigic information can be
very helpful. For example words starting with capital leftare likely to be proper
nouns (NP). The presence of a hyphenis also a useful feétywbenated words in the
Treebank version of Brown are most likely to be adjectivd}. (Dhis prevalence of JJs
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(5.50)

(5.51)

is caused by the labeling instructions for the Treebank¢kvbpecified that prenominal
modifiers should be labeled as JJ if they contained a hyphen.

How are these features combined and used in part-of-spagghris? One method
is to train separate probability estimators for each fegtassume independence, and
multiply the probabilities. Weischedel et al. (1993) bsilich a model, based on four
specific kinds of morphological and orthographic featurébey used 3 inflectional
endings {ed -s, -ing), 32 derivational endings (such 4asn, -al, -ive, and-ly), 4 values
of capitalization depending on whether a word is sentenitidi (+/- capitalization, +/-
initial) and whether the word was hyphenated. For each fegtioey trained maximum
likelihood estimates of the probability of the feature gietag from a labeled training
set. They then combined the features to estimate the pidjatfian unknown word
by assuming independence and multiplying:

P(wi|ti) = p(unknown-wordt;) *« p(capitalt;) * p(endings/hyp}t)

Another HMM-based approach, due to Samuelsson (1993) aanat${2000), gen-
eralizes this use of morphology in a data-driven way. In #pgroach, rather than
pre-selecting certain suffixes by hand, all final letter segpes of all words are con-
sidered. They consider such suffixes of up to ten letters penimg for each suffix of
lengthi the probability of the tag given the suffix:

P(t|||n7|+1 In)

These probabilities are smoothed using successivelyeshand shorter suffixes.
Separate suffix tries are kept for capitalized and uncapé@words.

In general, most unknown word models try to capture the featinknown words
are unlikely to be closed-class words like prepositionsir models this fact by only
computing suffix probabilities from the training set for wWisrwhose frequency in the
training set is< 10. In the HMM tagging model of Thede and Harper (1999), tact f
is modeled instead by only training on open-class words.

Note that (5.51) gives an estimatef;|w; ); since for the HMM tagging approach
we need the likelihoogh(w|t;), this can be derived from (5.51) using Bayesian inver-
sion (i.e. using Bayes rule and computation of the two pigts andP(ti|ln—it+1-..In)).

In addition to using capitalization information for unknoewvords, Brants (2000)
also uses capitalization information for tagging known égrby adding a capitaliza-
tion feature to each tag. Thus instead of compuR(tgti_1,t_2) as in (5.44), he actu-
ally computes the probabilit(ti, i |ti_1,Ci—1,t_2,Ci—2). This is equivalent to having
a capitalized and uncapitalized version of each tag, esfigrdoubling the size of the
tagset.

A non-HMM based approach to unknown word detection was thBrid (1995)
using the TBL algorithm, where the allowable templates vaerfined orthographically
(the firstN letters of the words, the lat letters of the word, etc.).

Most recent approaches to unknown word handling, howeweenpine these fea-
tures in a third way: by using maximum entropyigdxEnt) models such as thdaxi-
mum Entropy Markov Model (MEMM ) first introduced by Ratnaparkhi (1996) and
McCallum et al. (2000), and which we will study in Ch. 6. Theximaum entropy ap-
proach is one a family of loglinear approaches to classifinah which many features
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are computed for the word to be tagged, and all the featueesanbined in a model
based on multinomial logistic regression. The unknown wamdlel in the tagger of
Toutanova et al. (2003) uses a feature set extended fronapatkhi (1996), in which
each feature represents a property of a word, includingfeatike:

word contains a number

word contains an upper-case letter

word contains a hyphen

word is all upper-case

word contains a particular prefix (from the set of all prefigéfength< 4)
word contains a particular suffix (from the set of all prefirésength< 4)
word is upper-case and has a digit and a dash Qik€-12

word is upper-case and followed within 3 word by Co., Incc, et

Toutanova et al. (2003) found this last feature, implenmgnt simple company
name detector, to be particularly useful. 3 words by a wda Go. or Inc. Note that
the Ratnaparkhi (1996) model ignored all features with ¢t®less than 10.

Loglinear models have also been applied to Chinese taggiigéng et al. (2005).
Chinese words are very short (around 2.4 characters peowrkword compared with
7.7 for English), but Tseng et al. (2005) found that morphalal features nonetheless
gave a huge increase in tagging performance for unknownsvéiar example for each
characterin an unknown word and each POS tag, they addedry figature indicating
whether that character ever occurred with that tag in argiirg set word. There is
also an interesting distributional difference in unknoworess between Chinese and
English. While English unknown words tend to be proper noii$s of unknown
words in WSJ are NP), in Chinese the majority of unknown wamgscommon nouns
and verbs (61% in the Chinese TreeBank 5.0). These ratiosimikar to German,
and seem to be caused by the prevalence of compounding aphaotagical device in
Chinese and German.

5.8.3 Part-of-Speech Tagging for Other Languages

As the previous paragraph suggests, part-of-speech @gadgorithms have all been
applied to many other languages as well. In some cases, thedsawvork well without
large modifications; Brants (2000) showed the exact sanfernpeance for tagging on
the German NEGRA corpus (96.7%) as on the English Penn TingelBat a number
of augmentations and changes become necessary when deiifitnighly inflected or
agglutinative languages.

One problem with these languages is simply the large numbaroads, when
compared to English. Recall from Ch. 3 that agglutinativiglaages like Turkish (and
to some extent mixed agglutinative-inflectional languddesHungarian) are those in
which words contain long strings of morphemes, where eaadlphsme has relatively
few surface forms, and so it is often possible to clearly Beertorphemes in the surface
text. For example Megyesi (1999) gives the following typeeample of a Hungarian
word meaning “of their hits”:

talalataiknak

talal  -at -a - -k -nak
hit/find nominalizerhis poss.pluttheir dat/gen



40

Chapter 5. Word Classes and Part-of-Speech Tagging

“of their hits”

Similarly, the following list, excerpted from Hakkani-Tét al. (2002), shows a few
of the words producible in Turkish from the raoyu-, 'sleep’:

uyuyorum ‘Il am sleeping’ uyuyorsun ‘you are sleeping’

uyuduk  ‘we slept’ uyumadan ‘without sleeping’

uyuman  ‘your sleeping’ uyurken ‘while (somebody) is sleepi
uyutmak ‘to cause someone to sleep’ uyutturmak ‘to causeesomto cause another

person to sleep’

These productive word-formation processes result in a&laggabulary for these
languages. Oravecz and Dienes (2002), for example, shawa tpaarter-million word
corpus of English has about 19,000 different words (i.e. dagpes); the same size
corpus of Hungarian has almost 50,000 different words. Pprelem continues even
with much larger corpora; note in the table below on Turkisimf Hakkani-Tur et al.
(2002) that the vocabulary size of Turkish is far bigger tiiaat of English and is
growing faster than English even at 10 million words.

Vocabulary Size
Turkish English
1M words [106,547 33,398
10M words (417,775 97,734

The large vocabulary size seems to cause a significant degradh tagging per-
formance when the HMM algorithm is applied directly to adgglative languages. For
example Oravecz and Dienes (2002) applied the exact same lddivare (called
‘TnT’) that Brants (2000) used to achieve 96.7% on both Eigind German, and
achieved only 92.88% on Hungarian. The performance on kiveovds (98.32%) was
comparable to English results; the problem was the perfocean unknown words:
67.07% on Hungarian, compared to around 84-85% for unknoasrdswvith a compa-
rable amount of English training data. Haji¢ (2000) notesgame problem in a wide
variety of other languages (including Czech, Slovene, fiiatg and Romanian); the
performance of these taggers is hugely improved by addirigtimdary which essen-
tially gives a better model of unknown words. In summary, diféiculty in tagging
highly inflected and agglutinative languages is taggingrdnown words.

A second, related issue with such languages is the vast @robimfiormation that
is coded in the morphology of the word. In English, lots obirmhation about syntactic
function of a word is represented by word order, or neighfmpfunction words. In
highly inflectional languages, information such as the qaseninative, accusative,
genitive) or gender (masculine, feminine) is marked on tbeds themselves, and word
order plays less of a role in marking syntactic function.c8itagging is often used a
preprocessing step for other NLP algorithms such as paesimjormation extraction,
this morphological information is crucial to extract. Thigans that a part-of-speech
tagging output for Turkish or Czech needs to include infdiameabout the case and
gender of each word in order to be as useful as parts-of-Bpeiftout case or gender
are in English.

For this reason, tagsets for agglutinative and highly itifie@l languages are usu-
ally much larger than the 50-100 tags we have seen for Endlegips in such enriched

Corpus Size
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tagsets are sequences of morphological tags rather thagle primitive tag. Assign-
ing tags from such a tagset to words means that we are joimlthng the problems of
part-of-speech tagging and morphological disambiguatidekkani-Tur et al. (2002)
give the following example of tags from Turkish, in which th@rd izin has three
possible morphological/part-of-speech tags (and meajing

1. Yerdekiizin temizlenmesi gerek. iz Noun+A3sg+Pnon+Gen
The trace on the floor should be cleaned.

2. Uzerinde parmalzin kalmis iz +Noun+A3sg+P2sg+Nom
Your fingerprint is left on (it).

3. Igeri girmek icinizin alman gerekiyor. izin Noun+A3sg+Pnon+Nom
You need germissionto enter.

Using a morphological parse sequence Nauin+A3sg+Pnon+Gen as the part-
of-speech tag greatly increases the number of parts-a&esp®f course. We can see
this clearly in the morphologically tagged MULTEXT-Eastpora, in English, Czech,
Estonian, Hungarian, Romanian, and Slovene (Dimitrovad. £1898; Erjavec, 2004).
Hajic (2000) gives the following tagset sizes for thesepooa:

Language Tagset Size

English 139
Czech 970
Estonian 476
Hungarian 401
Romanian 486
Slovene 1033

With such large tagsets, it is generally necessary to perfoorphological analysis
on each word to generate the list of possible morphologagpsequences (i.e. the list
of possible part-of-speech tags) for the word. The role eftdgger is then to disam-
biguate among these tags. The morphological analysis caofe in various ways.
The Hakkani-Tur et al. (2002) model of Turkish morphol@j@nalysis is based on the
two-level morphology we introduced in Ch. 3. For Czech aredNMWJLTEXT-East lan-
guages, Haji¢ (2000) and Hajic and Hladka (1998) use alfesgernal dictionary for
each language which compiles out all the possible formsdi @ard, and lists possi-
ble tags for each wordform. The morphological parse alsoially helps address the
problem of unknown words, since morphological parsers caegt unknown stems
and still segment the affixes properly.

Given such a morphological parse, various methods for theirtg itself can be
used. The Hakkani-Tur et al. (2002) model for Turkish uskkekov model of tag se-
guences. The model assigns a probability to sequencessdikagzi n+Noun+A3sg+Pnon+Nom
by computing tag transition probabilities from a trainirgy.Other models use similar
techniques to those for English. Hajic (2000) and Hajid &tladka (1998), for ex-
ample, use a log-linear exponential tagger for the MULTEE&St languages, Oravecz
and Dienes (2002) and Dzeroski et al. (2000) use the TnT Hiter (Brants, 2000),
and so on.
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5.8.4 Combining Taggers

The various part-of-speech tagging algorithms we haveritest can also be com-
bined. The most common approach to tagger combination isrtanultiple taggers
in parallel on the same sentence, and then combine theiupwgjpher by voting or

by training another classifier to choose which tagger tat irua given context. Brill

and Wu (1998), for example, combined unigram, HMM, TBL, arakimum-entropy

taggers by voting via a higher-order classifier, and showsahall gain over the best
of the four classifiers. In general, this kind of combinati®only useful if the taggers
have complementary errors, and so research on combindteamlzegins by checking
to see if the errors are indeed different from different &xgg Another option is to
combine taggers in series. Haji€ et al. (2001) apply thisoopfor Czech, using the
rule-based approach to remove some of the impossible taghild®s for each word,

and then an HMM tagger to choose the best sequence from tlaniegtags.

5.9 ADVANCED: THE NoOISYyY CHANNEL MODEL FORSPELLING

NOISY CHANNEL

The Bayesian inference model introduced in Sec. 5.5 foritaghgas another inter-
pretation: as an implementation of theisy channelmodel, a crucial tool in speech
recognition and machine translation.

In this section we introduce this noisy channel model andvdmaw to apply it to
the task of correcting spelling errors. The noisy channedlehds used in Microsoft
Word and in many search engines, and in general is the mostynided algorithm for
correcting any kind of single-word spelling error, inclaghon-word spelling errors
and forreal-word spelling errors.

Recall that non-word spelling errors are those which areEmgflish words (like
recievefor receive, and we cardetectthese by simply looking for any word not in a
dictionary. We saw in Se@?that candidate corrections for some spelling errors could
be found by looking for words that had a smediit distanceto the misspelled word.

The Bayesian models we have seen in this chapter, and the ciwsinel model,
will give us a better way to find these corrections. Furtheenwe’ll be able to use
the noisy channel model f@ontextual spell checking which is the task of correcting
real-word spelling errors like the following:

They are leaving in about fifteeninuetsto go to her house.
The study was conducted mairthg John Black.

Since these errors have real words, we can't find them by pmithg words not in
the dictionary, and we can't correct them just using editagise alone. But note that
words around the candidate correctiomabout fifteen minutesake it a much more
probable word sequence than the origimehbout fifteen minuetsThe noisy channel
model will implement this idea vill-gram models.

The intuition of thenoisy channelmodel (see Fig. 5.23) is to treat the misspelled
word as if a correctly-spelled word had been ‘distorted’ binlg passed through a noisy
communication channel. This channel introduces “noisgheform of substitutions
or other changes to the letters which makes it hard to rezeghe “true” word. Our



Section 5.9.

Advanced: The Noisy Channel Model for Spelling 43

BAYESIAN
\%

(5.53)

(5.54)

original word

*WA/WM

decoder

word hyplss
=y #oity ]
guessed word Word hyp2e=— ‘4’,;

word hypN &4

Figure 5.23 In the noisy channel model, we imagine that the surface foersee is
actually a ‘distorted’ form of an original word passed thgbua noisy channel. The def
coder passes each hypothesis through a model of this chemhgicks the word that best
matches the surface noisy word.

goal is then to build a model of the channel. Given this modelthen find the true
word by taking every word of the language, passing each waaligh our model of
the noisy channel, and seeing which one comes the closdst taisspelled word.

This noisy channel model, like the HMM tagging architectwe saw earlier, is a
special case dBayesian inference We see an observati@ (a misspelled word) and
our job is to find the worav which generated this misspelled word. Out of all possible
words in the vocabulary we want to find the worev such tha(w|O) is highest, or:

W = argmaxP(w|O)
weV
As we saw for part-of-speech tagging, we will use Bayes rul@itn the problem
around (and note that, as for tagging, we can ignore the dieradon):

W= argmaxW = argmaxP(O|w) P(w)
weV P(O) weV

To summarize, the noisy channel model says that we have someinderlying
wordw, and we have a noisy channel which modifies the word into sarasilple mis-
spelled surface form. The probability of the noisy chanmeldpicing any particular
observation sequenc®is modeled byP(O|w). The probability distribution over pos-
sible hidden words is modeled B(w). The most probable word given that we've
seen some observed misspell@gan be computed by taking the product of the word
prior P(w) and the observation likelihoodl(OJw) and choosing the word for which
this product is greatest.

Let's apply the noisy channel approach to correcting nonehgpelling errors. This
approach was first suggested by Kernighan et al. (1990); fmegram,corr ect,
takes words rejected by the Ursypel | program, generates a list of potential correct
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(5.55)

words, ranks them according to Eq. (5.54), and picks thedsghanked one. We'll
apply the algorithm to the example misspelliagress The algorithm has two stages:
proposing candidate correctioradscoring the candidates

In order to propose candidate corrections Kernighan et akenthe reasonable
(Damerau, 1964) simplifying assumption that the correatwuaill differ from the mis-
spelling by a single insertion, deletion, substitutionfransposition. The list of can-
didate words is generated from the typo by applying any sitiginsformation which
results in a word in a large on-line dictionary. Applying jadissible transformations to
acressyields the list of candidate words in Fig. 5.24.

Transformation
Correct] Error Position

Error Correction Letter Letter (Letter #) Type
acresy actress t - 2 deletion
acresy cress - a 0 insertion
acresg caress ca ac 0 transpositiot
acress access c r 2 substitution
acress across o] e 3 substitution
acresy acres - 2 5 insertion
acresy acres - 2 4 insertion

Figure 5.24  Candidate corrections for the misspelliagress together with the trans-

formations that would have produced the error (after Kdraiget al. (1990)). “—" repre-

sents a null letter.

The second stage of the algorithm scores each correctiombgti®n 5.54. Let
represent the typo (the misspelled word), andcleange over the s of candidate
corrections. The most likely correction is then:

likelihood prior

—~ = =
¢=argmax P(t|lc) P(c)
ceC

The prior probability of each correctidp(c) is the language model probability
of the wordc in context; for in this section for pedagogical reasons lweéke the
simplifying assumption that this is the unigram probapil(c), but in practice in
spelling correction this is extended to trigram or 4-grambabilities. Let's use the
corpus of Kernighan et al. (1990), which is the 1988 AP neweswdrpus of 44 million
words. Since in this corpus the woetttressoccurs 1343 times out of 44 million,
the wordacres2879 times, and so on, the resulting unigram prior probi#sliare as
follows:

c freq(c) p(c)
actress 1343 .0000315

cress O .000000014
caress 4 .0000001
access 2280 .000058
across 8436 .00019
acres 2879 .000065
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CONFUSION MATRIX

(5.56)

How can we estimat®(t|c)? It is very difficult to model the actual channel per-
fectly (i.e. computing the exact probability that a wordIviné mistyped) because it
would require knowing who the typist was, whether they wesfé-handed or right-
handed, and many other factors. Luckily, it turns out we cainagpretty reasonable
estimate ofp(t|c) just by looking at simple local context factors, becausentost
important factors predicting an insertion, deletion, s@wsition are the identity of the
correct letter itself, how the letter was misspelled, aral gbrrounding context. For
example, the lettersn andn are often substituted for each other; this is partly a fact
about their identity (these two letters are pronouncedaitgiand they are nextto each
other on the keyboard), and partly a fact about context (mexthey are pronounced
similarly, they occur in similar contexts). Kernighan et(@990) used a simple model
of this sort. They estimated e.@(acres$acrosg just using the number of times that
the lettere was substituted for the letterin some large corpus of errors. This is repre-
sented by @onfusion matrix, a square 2826 matrix which represents the number of
times one letter was incorrectly used instead of anothaerekample, the cell labeled
[0, €] in a substitution confusion matrix would give the count afeis thae was substi-
tuted foro. The cell labeledt, § in an insertion confusion matrix would give the count
of times thatt was inserted aftes. A confusion matrix can be computed by coding
a collection of spelling errors with the correct spellinglahen counting the number
of times different errors occurred (Grudin, 1983). Kerragtet al. (1990) used four
confusion matrices, one for each type of single error:

e dellx,y| contains the number of times in the training set that theadtarsxy in
the correct word were typed as

e ins[x,y] contains the number of times in the training set that theattarx in the
correct word was typed ag.

e subjx,y] the number of times thatwas typed ay.
e trangx, y|] the number of times thady was typed agx.

Note that they chose to condition their insertion and defefpirobabilities on the
previous character; they could also have chosen to conditighe following character.
Using these matrices, they estimaf#t|c) as follows (wherey, is the pth character of
the wordc):

del[c cpl - )
p-1.Cp

counte, 1c,  If deletion
iNSicp_1tp] ¢+ .
CoUNte, 4] ° if insertion

subtp.cp) _—
countc,) ° if substitution

franscepcpial .
CoUNfcpcp 1]’ if transposition

Fig. 5.25 shows the final probabilities for each of the po&rmorrections; the
unigram prior is multiplied by the likelihood (computed ngiEquation (5.56) and the
confusion matrices). The final column shows the “normalizextentage”.

This implementation of the Bayesian algorithm predaxtsesas the correct word
(at a total normalized percentage of 45%), aesttessas the second most likely word.

P(t|c) =
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REAL-WORD ERROR
DETECTION

CONTEXT-SENSITIVE
SPELL CORRECTION

E | freq(c)] p(c) | p(fo) | popc) [ % |
actresd] 1343 .0000315 000117 3.69x 10 9 37%
cress 0 000000014 .00000144| 2.02x 10| 0%
caress| 4 .0000001 .00000164| 1.64x10° 18| 0%
access| 2280 .000058 000000209 1.21x 10| 0%
across| 8436 .00019 .0000093 1.77x10°° 18%
acres 2879 .000065 .0000321 2.09% 10°° 21%
acres 2879 .000065 .0000342 2.22%x10°° 23%

Figure 5.25 Computation of the ranking for each candidate correctionteNhat the
highest ranked word is neictressbutacres(the two lines at the bottom of the table), sinc
acrescan be generated in two ways. Tthel[], ing[], sulf], andtrang] confusion matrices
are given in full in Kernighan et al. (1990).

1%

Unfortunately, the algorithm was wrong here: The writerigention becomes clear
from the context. ..was called a “stellar and versatilacresswhose combination of
sass and glamour has defined hef. The surrounding words make it clear tlzatress
and notacreswas the intended word. This is the reason that in practicesgdrigram
(or larger) language models in the noisy channel modelerdttaan unigrams. Seeing
whether abigram model ofP(c) correctly solves this problem is left as Exercise 5.10
for the reader.

The algorithm as we have described it requires hand-arettidta to train the
confusion matrices. An alternative approach used by Kaamget al. (1990) is to
compute the matrices by iteratively using this very spglimror correction algorithm
itself. The iterative algorithm first initializes the mates with equal values; thus any
character is equally likely to be deleted, equally likelyo® substituted for any other
character, etc. Next the spelling error correction alganiis run on a set of spelling
errors. Given the set of typos paired with their correctjdhs confusion matrices can
now be recomputed, the spelling algorithm run again, andnsoldis clever method
turns out to be an instance of the import&M algorithm (Dempster et al., 1977) that
we will discuss in Ch. 6.

5.9.1 Contextual Spelling Error Correction

As we mentioned above, the noisy channel approach can alapgied to detect and
correctreal-word spelling errors, errors that result in an actual word of English. This
can happen from typographical errors (insertion, deleti@nsposition) that acciden-
tally produce a real word (e.gherefor threg), or because the writer substituted the
wrong spelling of a homophone or near-homophone (dagsertfor desert or piece
for peacg. The task of correcting these errors is also caltedtext-sensitive spell
correction. A number of studies suggest that between of 25% and 40% dfrgpe
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errors are valid English words (Kukich, 1992); some of Kihkigseexamples include:

They are leaving in about fifteeninuetsto go to her house.

The desigran construction of the system will take more than a year.
Can theylavehim my messages?

The study was conducted mairthg John Black.

We can extend the noisy channel model to deal with real-wpedling errors by
generating a&andidate spelling sd€or every word in a sentence (Mays et al., 1991).
The candidate set includes the word itself, plus every Bhgliord that would be gen-
erated from the word by either typographical modificatidestér insertion, deletion,
substitution), or from a homophone list. The algorithm ticbooses the spelling for
each word that gives the whole sentence the highest prayaBihat is, given a sen-
tenceW = {wg, W, ..., W,...,Wn}, wherewy has alternative spelling,, w/, etc., we
choose the spelling among these possible spellings thaimimes P(W), using the
N-gram grammar to compui(W).

More recent research has focused on improving the channeélgt|c), such
as by incorporating phonetic information, or allowing mememplex errors (Brill and
Moore, 2000; Toutanova and Moore, 2002). The most impoitaptovement to the
language modd®(c) is to use very large contexts, for example by using the vegela
set of 5-grams publicly released by Google in 2006 (FranzBwaohts, 2006). See
Norvig (2007) for a nice explanation and Python implemeaatedf the noisy channel
model; the end of the chapter has further pointers.

5.10 SUMMARY

This chapter introduced the ideadrts-of-speechandpart-of-speech tagging The
main ideas:

e Languages generally have a relatively small setlobed classvords, which
are often highly frequent, generally actfasction words, and can be very am-
biguous in their part-of-speech tags. Open class wordsrgiyanclude various
kinds ofnouns verbs, adjectives There are a number of part-of-speech coding
schemes, based ¢agsetsof between 40 and 200 tags.

e Part-of-speech taggings the process of assigning a part-of-speech label to each
of a sequence of words. Rule-based taggers use hand-wtitesrto distinguish
tag ambiguity. HMM taggers choose the tag sequence whichimizes the
product of word likelihood and tag sequence probabilitthé&imachine learning
models used for tagging include maximum entropy and otlgetiteear models,
decision trees, memory-based learning, and framsdion-based learning.

e The probabilities in HMM taggers are trained on hand-latbélaining corpora,
combining differeniN-gram levels using deleted interpolation, and using sephis
ticated unknown word models.

e Given an HMM and an input string, the Viterbi algorithm is d¢e decode the
optimal tag sequence.
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e Taggers are evaluated by comparing their output from a é&$bhuman labels
for that test set. Error analysis can help pinpoint areasevhdagger doesn’t
perform well.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

The earliest implemented part-of-speech assignmentitigpmay have been part of
the parser in Zellig Harris’s Transformations and Disceuksalysis Project (TDAP),
which was implemented between June 1958 and July 1959 atrilverdity of Penn-
sylvania (Harris, 1962). Previous natural language pingssystems had used dic-
tionaries with part-of-speech information for words, batvé not been described as
performing part-of-speech disambiguation. As part of dssing, TDAP did part-of-
speech disambiguation via 14 hand-written rules, whoseftipart-of-speech tag se-
quences prefigures all the modern algorithms, and which warén an order based
on the relative frequency of tags for a word. The parseréag@s reimplemented re-
cently and is described by Joshi and Hopely (1999) and Kaeti(1999), who note
that the parser was essentially implemented (in a very nmodey) as a cascade of
finite-state transducers.

Soon after the TDAP parser was the Computational GrammaeIC@&IGC) of
Klein and Simmons (1963). The CGC had three componentsi@olexa morpholog-
ical analyzer, and a context disambiguator. The small 286 lexicon included ex-
ceptional words that could not be accounted for in the simpephological analyzer,
including function words as well as irregular nouns, vedry] adjectives. The mor-
phological analyzer used inflectional and derivationdiise$ to assign part-of-speech
classes. A word was run through the lexicon and morpholbgitalyzer to produce a
candidate set of parts-of-speech. A set of 500 context mézs then used to disam-
biguate this candidate set, by relying on surrounding ddaof unambiguous words.
For example, one rule said that between an ARTICLE and a VERBonly allowable
sequences were ADJ-NOUN, NOUN-ADVERB, or NOUN-NOUN. The C@lgo-
rithm reported 90% accuracy on applying a 30-tag tagsetties from the Scientific
American and a children’s encyclopedia.

TheTAGGIT tagger (Greene and Rubin, 1971) was based on the Klein and&is
(1963) system, using the same architecture but incredsinsjze of the dictionary and
the size of the tagset (to 87 tags). For example the followargple rule, which states
that a wordx is unlikely to be a plural noun (NNS) before a third persorgsiar verb
(VBZ):

XVBZ — notNNS

TAGGIT was applied to the Brown corpus and, according to Franciskariera
(1982, p. 9), “resulted in the accurate tagging of 77% of thwpuas” (the remainder of
the Brown corpus was tagged by hand).

In the 1970s the Lancaster-Oslo/Bergen (LOB) corpus waspdethas a British
English equivalent of the Brown corpus. It was tagged with@_AWS tagger (Mar-
shall, 1983, 1987; Garside, 1987), a probabilistic alhamitvhich can be viewed as an
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(5.57)

(5.58)

approximation to the HMM tagging approach. The algorithradutag bigram prob-
abilities, but instead of storing the word-likelihood ofckaag, tags were marked ei-
ther asrare (P(tagword) < .01) infrequent(P(tagword) < .10), ornormally frequent
(P(tagword) > .10),

The probabilisticcArRTs tagger of Church (1988) was very close to a full HMM
tagger. It extended the CLAWS idea to assign full lexicabyatailities to each word/tag
combination, and used Viterbi decoding to find a tag sequengdee the CLAWS
tagger, however, it stored the probability of the tag givemword:

P(tagword) « P(tagpreviousn tagg
rather than using the probability of the word given the tagaa HMM tagger does:

P(word|tag) « P(tagpreviousn tags

Later taggers explicitly introduced the use of the Hiddemida Model, often with
the EM training algorithm (Kupiec, 1992; Merialdo, 1994; Mé&hedel et al., 1993),
including the use of variable-length Markov models (Sekignd Singer, 1994).

Most recent tagging algorithms, like the HMM and TBL approes we have dis-
cussed, are machine-learning classifiers which estimatdodist tag-sequence for a
sentence given various features such as the current wdghbwing parts-of-speech
or words, and unknown word features such as orthographicargphological fea-
tures. Many kinds of classifiers have been used to combirse tfeatures, includ-
ing decision trees (Jelinek et al., 1994; Magerman, 1998ximum entropy models
(Ratnaparkhi, 1996), other log-linear models (Franz, }98&mory-based learning
(Daelemans et al., 1996), and networks of linear separé&NOW) (Roth and Ze-
lenko, 1998). Most machine learning models seem to achiegively similar per-
formance given similar features, roughly 96-97% on the bagé 45-tag tagset on the
Wall Street Journal corpus. As of the writing of this chaptee highest performing
published model on this WSJ Treebank task is a log-lineaygathat uses information
about neighboring words as well as tags, and a sophistieatkdown-word model,
achieving 97.24% accuracy (Toutanova et al., 2003). Mosh snodels are super-
vised, although there is beginning to be work on unsupedwisedels (Schiitze, 1995;
Brill, 1997; Clark, 2000; Banko and Moore, 2004; Goldwated &riffiths, 2007).

Readers interested in the history of parts-of-speech dramrisult a history of lin-
guistics such as Robins (1967) or Koerner and Asher (1998jicplarly the article
by Householder (1995) in the latter. Sampson (1987) andiGaes al. (1997) give a
detailed summary of the provenance and makeup of the Brodoter tagsets. More
information on part-of-speech tagging can be found in valeren (1999).

Algorithms for spelling error detection and correction @axisted since at least
Blair (1960). Most early algorithm were based on similakgys like the Soundex
algorithm discussed in the exercises on p&@gOdell and Russell, 1922; Knuth,
1973). Damerau (1964) gave a dictionary-based algorithmeifimr detection; most
error-detection algorithms since then have been basedctiorthries. Damerau also
gave a correction algorithm that worked for single error@shalgorithms since then
have relied on dynamic programming, beginning with WagmerEischer (1974). Ku-
kich (1992) is the definitive survey article on spelling erdetection and correction.
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Modern algorithms are based on statistical or machine iiegrmgorithm, following
e.g., Kashyap and Oommen (1983) and Kernighan et al. (19R8¢ent approaches
to spelling include extensions to the noisy channel modeill(8nd Moore, 2000;
Toutanova and Moore, 2002) as well as many other machinaiteparchitectures
such as Bayesian classifiers, (Gale et al., 1993; Golding7;1&olding and Sch-
abes, 1996), decision lists (Yarowsky, 1994), transfoiomalbased learning (Mangu
and Brill, 1997) latent semantic analysis (Jones and Mat887) and Winnow (Gold-
ing and Roth, 1999). Hirst and Budanitsky (2005) exploreute of word relatedness;
see Ch. 20. Noisy channel spelling correction is used in abeurof commercial ap-
plications, including the Microsoft Word contextual speiiecker.

EXERCISES

5.1 Find one tagging error in each of the following sentencesdtatagged with the
Penn Treebank tagset:

a. I/PRP need/VBP a/DT flight/NN from/IN Atlanta/NN

b. Does/VBZ this/DT flight/NN serve/VB dinner/NNS

c. I/PRP have/VB a/DT friend/NN living/VBG in/IN Denver/NNP

d. What/WDT flights/NNS do/VBP you/PRP have/VB from/IN Milwkee/NNP

to/IN Tampa/NNP
e. Can/VBP you/PRP list/VB the/DT nonstop/JJ afternoon/Nghtis/NNS

5.2 Use the Penn Treebank tagset to tag each word in the follogéntences from
Damon Runyon’s short stories. You may ignore punctuatimmé&of these are quite
difficult; do your best.

a. Itis a nice night.

b. This crap game is over a garage in Fifty-second Street. ..

c. ...Nobody ever takes the newspapers she sells ...

d. He is a tall, skinny guy with a long, sad, mean-looking kise@d a mournful
voice.

e. ...l amsitting in Mindy’s restaurant putting on the geéilfish, which is a dish |
am very fond of, ...

f. When a guy and a doll get to taking peeks back and forth atethen, why there
you are indeed.

5.3 Now compare your tags from the previous exercise with ongvorftiend’s an-
swers. On which words did you disagree the most? Why?

5.4 Now tag the sentences in Exercise 5.2 using the more defit@dn tagset in
Fig. 5.7.
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(5.59)

(5.60)

5.5 Implement the TBL algorithm in Fig. 5.21. Create a small nemaf templates
and train the tagger on any POS-tagged training set you cdn fin

5.6 Implement the “most-likely tag” baseline. Find a POS-tadjgraining set, and
use it to compute for each word the tag which maximipé$w). You will need to
implement a simple tokenizer to deal with sentence bouadaBtart by assuming all
unknown words are NN and compute your error rate on known akdawn words.
Now write at least 5 rules to do a better job of tagging unknawends, and show the
difference in error rates.

5.7 Recall that the Church (1988) tagger is not an HMM taggeresinmcorporates
the probability of the tag given the word:

P(tagword) « P(tagpreviousn tagg
rather than using the likelihood of the word given the tacga$iMM tagger does:

P(word|tag) « P(tagpreviousn tags

As a gedanken-experiment, construct a sentence, a settrditesifion probabilities,
and a set of lexical tag probabilities that demonstrate aiwayhich the HMM tagger
can produce a better answer than the Church tagger, andeaatimple in which the
Church tagger is better.

5.8 Build an HMM tagger. This requires (1) that you have impleteerthe Viterbi
algorithm from this chapter and Ch. 6, (2) that you have aiahery with part-of-
speech information and (3) that you have either (a) a paspe&ch-tagged corpus or
(b) an implementation of the Forward Backward algorithmydéi have a labeled cor-
pus, train the transition and observation probabilitiea@HMM tagger directly on
the hand-tagged data. If you have an unlabeled corpus, tisagy Forward Back-
ward.

5.9 Now run your algorithm on a small test set that you have habeied. Find five
errors and analyze them.

5.10 Compute a bigram grammar on a large corpus and reestimagpéehimg correc-
tion probabilities shown in Fig. 5.25 given the correct sage. . . was called a “stellar
and versatileacresswhose combination of sass and glamour has defined herDoés
a bigram grammar prefer the correct warctres®

5.11 Read Norvig (2007) and implement one of the extensions hgesig to his
Python noisy channel spell checker.
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HIDDEN MARKOV AND
MAXIMUM ENTROPY
MODELS

Numqguam ponenda est pluralitas sine necessitat
‘Plurality should never be proposed unless needed’
William of Occam

Her sister was called Tatiana.
For the first time with such a name
the tender pages of a novel,
we’ll whimsically grace.
Pushkin Eugene Onegirin the Nabokov translation

Alexander Pushkin’s novel in verseugene Oneginserialized in the early 19th
century, tells of the young dandy Onegin, his rejection @f litve of young Tatiana,
his duel with his friend Lenski, and his later regret for botlstakes. But the novel is
mainly beloved for its style and structure rather than itd.pAmong other interesting
structural innovations, the novel is written in a form nowolum as theéDnegin stanza
iambic tetrameter with an unusual rhyme scheme. These atsrhave caused compli-
cations and controversy in its translation into other laagps. Many of the translations
have been in verse, but Nabokov famously translated ittistiiterally into English
prose. The issue of its translation, and the tension betWweegal and verse transla-
tions have inspired much commentary (see for example Hitfst§1997)).

In 1913 A. A. Markov asked a less controversial question aBushkin’s text:
could we use frequency counts from the text to help compw@etbbability that the
next letter in sequence would be a vowel. In this chapter wediuce two impor-
tant classes of statistical models for processing text aeech, both descendants of
Markov’s models. One of them is thHdidden Markov Model (HMM ). The other,
is the Maximum Entropy model MaxEnt), and particularly a Markov-related vari-
ant of MaxEnt called thaximum Entropy Markov Model (MEMM ). All of these
aremachine learningmodels. We have already touched on some aspects of machine
learning; indeed we briefly introduced the Hidden Markov Midd the previous chap-
ter, and we have introduced thegram model in the chapter before. In this chapter we



2 Chapter 6. Hidden Markov and Maximum Entropy Models

give a more complete and formal introduction to these twoartgnt models.

oSRENCE HMMs and MEMMs are botlsequence classifiersA sequence classifier @e-
guence labeleris a model whose job is to assign some label or class to eatimumi
sequence. The finite-state transducer we studied in Ch. Bitglaof non-probabilistic
sequence classifier, for example transducing from seqsearfegords to sequences of
morphemes. The HMM and MEMM extend this notion by being philistic sequence
classifiers; given a sequence of units (words, letters, henes, sentences, whatever)
their job is to compute a probability distribution over pibés labels and choose the
best label sequence.

We have already seen one important sequence classificaskn part-of-speech
tagging, where each word in a sequence has to be assignett@-speech tag. Se-
quence labeling tasks come up throughout speech and laaguagessing, a fact that
isn’'t too surprising if we consider that language consi§sequences at many represen-
tational levels. Besides part-of-speech tagging, in thiskbwe will see the application
of these sequence models to tasks like speech recognitior®jCsentence segmenta-
tion and grapheme-to-phoneme conversion (Ch. 8), pauiaipg/chunking (Ch. 13),
and named entity recognition and information extractioh. (22).

This chapter is roughly divided into two sections: Hiddenrkter Models followed
by Maximum Entropy Markov Models. Our discussion of the Hiddviarkov Model
extends what we said about HMM part-of-speech tagging. Vgnkia the next sec-
tion by introducing the Markov Chain, then give a detaileémiew of HMMs and
the forward and Viterbi algorithms with more formalizatj@nd finally introduce the
important EM algorithm for unsupervised (or semi-supeggijslearning of a Hidden
Markov Model.

In the second half of the chapter, we introduce Maximum Entitdarkov Models
gradually, beginning with techniques that may already Ibeilfar to you from statis-
tics: linear regression and logistic regression. We nexbduce MaxEnt. MaxEnt by
itself is not a sequence classifier; it is used to assign & ¢taa single element. The
name Maximum Entropy comes from the idea that the classifielsfthe probabilis-
tic model which follows Occam’s Razor in being the simpldsat constrained; has
the maximum entropy) yet still consistent with some spedifinstraints. The Maxi-
mum Entropy Markov Model is the extension of MaxEnt to theusatee labeling task,
adding components such as the Viterbi algorithm.

Although this chapter introduces MaxEnt, which is a classifive will not focus
in general on non-sequential classification. Non-seqakdissification will be ad-
dressed in later chapters with the introduction of clagsifike theGaussian Mixture
Model in (Ch. 9) and théNaive Bayesanddecision listclassifiers in (Ch. 20).

6.1 MARKOV CHAINS

The Hidden Markov Model is one of the most important macheahing models in
speech and language processing. In order to define it pyopesl need to first in-
troduce theMarkov chain, sometimes called thebserved Markov model Markov

chains and Hidden Markov Models are both extensions of tlite fiutomata of Ch. 2.
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WEIGHTED

MARKOV CHAIN

Recall that a finite automaton is defined by a set of statesaa®d of transitions be-
tween states that are taken based on the input observationgighted finite-state
automatonis a simple augmentation of the finite automaton in which eaclis asso-
ciated with a probability, indicating how likely that pathto be taken. The probability
on all the arcs leaving a node must sum to 1.

A Markov chain is a special case of a weighted automaton in which the input
sequence uniquely determines which states the automatbgonthrough. Because
it can’t represent inherently ambiguous problems, a Mariwain is only useful for
assigning probabilities to unambiguous sequences.

ag

Figure 6.1

the transition between states, and the start and end states.

A Markov chain for weather (a) and one for words (b). A Marktain is specified by the structu

o

FIRST-ORDER

Fig. 6.1a shows a Markov chain for assigning a probability sequence of weather
events, where the vocabulary consistsHafT, coLD, andRAINY. Fig. 6.1b shows
another simple example of a Markov chain for assigning a ity to a sequence
of wordsws...w,. This Markov chain should be familiar; in fact it represeatsigram
language model. Given the two models in Figure 6.1 we cagmassprobability to any
sequence from our vocabulary. We'll go over how to do thig#jo

First, let's be more formal. We'll view a Markov chain as a d&iof probabilis-
tic graphical model, a way of representing probabilistic assumptions in a graph
Markov chain is specified by the following components:

Q=010...0n a set ofN states

A=agiap2...an1...ann  atransition probability matrix A, eacha;; rep-
resenting the probability of moving from state
to statej, s.t. 3| j&j =1 Vi

do.OF a speciaktart state andend (final) statewhich
are not associated with observations.

Fig. 6.1 shows that we represent the states (includingatarend states) as nodes
in the graph, and the transitions as edges between nodes.

A Markov chain embodies an important assumption about thesgabilities. In a
first-order Markov chain, the probability of a particular state is degrmt only on the
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previous state:

(6.1) Markov Assumption:  P(qi|q1...Gi—1) = P(qi|di—-1)

Note that because eaal) expresses the probabilipy(gj|qi), the laws of probabil-
ity require that the values of the outgoing arcs from a givatesnust sum to 1:

n
(6.2) Z aj=1Vi
=i

An alternate representation that is sometimes used for dlackains doesn’t rely
on a start or end state, instead representing the distibotrer initial states and ac-
cepting states explicitly:

T=Ty,Th,...,Tiy an initial probability distribution over states. T is the
probability that the Markov chain will start in stateSome
statesj may haver; = 0, meaning that they cannot be initial
states. Alsoyl ;i =1

QA= {ax,qy...} asetQAC Q oflegalaccepting states
Thus the probability of state 1 being the first state can beesgmted either a@);

or as. Note that because eachexpresses the probability(gi|START), all thett
probabilities must sum to 1:

6.3 ZT“ 1

Figure 6.2  Another representation of the same Markov chain for weathewn in Fig. 6.1. Instead of using
a special start state witdy; transition probabilities, we use threvector, which represents the distribution oyer
starting state probabilities. The figure in (b) shows sampbbabilities.
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Before you go on, use the sample probabilities in Fig. 6.2totopute the proba-
bility of each of the following sequences:
(6.4) hot hot hot hot
(6.5) cold hot cold hot

What does the difference in these probabilities tell youdlaoreal-world weather
fact encoded in Fig. 6.2b?

6.2 THE HIDDEN MARKOV MODEL

HIDDEN MARKOV
MODEL

HMM

A Markov chain is useful when we need to compute a probalfititya sequence of
events that we can observe in the world. In many cases, howbeeevents we are
interested in may not be directly observable in the worldr &wample, in part-of-
speech tagging (Ch. 5) we didn’t observe part of speech tagsei world; we saw
words, and had to infer the correct tags from the word sequewe call the part-of-
speech taghidden because they are not observed. The same architecture wil co
up in speech recognition; in that case we’ll see acoustinteva the world, and have
to infer the presence of ‘hidden’ words that are the undegytausal source of the
acoustics. AHidden Markov Model (HMM ) allows us to talk about botbbserved
events (like words that we see in the input) &mddenevents (like part-of-speech tags)
that we think of as causal factors in our probabilistic model

To exemplify these models, we’ll use a task conceived of Ispddisner (2002).
Imagine that you are a climatologist in the year 2799 stuglyire history of global
warming. You cannot find any records of the weather in Balten®aryland, for the
summer of 2007, but you do find Jason Eisner’s diary, whidk isw many ice creams
Jason ate every day that summer. Our goal is to use thesevatises to estimate the
temperature every day. We’'ll simplify this weather task bganing there are only two
kinds of days: cold (C) and hot (H). So the Eisner task is devid:

Given a sequence of observatioDs each observation an integer corre-
sponding to the number of ice creams eaten on a given dayef@urthe
correct ‘hidden’ sequend@ of weather states (H or C) which caused Jason
to eat the ice cream.

Let's begin with a formal definition of a Hidden Markov Modé&bcusing on how
it differs from a Markov chain. AMMM is specified by the following components:
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(6.6)

(6.7)

FULLY-CONNECTED
ERGODIC HMM
LEFT-TO-RIGHT

BAKIS

Q=010...0n a set ofN states

A=agia1s...an1...apn  atransition probability matrix A, eacha;j rep-
resenting the probability of moving from state
to statej, s.t. 3 &j =1 Vi

O =0107...07 a sequence of observations each one drawn
from a vocabulary¥ =vi,vo,....W.
B=nhi(o) a sequence obbservation likelihoods; also

called emission probabilities each expressing
the probability of an observatioox being gen-
erated from a state

do.aF a speciaktart state andend (final) statewhich
are not associated with observations, together
with transition probabilitiesgiag,..ag, out of the
start state andirayr...anr into the end state.

As we noted for Markov chains, an alternate representaliani$s sometimes used
for HMMs doesn’t rely on a start or end state, instead reprtasgthe distribution over
initial and accepting states explicitly. We won't be usihgttnotation in this textbook,
but you may see it in the literature:

=Ty, Th,...,Tiy an initial probability distribution over states. T is the
probability that the Markov chain will start in stateSome
statesj may haver; = 0, meaning that they cannot be initial
states. Alsoy! ;i =1

QA= {ax,qy...} asetQAC Q oflegalaccepting states

Afirst-order Hidden Markov Model instantiates two simplifg assumptions. First,
as with a first-order Markov chain, the probability of a peutar state is dependent only
on the previous state:

Markov Assumption:  P(qi|q1...0i—1) = P(qi|gi-1)

Second, the probability of an output observatipiis dependent only on the state
that produced the observatign and not on any other states or any other observations:

Output Independence Assumption: P(oi|ds - - - Gi, - . . ,qT,01, - . .,0i,...,07) = P(0i|q;)

Fig. 6.3 shows a sample HMM for the ice cream task. The twodridstates (H
and C) correspond to hot and cold weather, while the obsensfdrawn from the
alphabetO = {1,2,3}) correspond to the number of ice creams eaten by Jason on a
given day.

Notice thatin the HMM in Fig. 6.3, there is a (non-zero) pritity of transitioning
between any two states. Such an HMM is callddlb-connectedor ergodic HMM .
Sometimes, however, we have HMMs in which many of the traomstbetween states
have zero probability. For example, lieft-to-right (also calledBakis) HMMs, the
state transitions proceed from left to right, as shown in Bi¢. In a Bakis HMM,
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Figure 6.3 A Hidden Markov Model for relating numbers of ice creams adtg Jason
(the observations) to the weather (H or C, the hidden va&blFor this example we ar¢
not using an end-state, instead allowing both states 1 andh@ & final (accepting) state.

there are no transitions going from a higher-numbered steadower-numbered state
(or, more accurately, any transitions from a higher-nuraflstate to a lower-numbered
state have zero probability). Bakis HMMs are generally useshodel temporal pro-
cesses like speech; we will see more of them in Ch. 9.

Figure 6.4 Two 4-state Hidden Markov Models; a left-to-right (BakisM¥ on the
left, and a fully-connected (ergodic) HMM on the right. IretBakis model, all transitions|
not shown have zero probability.

Now that we have seen the structure of an HMM, we turn to allgars for com-
puting things with them. An influential tutorial by Rabindr989), based on tutorials
by Jack Ferguson in the 1960s, introduced the idea that Hiltdegkov Models should
be characterized bree fundamental problems

Problem 1 (Computing Likelihood): Given an HMMA = (A,B) and
an observation sequen€g determine the likelihoo&(OJA).

Problem 2 (Decoding): Given an observation sequer@and an HMM
A = (A,B), discover the best hidden state sequece



Chapter 6. Hidden Markov and Maximum Entropy Models

Problem 3 (Learning): Given an observation sequen@eand the set
of states in the HMM, learn the HMM parametérandB.

We already saw an example of problem (2) in Ch. 5. In the neretsections we
introduce all three problems more formally.

6.3 COMPUTING LIKELIHOOD: THE FORWARD ALGORITHM

(6.8)

(6.9)

Our first problem is to compute the likelihood of a particidbservation sequence. For
example, given the HMM in Fig. 6.2b, what is the probabilifttee sequenc8 1 3?
More formally:

Computing Likelihood: Given an HMMA = (A,B) and an observation
sequenc®, determine the likelihoo®(O|M).

For a Markov chain, where the surface observations are time s the hidden
events, we could compute the probability3of 3just by following the states labelé&dl
3 and multiplying the probabilities along the arcs. For a Kidd/larkov Model, things
are not so simple. We want to determine the probability ofc@adream observation
sequence lik& 1 3 but we don’'t know what the hidden state sequence is!

Let's start with a slightly simpler situation. Suppose weatly knew the weather,
and wanted to predict how much ice cream Jason would eat. iF hisiseful part of
many HMM tasks. For a given hidden state sequence fmghot cold we can easily
compute the output likelihood &1 3

Let's see how. First, recall that for Hidden Markov Modelscle hidden state pro-
duces only a single observation. Thus the sequence of hitdéss and the sequence
of observations have the same length.

Given this one-to-one mapping, and the Markov assumptirpessed in Eq. 6.6,
for a particular hidden state sequefige: go, 01,02, ---, gt and an observation sequence
O =0,,0y,...,07, the likelihood of the observation sequence is:

;
POIQ) = .UP(Oilq)

The computation of the forward probability for our ice-areabservatior8 1 3
from one possible hidden state sequehothot coldis as follows (Fig. 6.5 shows a
graphic representation of this):

P(3 1 3hot hotcold = P(3Jhot) x P(1]hot) x P(3|cold)

But of course, we don’t actually know what the hidden statedter) sequence
was. We'll need to compute the probability of ice-cream ¢s8rl 3instead by sum-
ming over all possible weather sequences, weighted by gnebrability. First, let's

1 There are variants of HMMs callesegmental HMMs(in speech recognition) @emi-HMMs (in natural
language processing) in which this one-to-one mappingdmtvthe length of the hidden state sequence and
the length of the observation sequence does not hold.
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4 2 A
3 1 3
Figure 6.5 The computation of the observation likelihood for the iceaen event$ 1
3 given the hidden state sequert hot cold
compute the joint probability of being in a particular weatsequenc® and generat-
ing a particular sequencé®@ of ice-cream events. In general, this is:
n n
(6.10) P(0,Q) =P(OIQ) x P(Q) = _rlP(Oi i) % ‘HP(QHQH)
i= i=
The computation of the joint probability of our ice-creanselvation3 1 3and
one possible hidden state sequehothot coldis as follows (Fig. 6.6 shows a graphic
representation of this):
P(313hothotcold = P(hotstar) x P(hothot) x P(coldhot)
(6.11) x P(3Jhot) x P(1|hot) x P(3|cold)
4 2 A
3 1 3
Figure 6.6 The computation of the joint probability of the ice-creaneets3 1 3and
the hidden state sequeniget hot cold
Now that we know how to compute the joint probability of thesebvations with a
particular hidden state sequence, we can compute the totabpility of the observa-
tions just by summing over all possible hidden state seqggenc
(6.12)

(6.13)

P(O) = gP(O, Q)= % P(OIQP(Q)

For our particular case, we would sum over the 8 three-evantencesold cold
cold, cold cold hoti.e.:

P(313 =P(313cold cold cold+P(3 1 3 cold cold hoj+P(3 1 3 hot hot cold +...
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FORWARD
ALGORITHM

For an HMM withN hidden states and an observation sequendeaifservations,
there areNT possible hidden sequences. For real tasks, WNexedT are both large,
NT is a very large number, and so we cannot compute the totahaiigm likelihood
by computing a separate observation likelihood for eactidridstate sequence and then
summing them up.

Instead of using such an extremely exponential algorithm,use an efficient
(O(N?T)) algorithm called thdorward algorithm . The forward algorithm is a kind
of dynamic programming algorithm, i.e., an algorithm that uses a table to store-inte
mediate values as it builds up the probability of the obs@rasequence. The forward
algorithm computes the observation probability by sumnuagr the probabilities of
all possible hidden state paths that could generate thenatigm sequence, but it does
so efficiently by implicitly folding each of these paths irg@ingleforward trellis .

Fig. 6.7 shows an example of the forward trellis for compgitime likelihood of3
1 3 given the hidden state sequers hot cold

. Wy . - /
Y &9 " _* peio)paic) . /
& o 6*.5
©
Q\

o ay(1) = 3215 + 02°.30 = 054 /

a,1) = .02
L2 . ~ /

o, 0, 0,

>
t

Figure 6.7
Hidden states are in circles, observations in squares. eéNuitfilled) circles indicate illegal transitions. The

figure shows the computation of(j) for two states at two time steps. The computation in eachfchtiws
Eq 6.15:a¢(j) = TN, ar_1(i)ajbj(or). The resulting probability expressed in each cell is Eq46d; () =
P(01,02...0t,0Gt = j[A).

The forward trellis for computing the total observatiorelikood for the ice-cream evenssl 3
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Each cell of the forward algorithm trelli (j) represents the probability of being
in statej after seeing the firgtobservations, given the automatonThe value of each
cell a;(j) is computed by summing over the probabilities of every pla#t tould lead
us to this cell. Formally, each cell expresses the followirgpability:

(6.14) a¢(j) =P(01,02...01,0 = j|A)

Hereq: = j means “the probability that thh state in the sequence of states is state
i”. We compute this probability by summing over the extensiohall the paths that
lead to the current cell. For a given stafeat timet, the valuen (j) is computed as:

N

(6.15) a(j) = _Zlqtfl(i)aij bj(or)

The three factors that are multiplied in Eq” 6.15 in extegdhre previous paths to
compute the forward probability at tinteare:

ot—1(i) theprevious forward path probability from the previous time step
ajj thetransition probability from previous state to current statej;

bj(or) the state observation likelihoodof the observation symbat given
the current statg

Consider the computation in Fig. 6.7 @$(1), the forward probability of being at
time step 2 in state 1 having generated the partial obsen@tl. This is computed by
extending thex probabilities from time step 1, via two paths, each extemsansisting
of the three factors above; (1) x P(H|H) x P(1|H) anda1(2) x P(H|C) x P(1|H).

Fig. 6.8 shows another visualization of this induction dtapcomputing the value
in one new cell of the trellis.

We give two formal definitions of the forward algorithm; thegmdocode in Fig. 6.9
and a statement of the definitional recursion here:

1. Initialization:
(6.16) ai(j) = agjbj(01) 1<j<N

2. Recursion (since states 0 and F are non-emitting):

(6.17) ar(j) =Y ara1(i)ajbj(or); 1<j<N,I<t<T

'\IMZ

3. Termination:

=z

(6.18) P(O\) = at(gr) = ) ar(i)air
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%2 oy, (N) )
i - _ ™
ay, )= ‘zi 0p4(i) g by(0p) -
° ° \ °
e . °
e . °
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g e ~, bjo)
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Figure 6.8  Visualizing the computation of a single elementi) in the trellis by sum-
ming all the previous values; 1 weighted by their transition probabiliti@sand multiply-
ing by the observation probability (o;+1). For many applications of HMMs, many of the
transition probabilities are 0, so not all previous statélsoentribute to the forward prob-
ability of the current state. Hidden states are in circléseovations in squares. Shaded
nodes are included in the probability computationdefi). Start and end states are not
shown.

function FORWARD(observation®f len T, state-graphof len N) returns forward-prob

create a probability matriforward[N+2,T]

for each statsfrom 1to N do ;initialization step
forwards, 1]« ags * bs(01)
for each time stepfrom 2to T do ;recursion step

for each statsfrom 1to N dg
forward[s, t] « Z forward[s',t — 1] = ag s * bs(0r)
=1

N
forwardgr,T] — z forward(s, T] * agg. ; termination step

s=1
return forward[gg, T]

Figure 6.9 The forward algorithm. We've used the notatifmward[s,t] to represent
0t (s).

6.4 DeCODING. THE VITERBI ALGORITHM

DECODING
DECODER

For any model, such as an HMM, that contains hidden variatilesask of determining
which sequence of variables is the underlying source of smgaence of observations

is called thedecodingtask. In the ice cream domain, given a sequence of ice cream
observations8 1 3and an HMM, the task of thdecoderis to find the best hidden
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3

weather sequencél(H H). More formally,

Decoding Given as input an HMM\ = (A,B) and a sequence of ob-
servationsO = 01,0, ...,07, find the most probable sequence of states
Q= 010203. - .qr-

We might propose to find the best sequence as follows: for paskible hidden
state sequencélHH, HHC, HCH, etc.), we could run the forward algorithm and com-
pute the likelihood of the observation sequence given tidlatdn state sequence. Then

we could choose the hidden state sequence with the max altiserlikelihood.

It

should be clear from the previous section that we cannotiddo#cause there are an

exponentially large number of state sequences!

Instead, the most common decoding algorithms for HMMs is\therbi algo-

VITERBI ALGORITHM rithm . Like the forward algorithmViterbi is a kind ofdynamic programming, an
makes uses of a dynamic programming trellis. Viterbi alsorgly resembles anot
dynamic programming variant, teinimum edit distance algorithm of Ch. 3.

d
her
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Figure 6.10 The Viterbi trellis for computing the best path through theéden state space for the ice-cre
eating event8 1 3 Hidden states are in circles, observations in squaresté/{iimfilled) circles indicate illega
transitions. The figure shows the computatiorwdf ) for two states at two time steps. The computation in ¢
cell follows Eq 6.20:w(j) = max<j<n—1V—1(i) aj bj(o) The resulting probability expressed in each ce
Eq 6.19:vt(j) =P(do,q,---»Gt—1,01,02,...,0,G = j|A).
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(6.19)

(6.20)

BACKTRACE

Fig. 6.10 shows an example of the Viterbi trellis for compgtihe best hidden state
sequence for the observation sequedde3 The idea is to process the observation se-
quence left to right, filling out the trellis. Each cell of th@erbi trellis, v () represents
the probability that the HMM is in statpafter seeing the firgtobservations and pass-
ing through the most probable state sequemng€s,...,q—1, given the automatoh.
The value of each celk(j) is computed by recursively taking the most probable path
that could lead us to this cell. Formally, each cell expresise following probability:

w(j)=_max P(do,0.-0k-1,01,02...01, Gk = j[A)
Go,d1;---,Gt—1
Note that we represent the most probable path by taking thenmaan over all

possible previous state sequences max_.ike other dynamic programming algo-
Jo,d1,--,Gt—1

rithms, Viterbi fills each cell recursively. Given that wedchalready computed the
probability of being in every state at tinhe- 1, We compute the Viterbi probability by
taking the most probable of the extensions of the pathsélaatto the current cell. For
a given state; at timet, the valuev(j) is computed as:

: N .
we(j) = maxv-1(i) & bj(a)
The three factors that are multiplied in Eq. 6.20 for extegdhe previous paths to
compute the Viterbi probability at timteare:

vi—1(i) theprevious Viterbi path probability from the previous time step
aij thetransition probability from previous state; to current state;

bj(o) thestate observation likelihoodof the observation symba given
the current stat¢

Fig. 6.11 shows pseudocode for the Viterbi algorithm. Nbtg the Viterbi algo-
rithmis identical to the forward algorithm except that kea themax over the previous
path probabilities where the forward algorithm takesshi. Note also that the Viterbi
algorithm has one component that the forward algorithm aibesve: backpointers.
This is because while the forward algorithm needs to producebservation likeli-
hood, the Viterbi algorithm must produce a probability afsbahe most likely state
sequence. We compute this best state sequence by keemikg@tithe path of hidden
states that led to each state, as suggested in Fig. 6.12hamat the end tracing back
the best path to the beginning (the Vitebaicktrace).

Finally, we can give a formal definition of the Viterbi recians as follows:

1. Initialization:

(6.21) vi(j) = aojbj(01) 1<j<N
(6.22) bta(j) = O
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function VITERBI(observation®f len T, state-graphof len N) returns best-path

create a path probability matrisiterbi[N+2,T]
for each statsfrom 1to Ndo ;initialization step
viterbi[s,1]«ag s * bs(01)
backpointefs,1]< 0
for each time stepfrom 2to T do ;recursion step
for each statsfrom 1to N do

viterbi[s,t]Hrg’gx viterbi[s,t — 1] * ag 5 * bs(0t)
=1

backpointe[s,t]garg'ﬁnax viterbi[s,t — 1] x ag g

g=1
N N o ——
viterbi[gr, T] « malx viterbi[s, T] * asge ; termination step
S=
backpointefgr, T] arg’?lnax viterbi[s, T] * agg: ; termination step

s=1
return the backtrace path by following backpointers to states bactime from
backpointefgr, T]

Figure 6.11  Viterbi algorithm for finding optimal sequence of hiddentsta Given an
observation sequence and an HMM: (A, B), the algorithm returns the state-path through
the HMM which assigns maximum likelihood to the observasequence. Note that statgs
0 andgg are non-emitting.

2. Recursion(recall states 0 ange are non-emitting):
(6.23) w(i) = mav ai)aybj(o); 1<j<NLI<t<T
i=

(6.24) b(j) = argmawe 1(i)a;bj(a); 1<j<N1<t<T
i=1

3. Termination:

(6.25) The best score:Px=w(qr) = m'\é\lva(i) * 8 F
=

(6.26) The start of backtrace:qr+ = bty (Qe) = argNmava(i) *a F
i=1

6.5 TRAINING HMMS: THE FORWARD-BACKWARD ALGORITHM

We turn to the third problem for HMMs: learning the paramsigran HMM, i.e., the
A andB matrices. Formally,

Learning: Given an observation sequer@end the set of possible states
in the HMM, learn the HMM parametefsandB.

The input to such a learning algorithm would be an unlabesepisnce of obser-
vationsO and a vocabulary of potential hidden sta€@sThus for the ice cream task,
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Figure 6.12 The Viterbi backtrace. As we extend each path to a new statiatfor the next observation, we
keep a backpointer (shown with broken blue lines) to the past that led us to this state.

we would start with a sequence of observations {1,3,2, ..., }, and the set of hidden

statesH andC. For the part-of-speech tagging task we would start withquerce of
observation®© = {w1,w,ws3...} and a set of hidden statdBN, NNS, VBD, IN,..and

so on.
OnWARD: The standard algorithm for HMM training is tHerward-backward or Baum-
BAUM-WELCH

Welch algorithm (Baum, 1972), a special case of Ewpectation-Maximization or
EM

EM algorithm (Dempster et al., 1977). The algorithm will letttain both the transi-
tion probabilitiesA and the emission probabiliti&of the HMM.

Let us begin by considering the much simpler case of traimirigarkov chain
rather than a Hidden Markov Model. Since the states in a Mackain are observed,
we can run the model on the observation sequence and diseetlywhich path we took
through the model, and which state generated each obsem@tmbol. A Markov
chain of course has no emission probabiliti@lternatively we could view a Markov
chain as a degenerate Hidden Markov Model where albtpeobabilities are 1.0 for
the observed symbol and O for all other symbols.). Thus tihemmobabilities we need
to train are the transition probability matrix

We get the maximum likelihood estimate of the probabityof a particular tran-
sition between statdsand j by counting the number of times the transition was taken,
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which we could calC(i — j), and then normalizing by the total count of all times we
took any transition from state
__Cli=10

YqeCi—a)

We can directly compute this probability in a Markov chaicé&ease we know which
states we were in. For an HMM we cannot compute these courgstlgi from an
observation sequence since we don’t know which path ofstases taken through the
machine for a given input. The Baum-Welch algorithm usesrteat intuitions to solve
this problem. The first idea is titeratively estimate the counts. We will start with an
estimate for the transition and observation probabilige®l then use these estimated
probabilities to derive better and better probabilitiehie Becond idea is that we get
our estimated probabilities by computing the forward pholitg for an observation
and then dividing that probability mass among all the dédferpaths that contributed
to this forward probability.

In order to understand the algorithm, we need to define a bgegbability related

PRACKWARD  to the forward probability, called theackward probability .

The backward probabilit§} is the probability of seeing the observations from time
t+ 1 to the end, given that we are in stasg timet (and of course given the automaton
A):

(6.27) aj

(6.28) Bi(i) = P(0t+1,01+2...07|0k =i,A)
Itis computed inductively in a similar manner to the forwaftdgorithm.

1. Initialization:
(6.29) Br(i) = aF, 1<i<N

2. Recursion(again since states 0 agd are non-emitting):
. N . .
(6.30) &(I)=Zau bj(0ts1) Brsa(j), 1<i<N,I<t<T
J:
3. Termination:

N
(6.31) P(OIA) = at(gr) = B1(0) = Zaoj bj(01) Ba(})
=

Fig. 6.13 illustrates the backward induction step.

We are now ready to understand how the forward and backwatshpilities can
help us compute the transition probabiléty and observation probability (o;) from
an observation sequence, even though the actual path tat@mgh the machine is
hidden.

Let's begin by showing how to estimaag by a variant of (6.27):

__expected number of transitions from state statej
N expected number of transitions from state

(6.32) ajj
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(6.33)

(6.34)

(6.35)

(6.36)

qN By(i)= ZJ' Brr1(i) a; b;(0y,4)

(M3}

Figure 6.13 The computation of}(i) by summing all the successive valugs1(j)
weighted by their transition probabilitieg; and their observation probabilitids(o;1).
Start and end states not shown.

How do we compute the numerator? Here’s the intuition. Asswa had some
estimate of the probability that a given transition j was taken at a particular point
in timet in the observation sequence. If we knew this probabilitydfach particular
timet, we could sum over all timetsto estimate the total count for the transitions .

More formally, let's define the probabili as the probability of being in statat
timet and statg at timet + 1, given the observation sequence and of course the model:

Et(lvj) :P(qt = ivthrl: J|07)\)

In order to computé;, we first compute a probability which is similar &, but
differs in including the probability of the observation;tadhe different conditioning
of O from Equation (6.33):

nOt_qUiteEt(ia J) = P(q'[ = ivq'[Jrl = Jvo|}\)

Fig. 6.14 shows the various probabilities that go into cotimgunot-quiteé;: the
transition probability for the arc in question, theprobability before the arc, th@
probability after the arc, and the observation probabftitythe symbol just after the
arc. These four are multiplied together to prodnoé-quite€; as follows:

not-quite& (i, j) = ot (i) &j bj (0r+1) Be+1(J)

In order to computé; from not-quite€;, the laws of probability instruct us to divide
by P(OJ}A), since:

P(X,Y|Z)

P(X|Y,2Z) = W
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aijbj(‘?m)
ag(i)
—
Ot-1 Ot Ot12

Figure 6.14 Computation of the joint probability of being in stdtat timet and state

j at timet + 1. The figure shows the various probabilities that need todmebined to

produceP(g; =i,0t+1 = j,OJA): thea and probabilities, the transition probability;

and the observation probabilibf(o1). After Rabiner (1989).

The probability of the observation given the model is simihlg forward proba-
bility of the whole utterance, (or alternatively the backd/arobability of the whole
utterance!), which can thus be computed in a number of ways:

N
(6.37) P(OJA) =ar(N) =Br(1) = ar(j)B(])
=1

So, the final equation fd; is:

o Ge(i)aibj(0r1)Bria(])
6.38 &(i,j) =
( ) t( J) GT(N)

The expected number of transitions from stiatie statej is then the sum over 4l
of &. For our estimate odjj in (6.32), we just need one more thing: the total expected
number of transitions from stateWe can get this by summing over all transitions out
of statei. Here’s the final formula foa;;:

T*lE (I ;

A — til J)
(6:39) e vy
2t=1 ZJ::LEt(laJ)

We also need a formula for recomputing the observation fitiba This is the
probability of a given symbo¥, from the observation vocabulay, given a statg:
bj(vi). We will do this by trying to compute:

~ expected number of times in statand observing symbaek
(6.40) b (v = 2P 3 g5y

expected number of times in state
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For this we will need to know the probability of being in statat timet, which we

will call w(j):
(6.41) Wt (J) =P(aq = j|O,A)
Once again, we will compute this by including the observasequence in the
probability:
. _ P(ax=j,0)

a(i) B()

Ot-1 Ot Ot+1

Figure 6.15 The computation oft(j), the probability of being in statpat timet. Note
thaty is really a degenerate case&%#and hence this figure is like a version of Fig. 6.14
with statei collapsed with statg¢. After Rabiner (1989).

As Fig. 6.15 shows, the numerator of (6.42) is just the prodtithe forward prob-
ability and the backward probability:

(6.43) w(i) = —aggé?t)\()i)

We are ready to compute For the numerator, we suw(j) for all time stepg in
which the observatioa; is the symboly that we are interested in. For the denominator,
we sumy; (j) over all time steps. The result will be the percentage of the times that
we were in statg and we saw symbol, (the notation;thlst.OI:Vk means “sum over
all t for which the observation at timtewasvy”):

i Zr:lst.olzvk W (J)
6.44 B (i) — :
e M= W)

We now have ways in (6.39) and (6.44)teestimatahe transitiorA and observa-
tion B probabilities from an observation sequet@assuming that we already have a
previous estimate ok andB.
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EXPECTATION
E-STEP
MAXIMIZATION
M-STEP

These re-estimations form the core of the iterative fora@adkward algorithm.

The forward-backward algorithm starts with some initialiraate of the HMM
parameterd = (A,B). We then iteratively run two steps. Like other cases of the EM
(expectation-maximization) algorithm, the forward-baekd algorithm has two steps:
theexpectationstep, orE-step and themaximization step, ofM-step.

In the E-step, we compute the expected state occupancy geunak the expected
state transition courd, from the earlie’A andB probabilities. In the M-step, we use
andg to recompute nevi andB probabilities.

function FORWARD-BACKWARD( observationsof len T, output vocabulary Yhidden
state set Qreturns HMM=(A,B)

initialize A andB
iterate until convergence

E-step . )
w(i) = % 7t and]
&(i,j) = Ge(D)aijbj (O )Birall) 5 and

at(N)
M-step Y
Et(hj)
aj = T—tf N
ZEJ(I?J)
=1 =1

T

bj(v) = tls.;)'\/k V()

T .
t; ve(])

Figure 6.16  The forward-backward algorithm.

return A, B

Although in principle the forward-backward algorithm camampletely unsuper-
vised learning of théA and B parameters, in practice the initial conditions are very
important. For this reason the algorithm is often givenakiformation. For example,
for speech recognition, in practice the HMM structure isyveften set by hand, and
only the emissionHE) and (non-zerop transition probabilities are trained from a set
of observation sequenc€s Sec.??in Ch. 9 will also discuss how initiah andB
estimates are derived in speech recognition. We will algotisat for speech that the
forward-backward algorithm can be extended to inputs whighnon-discrete (“con-
tinuous observation densities”).



22 Chapter 6. Hidden Markov and Maximum Entropy Models

6.6 MAXIMUM ENTROPY MODELS. BACKGROUND

We turn now to a second probabilistic machine learning fraork calledMaximum
Entropy modeling,MaxEnt for short. MaxEnt is more widely known asultinomial
logistic regression

Our goal in this chapter is to introduce the use of MaxEnt &aquence classifica-
tion. Recall that the task of sequence classification or esecgilabelling is to assign
a label to each element in some sequence, such as assignarga-ppeech tag to
a word. The most common MaxEnt sequence classifier isMagimum Entropy
Markov Model or MEMM , to be introduced in Sec. 6.8. But before we see this use
of MaxEnt as a sequence classifier, we need to introduce eguestial classification.

The task of classification is to take a single observatiomaeksome useful features
describing the observation, and then based on these featoickassifythe observation
into one of a set of discrete classespbabilistic classifier does slightly more than
this; in addition to assigning a label or class, it givesghebability of the observation
being in that class; indeed, for a given observation a pritibtib classifier gives a
probability distribution over all classes.

Such non-sequential classification tasks occur througdpmech and language pro-
cessing. For example, iext classificationwe might need to decide whether a par-
ticular email should be classified as spam or notséntiment analysiswe have to
determine whether a particular sentence or document esgg@spositive or negative
opinion. In many tasks, we’'ll need to know where the sentence boigwlare, and
so we'll need to classify a period character (‘") as eitheeatence boundary or not.
We'll see more examples of the need for classification thnowgthis book.

EXPONENTIAL MaxEnt belongs to the family of classifiers known asexponentialor log-linear
oaLnear  classifiers. MaxEnt works by extracting some set of featfroes the input, combining
themlinearly (meaning that we multiply each by a weight and then add theyauma
then, for reasons we will see below, using this sum as an exyon

Let’s flesh out this intuition just a bit more. Assume that vavdr some inpux
(perhaps it is a word that needs to be tagged, or a documemidhds to be classified)
from which we extract some features. A feature for tagginghhbethis word ends in
-ing or the previous word was ‘theFor each such featurfg, we have some weight;.

Given the features and weights, our goal is to choose a diaiseXample a part-
of-speech tag) for the word. MaxEnt does this by choosingitbst probable tag; the
probability of a particular classgiven the observationis:

(6.45) p(c|x) = %exp(Zwi fi)

HereZ is a normalizing factor, used to make the probabilitiesectty sum to 1;
and as usual exp) = €. As we'll see later, this is a simplified equation in various
ways; for example in the actual MaxEnt model the featdrasmd weightsv are both
dependent on the class(i.e., we'll have different features and weights for diéfat
classes).

In order to explain the details of the MaxEnt classifier, utthg the definition
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REGRESSION LINE

of the normalizing ternZ and the intuition of the exponential function, we’'ll need
to understand firdinear regression which lays the groundwork for prediction using
features, antbgistic regression which is our introduction to exponential models. We
cover these areas in the next two sections. Readers who laava lgrounding in
these kinds of regression may want to skip the next two sextid’hen in Sec. 6.7
we introduce the details of the MaxEnt classifier. FinallySec. 6.8 we show how
the MaxEnt classifier is used for sequence classificatiofmérMtaximum Entropy
Markov Model or MEMM .

6.6.1 Linear Regression

In statistics we use two different names for tasks that mapesmput features into
some output value: we use the warbressionwhen the output is real-valued, and
classificationwhen the output is one of a discrete set of classes.

You may already be familiar with linear regression from aistigs class. The
idea is that we are given a set of observations, each obsemnatsociated with some
features, and we want to predict some real-valued outconesfth observation. Let's
see an example from the domain of predicting housing price&tt and Dubner (2005)
showed that the words used in a real estate ad can be useda$rgdictor of whether
a house will sell for more or less than its asking price. THeywsed, for example, that
houses whose real estate ads had wordgdiktastic cute or charming tended to sell
for lower prices, while houses whose ads had wordstilegpleandgranitetended to
sell for higher prices. Their hypothesis was that real estgents used vague positive
words likefantasticto mask the lack of any specific positive qualities in the leousist
for pedagogical purposes, we created the fake data in Rig. 6.

| Number of vague adjectives Amount house sold over asking price
4 0
3 $1000
2 $1500
2 $6000
1 $14000
0 $18000
Figure 6.17 Some made-up data on the number of vague adjectfeesabtic cute
charming in a real estate ad, and the amount the house sold for oveskieg price.

Fig. 6.18 shows a graph of these points, with the feature @d@ctives) on the
x-axis, and the price on the y-axis. We have also plotteglgaession line which is
the line that best fits the observed data. The equation ofiaeydy = mx+ b; as we
show on the graph, the slope of this linenis= —4900, while the intercept is 16550.
We can think of these two parameters of this line (slopand intercepb) as a set of
weights that we use to map from our features (in this caseimbers of adjectives) to
our output valuey (in this case price). We can represent this linear functsngw to
refer to weights as follows:
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(6.46)

(6.47)

FEATURE

(6.48)

20000

15000

y = -4900x + 16550
10000

5000

o

Increase in House Sale Price

-5000

Number of Adjectives

Figure 6.18 A plot of the (made-up) points in Fig. 6.17 and the regresbi@that best
fits them, with the equation= —4900+ 16550.

price= wp + wy x Num_Adjectives

Thus Eq. 6.46 gives us a linear function that lets us estithatsales price for any
number of these adjectives. For example, how much would weeba house whose
ad has 5 adjectives to sell for?

The true power of linear models comes when we use more thafeahee (tech-
nically we call thismultiple linear regression). For example, the final house price
probably depends on many factors such as the average mentgi@gthat month, the
number of unsold houses on the market, and many other suchgag/e could encode
each of these as a variable, and the importance of each faotdd be the weight on
that variable, as follows:

price= wp+ w1 x* Num_Adjectivest w, x« Mortgage Rate-ws «Num_UnsoldHouses

In speech and language processing, we often call each a&f greslictive factors
like the number of adjectives or the mortgage rafeature. We represent each ob-
servation (each house for sale) by a vector of these feat@@gpose a house has 1
adjective in its ad, and the mortgage rate was 6.5 and theie 10000 unsold houses
in the city. The feature vector for the house wouldfbe (1,6.5,10000. Suppose the
weight vector that we had previously learned for this task Wa= (W, w1, Wa, W3) =
(1800Q —500Q0 —300Q —1.8). Then the predicted value for this house would be com-
puted by multiplying each feature by its weight:

N
price= wg + lei x i
=

In general we will pretend that there is an extra featigrehich has the value 1, an
intercept feature, which make the equations simpler with regard to that pegkand
so in general we can represent a linear regression for dgtigrthe value ofy as:
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N
(6.49) linear regression: y= Z)Wi x i
i=

Taking two vectors and creating a scalar by multiplying eglelment in a pairwise
porproouct  fashion and summing the results is called do¢ product. Recall that the dot product
a-b between two vectora andb is defined as:

N
(6.50) dot product: a-b= Zabi — agby +aghy + - - - 4 agbn
=
Thus Eq. 6.49 is equivalent to the dot product between thgheivector and the
feature vector:
(6.51) y=w-f

Vector dot products occur very frequently in speech anddagg processing; we
will often rely on the dot product notation to avoid the mesgynmation signs.

Learning in linear regression

How do we learn the weights for linear regression? Intulgiwge'd like to choose
weights that make the estimated valyess close as possible to the actual values that
we saw in the training set.

Consider a particular instans&’ from the training set (we'll use superscripts in
parentheses to represent training instances), which halssamved label in the training

setygt))s Our linear regression model predicts a valueyfdr as follows:

(i) A ()
(6.52) Y, =3 wxf
pred i; ! i

We'd like to choose the whole set of weiglsso as to minimize the difference

between the predicted Val'yg:ed and the observed valqé)jgs, and we want this dif-

ference minimized over all thiel examples in our training set. Actually we want to
minimize the absolute value of the difference (since we tieaht a negative distance
in one example to cancel out a positive difference in anathample), so for simplicity
(and differentiability) we minimize the square of the diface. Thus the total value

SUM-SQUARED  wwe want to minimize, which we call theum-squared error, is this cost function of
the current set of weightd/:

M . . 2
(6.53) cos{W) = Z) (y[()Jr)ed - ygt))s)
J:

We won't give here the details of choosing the optimal set eighits to minimize
the sum-squared error. But, briefly, it turns out that if we fhe entire training set
into a single matrixX with each row in the matrix consisting of the vector of featur
associated with each observatiéh, and put all the observadralues in a vectoy, that
there is a closed-form formula for the optimal weight valWésvhich will minimize

costiv):
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(6.54)

(6.55)

(6.56)

0oDDS

W= (X"X)"1xTy

Implementations of this equation are widely available tistical packages like
SPSSorR.

6.6.2 Logistic regression

Linear regression is what we want when we are predictinglavadaed outcome. But
somewhat more commonly in speech and language processiagendoingclassifi-
cation, in which the outpuy we are trying to predict takes on one from a small set of
discrete values.

Consider the simplest case of binary classification, whezewant to classify
whether some observationis in the class (true) or not in the class (false). In other
wordsy can only take on the values 1 (true) or O (false), and we'ddikdassifier that
can take features of and return true or false. Furthermore, instead of just nitigr
the 0 or 1 value, we'd like a model that can give us pinebability that a particular
observation is in class 0 or 1. This is important because ist maal-world tasks we're
passing the results of this classifier onto some furthesiflas to accomplish some
task. Since we are rarely completely certain about whickscém observation falls in,
we’'d prefer not to make a hard decision at this stage, rulintgatl other classes. In-
stead, we'd like to pass on to the later classifier as muchrimdtion as possible: the
entire set of classes, with the probability value that wégas® each class.

Could we modify our linear regression model to use it for il of probabilistic
classification? Suppose we just tried to train a linear mtaptedict a probability as
follows:

N

Ply=trugx) = Y wi x fj
i; i i
w- f

We could train such a model by assigning each training olservthe target value
y =1 ifit was in the class (true) and the target vajue 0 if it was not (false). Each
observatiorx would have a feature vectdr and we would train the weight vectarto
minimize the predictive error from 1 (for observations ie ttlass) or O (for observa-
tions not in the class). After training, we would computephebability of a class given
an observation by just taking the dot product of the weigltmewith the features for
that observation.

The problem with this model is that there is nothing to forice butput to be a
legal probability, i.e. to lie between zero and 1. The emmz{\‘:owi x fi produces
values from—oo to co. How can we fix this problem? Suppose that we keep our linear
predictorw- f, but instead of having it predict a probability, we have #édict aratio of
two probabilities. Specifically, suppose we predict théoraf the probability of being
in the class to the probability of not being in the class. Thi® is called theodds If
an event has probability .75 of occurring and probabilify a2 not occurring, we say
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(6.57)

(6.58)

LOGIT FUNCTION

(6.59)

LOGISTIC
REGRESSION

(6.60)

(6.61)

(6.62)

theoddsof occurring is.75/.25= 3. We could use the linear model to predict the odds
of y being true:

ply=true)lx
1—p(y=truex)
This last model is close: a ratio of probabilities can liewestn 0 ando. But we

need the left-hand side of the equation to lie betweenand~. We can achieve this
by taking the natural log of this probability:

ply=truelx) \
n (2 o) ="

Now both the left and right hand lie betweeno ande. This function on the left
(the log of the odds) is known as thagit function:

. P(X)
logit(p(x)) =In (1_ p(x))

The model of regression in which we use a linear function torege, not the
probability, but the logit of the probability, is known #sgistic regression If the
linear function is estimating the logit, what is the actuahfiula in logistic regression
for the probabilityP(y = true)? You should stop here and take Equation (6.58) and
apply some simple algebra to solve for the probabHy = true).

Hopefully when you solved foP(y = true) you came up with a derivation some-
thing like the following:

ply=truex) \
n (1— p(y=trud><)> —w

ply=truelx) _
1— p(y=truex)

p(y = truex) = (1— p(y = truejx))e"
y = trugx) = e"f — p(y = truglx)e"

y = trugx) + p(y = trugx)e" " = e"f
p(y = trugix)(1+e"") = e"f

w- f

Once we have this probability, we can easily state the pritityadif the observation
not belonging to the clasg(y = falsgx), as the two must sum to 1:

p(y: fa|SdX) = W

Here are the equations again using explicit summation iootat
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(6.63)

(6.64)

(6.65)

(6.66)

LOGISTIC FUNCTION

(6.67)

(6.68)

CLASSIFICATION
INFERENCE

(6.69)

_ _expzlowfi)
p(y =truex) = 1+exqzi('\)‘:owifi)
p(y = falsex) — .

1+ exr(zi'\‘:owi fi)

We can express the probabilRyy = trugx) in a slightly different way, by dividing
the numerator and denominator in (6.61)dy" '

eW-f
1+ewf

1
14+ewf

p(y =trugx) =

These last equation is now in the form of what is calledltiugstic function, (the
function that gives logistic regression its name). The galferm of the logistic func-
tion is:

1
l+eX
The logistic function maps values frorro andeo to lie between 0 and 1
Again, we can expred®(y = falsgx) so as to make the probabilities sum to one:

—w- f

p(y=fa|sqx) = W

6.6.3 Logistic regression: Classification

Given a particular observation, how do we decide which oftite classes (‘true’ or
‘false’) it belongs to? This is the task ofassification also callednference Clearly
the correct class is the one with the higher probability. Stwe can safely say that our
observation should be labeled ‘true’ if:

p(y =truelx) > p(y = falsgx)

p(y =truelx)
p(y = falsex)
p(y = truejx)

1— p(y=truelx)
and substituting from Eq. 6.60 for the odds ratio:

evf>1
w-f>0
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(6.70)

CONDITIONAL
MAXIMUM
LIKELIHOOD
ESTIMATION

(6.71)

(6.72)

(6.73)

(6.74)

(6.75)

or with the explicit sum notation:

N
i;wi fi>0

Thus in order to decide if an observation is a member of thesolee just need to
compute the linear function, and see if its value is positifveo, the observation is in
the class.

A more advanced point: the equatigtiowi fi = 0 is the equation of hyperplane
(a generalization of a line td dimensions). The equatiq{\':owi fi > Ois thus the part
of N-dimensional space above this hyperplane. Thus we can séegiistic regression
function as learning a hyperplane which separates poirsizane which are in the class
('true’) from points which are not in the class.

6.6.4 Advanced: Learning in logistic regression

In linear regression, learning consisted of choosing thightsw which minimized the
sum-squared error on the training set. In logistic regoesdiy contrast, we generally
useconditional maximum likelihood estimation. What this means is that we choose
the parametersr which makes the probability of the obserwedalues in the training
data to be the highest, given the observatisndn other words, for an individual
training observatiow, we want to choose the weights as follows:

W = argmax(y" |x())
w
And we'd like to choose the optimal weights for the entirertirzg set:
W= argmax ] P(y" |x)
g >1T| (Y 1x)
We generally work with the log likelihood:
W= argmaxy logP(y"|x"))
w T
So, more explicitly:

. Py® = 1jx)) for yi =1
W=argmag 0a{ 270 o) for 0 0

This equation is unwieldy, and so we usually apply a convgniepresentational
trick. Note that ify = 0 the first term goes away, whileyf= 1 the second term goes
away:

W= argvgnaxz y(l) log P(y(l) — 1|X(|))) +(1- y(l)) log P(y(l) — le(l))
|

Now if we substitute in (6.66) and (6.68), we get:
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() 1 () !
6.76 N= log———— 1- log———
(6.76) W argvpaxIZy 007 g wf +(1-y") 00 g wf
Finding the weights which result in the maximum log-likeldd according to (6.76)
orTniIMEXis a problem in the field known asonvex optimization Among the most com-

monly used algorithms amguasi-Newtonmethods like L-BFGS, as well as gradient
ascent, conjugate gradient, and various iterative scaliggrithms (Darroch and Rat-
cliff, 1972; Della Pietra et al., 1997; Malouf, 2002). Thdsarning algorithms are
available in the various MaxEnt modeling toolkits but are tmmplex to define here;
interested readers should see the machine learning teeglsnggested at the end of
the chapter.

6.7 MAXIMUM ENTROPY MODELING

MULTINOMIAL
LOGISTIC
REGRESSION
MAXENT

(6.77)

(6.78)

We showed above how logistic regression can be used to fyl@ssbbservation into
one of two classes. But most of the time the kinds of classifingproblems that
come up in language processing involve larger numbers sketa(such as the set
of part-of-speech classes). Logistic regression can astefined for such functions
with many discrete values. In such cases it is caftedtinomial logistic regression
As we mentioned above, multinomial logistic regressionaibed MaxEnt in speech
and language processing (see Sec. 6.7.1 on the intuitiand#re name ‘maximum
entropy’).

The equations for computing the class probabilities for axBfd classifier are a
generalization of Eqgs. 6.63-6.64 above. Let's assumeltlegarget valug is a random
variable which can take d@ different values corresponding to the classgsy,...cc.

We said earlier in this chapter that in a MaxEnt model we estiinthe probability
thaty is a particular class as:

1
p(clx) = ZeXPZWi fi
|

Let's now add some details to this schematic equation. Riesll flesh out the
normalization factor Z, specify the number of featuredlaand make the value of the
weight dependent on the classThe final equation is:

Note that the normalization factdris just used to make the exponential into a true
probability;

p(clx) =
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(6.79)

INDICATOR
FUNCTION

(6.80)

(6.81)

2= 3 p(ox) = czcexp(iwdi ﬁ)

We need to make one more change to see the final MaxEnt equatidiar we've
been assuming that the featurgsre real-valued. It is more common in speech and
language processing, however, to use binary-valued fesatér feature that only takes
on the values 0 and 1 is also callediadicator function. In general, the features we
use are indicator functions of some property of the obsenvand the class we are
considering assigning. Thus in MaxEnt, instead of the mtaf;, we will often use
the notationf;(c,x), meaning a featurefor a particular class for a given observation
X.

The final equation for computing the probability pbeing of class givenx in
MaxEnt is:

exp (i)wci fi(c, x))

p(clx) = N
cgcexp (iZ}Wdi fi(c, x))

To get a clearer intuition of this use of binary featuressletok at some sample
features for the task of part-of-speech tagging. Supposare@ssigning a part-of-
speech tag to the womacein (6.81), repeated fron?():

Secretariat/NNP is/BEZ expected/VBN to/Tace/??tomorrow/

Again, for now we're just doing classification, not sequeadlessification, so let’s
consider just this single word. We'll discuss in Sec. 6.8 hoywerform tagging for a
whole sequence of words.

We would like to know whether to assign the cla& to race (or instead assign
some other class likidN). One useful feature, we’ll call it;, would be the fact that the
current word igace We can thus add a binary feature which is true if this is treeca

f(eX) = 1 if word ="“race” & c=NN
=271 0 otherwise

Another feature would be whether the previous word has thé @

box) — {11 t-1=TO& c=VB
2% = 1 0 otherwise

Two more part-of-speech tagging features might focus oaaspf a word’s spelling
and case:

_ [ 1 if suffix(word) =“ing” & c¢=VBG
fa(ex) = {O otherwise
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[ 1 if is_.lowercasgword)) & c=VB
fa(ex) = { 0 otherwise
Since each feature is dependent on both a property of thevaltien and the class
being labeled, we would need to have separate feature fprthe link betweemace
and VB, or the link between a previous TO and NN:

f5(c,X) = 1 if word ="race” & c=VB
S\ = 1 0 otherwise

fo(C,X) = 1if t_.1=TO & c=NN
6% = 1 0 otherwise
Each of these features has a corresponding weight. Thuseigéiw; (c,x) would
indicate how strong a cue the worace is for the tag VB, the weighiv,(c,x) would
indicate how strong a cue the previous ®gis for the current word being a VB, and

SO on.
fl f2 3 f4 5 f6
VB f 0 1 0 1 1 0
VB W .8 .01 d
NN f 1 0 0 0 0 1
NN W .8 -1.3
Figure 6.19 Some sample feature values and weights for tagging the waarelin
(6.81).

Let's assume that the feature weights for the two classesnNB/N are as shown
in Fig. 6.19. Let's call the current input observation (whére current word isace) x.
We can now computB(NN|x) andP(V B|x), using Eq. 6.80:

e.8e71.3

(6.82) PINNX) = 55137 gsg0ie1 = -20
8a01a1
e~e--e

(6.83) PIVBX) = g513 gse0ie1 — 80

Notice that when we use MaxEnt to perfoatassification MaxEnt naturally gives
us a probability distribution over the classes. If we wardda hard-classification and

choose the single-best class, we can choose the class thtitenhighest probability,
i.e.

(6.84) € =argmaP(c|x)
ceC
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Classification in MaxEnt is thus a generalization of clasatfon in (boolean) lo-
gistic regression. In boolean logistic regression, cfasgion involves building one
linear expression which separates the observations inléilss &lom the observations
not in the class. Classification in MaxEnt, by contrast, imege building a separate
linear expression for each Gfclasses.

But as we'll see later in Sec. 6.8, we generally don’t use Maxar hard classi-
fication. Usually we want to use MaxEnt as part of sequencssitieation, where we
want not the best single class for one unit, but the best seiqlience. For this task,
it's useful to exploit the entire probability distributidar each individual unit, to help
find the best sequence. Indeed even in many non-sequendesdéippk a probability
distribution over the classes is more useful than a hardehoi

The features we have described so far express a single pr@pgrty of an obser-
vation. But it is often useful to create more complex featubat express combinations
of properties of a word. Some kinds of machine learning mndikde Support Vector
Machines (SVMs), can automatically model the interactioetsveen primitive proper-
ties, but in MaxEnt any kind of complex feature has to be defimehand. For example
a word starting with a capital letter (like the wolthy) is more likely to be a proper
noun (NNP) than a common noun (for example in the expredsioted Nations Day
But a word which is capitalized but which occurs at the bemigmof the sentence (the
previous word is<s>), as inDay after day..,.is not more likely to be a proper noun.
Even if each of these properties were already a primitiveufea MaxEnt would not
model their combination, so this boolean combination ofprties would need to be
encoded as a feature by hand:

fios(C,X) = 1 if word_1 =<s> & isupperfirstword) & c=NNP
1255%%°= 1 0 otherwise

A key to successful use of MaxEnt is thus the design of apjmtgpfeatures and
feature combinations.

Learning Maximum Entropy Models

Learning a MaxEnt model can be done via a generalizationefdbistic regression
learning algorithms described in Sec. 6.6.4; as we saw i8fpwe want to find the
parametersy which maximize the log likelihood of thi! training samples:

(6.85) W= argmaxy logP(y"|x"))
w T

As with binary logistic regression, we use some convex ogtation algorithm to
find the weights which maximize this function.

A brief note: one important aspect of MaxEnt training is adkaf smoothing of the

REGULARIZATION  Weights calledegularization. The goal of regularization is to penalize large weights;

it turns out that otherwise a MaxEnt model will learn verytigeights which overfit
the training data. Regularization is implemented in tragnby changing the likeli-
hood function that is optimized. Instead of the optimizatio (6.85), we optimize the
following:
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(6.86)

(6.87)

(6.88)

(6.89)

(6.90)

(6.91)

W = argmaxy logP(y"|x") — aR(w)
w i

whereR(w) is aregularization term used to penalize large weights. It is common to
make the regularization terR(w) be a quadratic function of the weight values:

Subtracting squares of the weights will thus result in prafg smaller weights:
(i) %) c W2
W= argmaxy logP(y"V|x") —a -
e 2.

It turns that this kind of regularization corresponds touasi®ig that weights are
distributed according to a Gaussian distribution with mgan 0. In a Gaussian or
normal distribution, the further away a value is from the mehe lower its probability
(scaled by the varianog). By using a Gaussian prior on the weights, we are saying
that weights prefer to have the value zero. A Gaussian forightre; is:

)2
1 exp| = (Wj 2“1)
/2,.[0]2 205
If we multiply each weight by a Gaussian prior on the weight, ave thus maxi-
mizing the following constraint:

P x ] (w; — )2
W= argmax ] P(y" |x) x exp| ————22
w )ﬂ Dl 2mo? 20%

which in log space, witlu = 0, corresponds to
W = argmaxy log Py x1) —
w T

which is in the same form as Eq. 6.88.
There is a vast literature on the details of learning in MaxEee the end of the
chapter for pointers to further details.

6.7.1 Why do we call it Maximum Entropy?

Why do we refer to multinomial logistic regression modeldvéeaxEnt or Maximum
Entropy models? Let's give the intuition of this interpitéta in the context of part-
of-speech tagging. Suppose we want to assign a tag to the zzéisth(a word we
made up for this example). What is the probabilistic taggimadel (the distribution
of part-of-speech tags across words) that makes the fewsgigptions, imposing no
constraints at all? Intuitively it would be the equiprobadistribution:
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(6.92)

(6.93)

NNS|VB |NNP|IN |MD |UH|SYM | VBG | POS/ PRP|CC|CD| ...

11 |1 R 1 |1
45 | 45 4 4 45 45

-2
[
<

al
il
IN
ol
IN
ol
al
il
il
il
IN
ol

Now suppose we had some training data labeled with parpeéch tags, and from
this data we learned only one fact: the set of possible tagezfitshare NN, JJ, NNS,
and VB (sozzfishis a word something likéish but which can also be an adjective).
What is the tagging model which relies on this constraint, hakes no further as-
sumptions at all? Since one of these must be the correct tagnaow that

P(NN) + P(JJ) + P(NNS + P(VB) = 1

Since we have no further information, a model which makesinhér assumptions
beyond what we know would simply assign equal probabilitgdach of these words:

NN [JJNNS|VB [NNP|IN |MD |UH | SYM |VBG | POS PRP|CC|CD| ...
0 0|0 |0 |O 0 0 o (0 |O

FNTN
FNTN
FNTN
FNTN

In the first example, where we wanted an uninformed distidlutver 45 parts-of-
speech, and in this case, where we wanted an uninformebditn over 4 parts-of-
speech, it turns out that of all possible distributions, eéq@iprobable distribution has
the maximum entropy. Recall from Sec?? that the entropy of the distribution of a
random variable is computed as:

H(X) = — 3 P(X)log, P(x)

An equiprobable distribution in which all values of the randvariable have the
same probability has a higher entropy than one in which tieereore information.
Thus of all distributions over four variables the distriout{2, ,%,1} has the maxi-
mum entropy. (To have an intuition for this, use Eq. 6.93 tmpate the entropy for a
few other distributions such as the distributiph, 3,2, 2}, and make sure they are all
lower than the equiprobable distribution.)

The intuition of MaxEnt modeling is that the probabilistiodel we are building
should follow whatever constraints we impose on it, but Imelythese constraints it
should follow Occam’s Razor, i.e., make the fewest possibsimptions.

Let's add some more constraints into our tagging examplep8&se we looked at
our tagged training data and noticed that 8 times out okzifishwas tagged as some
sort of common noun, either NN or NNS. We can think of this a#fging the feature
‘'word is zzfishandt; = NN ort; = NNS’. We might now want to modify our distribution
so that we givel% of our probability mass to nouns, i.e. now we have 2 condsain

P(NN)+PJJ)+P(NNS +P(VB) =1

P(word iszzfishandt; = NN ort; = NNS) = 1—80

but make no further assumptions (keep JJ and VB equiprofatdeNN and NNS
equiprobable).
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NN [JJ|NNS|VB [NNP|...

a 112 |1 [g
10 | 10| 10 10

Now suppose we don’t have have any more information akzfigh But we notice
in the training data that for all English words (not ju=tfish verbs (VB) occur as 1
word in 20. We can now add this constraint (correspondingédeaturd; =VB):

P(NN)+P(JJ) + P(NNS +P(VB) = 1

o 8
P(word iszzfishandt; = NN ort; = NNS) = 10
1

PIVB) =

The resulting maximum entropy distribution is now as foltow

NN |JJ|NNS| VB

A 1314 |1
10 (20|10 |20

In summary, the intuition of maximum entropy is to build atdisution by continu-
ously adding features. Each feature is an indicator functidnich picks out a subset of
the training observations. For each feature we add a camstraour total distribution,
specifying that our distribution for this subset should chathe empirical distribution
we saw in our training data. We then choose the maximum eptligribution which
otherwise accords with these constraints. Berger et aBg)lpose the optimization
problem of finding this distribution as follows:

“To select a model from a setof allowed probability distributions, choose
the model p € ¢ with maximum entropy p)™:
(6.94) p* =argmad (p)
pec
Now we come to the important conclusion. Berger et al. (199®)w that the

solution to this optimization problem turns out to be exatite probability distribution
of a multinomial logistic regression model whose weigtsnaximize the likelihood
of the training data! Thus the exponential model for multiial logistic regression,
when trained according to the maximum likelihood criterialso finds the maximum
entropy distribution subject to the constraints from thetdiee functions.

6.8 MAXIMUM ENTROPY MARKOV MODELS

We began our discussion of MaxEnt by pointing out that thecblslexEnt model is
not in itself a classifier for sequences. Instead, it is usatkissify a single observation
into one of a set of discrete classes, as in text classifitétiooosing between possible
authors of an anonymous text, or classifying an email as ypamntasks like deciding
whether a period marks the end of a sentence.
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We turn in this section to th#laximum Entropy Markov Model or MEMM |,
which is an augmentation of the basic MaxEnt classifier sbith@an be applied to
assign a class to each element in a sequence, just as we daMits. Why would
we want a sequence classifier built on MaxEnt? How might sudhssifier be better
than an HMM?

Consider the HMM approach to part-of-speech tagging. ThevHisgging model
is based on probabilities of the forf(tagtag) and P(wordtag). That means that
if we want to include some source of knowledge into the taggirocess, we must
find a way to encode the knowledge into one of these two prtibebi But many
knowledge sources are hard to fit into these models. For eeamp saw in Sec??
that for tagging unknown words, useful features includetaéipation, the presence
of hyphens, word endings, and so on. There is no easy way toofigpilities like
P(capitalizatioftag), P(hypheiitag), P(suffix|tag), and so on into an HMM-style model.

We gave the initial part of this intuition in the previous Sen, when we discussed
applying MaxEnt to part-of-speech tagging. Part-of-sheagging is definitely a se-
quence labeling task, but we only discussed assigning eopagieech tag to a single
word.

How can we take this single local classifier and turn it intoemeyal sequence
classifier? When classifying each word we can rely on featfreen the current word,
features from surrounding words, as well as the output otthssifier from previous
words. For example the simplest method is to run our localstfi@r left-to-right, first
making a hard classification of the first word in the sentettoen the second word,
and so on. When classifying each word, we can rely on the ¢offhe classifier from
the previous word as a feature. For example, we saw in taggmgvordrace that a
useful feature was the tag of the previous word; a previoussyood indication that
raceis a VB, whereas a previous DT is a good indication tlaae is a NN. Such a
strict left-to-right sliding window approach has been shawyield surprisingly good
results across a wide range of applications.

While it is possible to perform part-of-speech tagging iis thay, this simple left-
to-right classifier has an important flaw: it makes a hardsienion each word before
moving on to the next word. This means that the classifier #lento use information
from later words to inform its decision early on. Recall timeitlidden Markov Models,
by contrast, we didn't have to make a hard decision at eacld;wee used Viterbi
decoding to find the sequence of part-of-speech tags whistoptimal for the whole
sentence.

The Maximum Entropy Markov Model (or MEMM) allows us to actéethis same
advantage, by mating the Viterbi algorithm with MaxEnt. 'setee how it works,
again looking at part-of-speech tagging. It is easiest weuostand an MEMM when
comparing itto an HMM. Remember that in using an HMM to modelmnost probable
part-of-speech tag sequence we rely on Bayes rule, congpB{\W|T)P(W) instead
of directly computindP(T|W):

T = argma®(T|W)
T

= argmaXP(W|T)P(T)
T
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(6.95)

DISCRIMINATIVE
MODEL

(6.96)

= argmaxﬂ P(word |tag) |'| P(tag|tag_;)
T i

That is, an HMM as we've described it is a generative model dpdimizes the
likelihood P(W|T), and we estimate the posterior by combining the likelihood the
prior P(T).

In an MEMM, by contrast, we compute the poste®gT |W) directly. Because we
train the model directly to discriminate among the possiatesequences, we call an
MEMM a discriminative model rather than a generative model. In an MEMM, we
break down the probabilities as follows:

T = argmaP(T|W)
T

argmay | P(tag |word,tag
or >1i'|(g|wda g 1)

Thus in an MEMM instead of having a separate model for likaditts and priors,
we train a single probabilistic model to estim&gag |word ,tag_4). We will use
MaxEnt for this last piece, estimating the probability ofledocal tag given the previ-
ous tag, the observed word, and, as we will see, any otheuréesatve want to include.

We can see the HMM versus MEMM intuitions of the POS taggisg ta Fig. 6.20,
which repeats the HMM model of Fi@?a from Ch. 5, and adds a new model for the
MEMM. Note that the HMM model includes distinct probabiligstimates for each
transition and observation, while the MEMM gives one praliglestimate per hidden
state, which is the probability of the next tag given the pres tag and the observation.

223993

Secretariat is expected to race tomorrow
Secretariat is expected to race tomorrow

Figure 6.20 The HMM (top) and MEMM (bottom) representation of the proitiab
computation for the correct sequence of tags for the Se@eszntence. Each arc would
be associated with a probability; the HMM computes two s&jggprobabilities for the ob-
servation likelihood and the prior, while the MEMM compuéesingle probability function
at each state, conditioned on the previous state and cuipsetvation.
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(6.97)

(6.98)

(6.99)

Fig. 6.21 emphasizes another advantage of MEMMs over HMMsshown in
Fig. 6.20: unlike the HMM, the MEMM can condition on any udd&ature of the input
observation. In the HMM this wasn'’t possible because the Hidlikelihood-based,
hence would have needed to compute the likelihood of eathrieaf the observation.

\ .
expectéd) to race tomorrow

LN
\ .
cretariat

Figure 6.21 An MEMM for part-of-speech tagging, augmenting the degwip in
Fig. 6.20 by showing that an MEMM can condition on many feasusf the input, such ag
capitalization, morphology (ending s or -ed), as well as earlier words or tags. We haye
shown some potential additional features for the first tlie@sions, using different line
styles for each class.

More formally, in the HMM we compute the probability of thest sequence given
the observations as:

P(QO) = []Plola)  []P(ala-)

In the MEMM, we compute the probability of the state sequegieen the obser-
vations as:

P(QO) - []P(ala-10)

In practice, however, an MEMM can also condition on many nfeedures than
the HMM, so in general we condition the right-hand side on yrmaore factors.

To estimate the individual probability of a transition fraanstateq’ to a stateq
producing an observatiam we build a MaxEnt model as follows:

1

6.8.1 Decoding and Learning in MEMMs

Like HMMs, the MEMM uses the Viterbi algorithm to perform thesk of decoding
(inference). Concretely, this involves filling &hx T array with the appropriate values
for P(t|ti—1,word: ), maintaining backpointers as we proceed. As with HMM Viterb
when the table is filled we simply follow pointers back frone tthaximum value in
the final column to retrieve the desired set of labels. Theisig changes from the
HMM-style application of Viterbi only have to do with how wdlfeach cell. Recall

P(qld,0) =
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(6.100)

(6.101)

(6.102)

from Eq. 6.23 that the recursive step of the Viterbi equatimmputes the Viterbi value
of timet for statej as:

wi(j) = mNalx vi—a(iajbj(o); 1<j<N1<t<T
1=

which is the HMM implementation of

w(i) = max v1() P(sils) Plals;) 1<j<N1<t<T
i=

The MEMM requires only a slight change to this latter formuéplacing thea and
b prior and likelihood probabilities with the direct postari

wi(j) = mNalx Vi—1(i) P(sjls, o) 1<j<N,1<t<T
i=

Fig. 6.22 shows an example of the Viterbi trellis for an MEMbbéied to the ice-
cream task from Sec. 6.4. Recall that the task is figuringlwihidden weather (Hot
or Cold) from observed numbers of ice-creams eaten in JasoeEs diary. Fig. 6.22
shows the abstract Viterbi probability calculation assugnihat we have a MaxEnt
model which computeB(s|s_1,0;) for us.

Learning in MEMMSs relies on the same supervised learningritlyns we pre-
sented for logistic regression and MaxEnt. Given a sequehadservations, fea-
ture functions, and corresponding hidden states, we th@meights so as maximize
the log-likelihood of the training corpus. As with HMMs, & also possible to train
MEMMs in semi-supervised modes, for example when the semuehlabels for the
training data is missing or incomplete in some way: a versidhe EM algorithm can
be used for this purpose.

6.9 SUMMARY

This chapter described two important models for probahilsequence classificatian
theHidden Markov Model and theMaximum Entropy Markov Model . Both mod-
els are widely used throughout speech and language progessi

e Hidden Markov ModelsKIMMs) are a way of relating a sequence alfser-
vations to a sequence diidden classesor hidden stateswhich explain the
observations.

e The process of discovering the sequence of hidden states gjie sequence
of observations is known adecodingor inference The Viterbi algorithm is
commonly used for decoding.

e The parameters of an HMM are thetransition probability matrix and thB
observation likelihood matrix. Both can be trained using Baum-Welch or
forward-backward algorithm.



Section 6.9.

Summary 41

’ N

! \

Yend |\\ end )
dz H

/, Y
qq i c o)
S

. @

5 - . S
éf? v = P(C'S‘a”f’%@\o‘“ P(CIC,1)P(Clstart.3) ™). _
& P(CIC,1) —»@’— ——————————————————— >@ {o)
>
&
Q©

() () (=) =)
v,@)= max( P(HIH,1)*P(Histart,3), R
P(HIC,1)*P(Clstart,3) )

s !
. /
. /
. /
. 4
e / / N
P(HIH, ) ST > / CH
\\\ // \~_’/
S -7 /
/
.

A,
((
Crty 7)

vl(Z):P(HIstart,S)

v,(1) = max( P(C|H,1)*P(Eﬂéxéh:,3),

’ \ ’ \\ 1 \\ ’ \\
i start ) i start ) | start " start
\ /) \ , \ ’ \ ,

0, 0, 04

\

t

Figure 6.22

Inference from ice-cream eating computed by an MEMM instfaah HMM. The Viterbi trellis
for computing the best path through the hidden state spadbddce-cream eating ever@sl 3 modified from
the HMM figure in Fig. 6.10.

A MaxEnt model is a classifier which assignslassto anobservationby com-
puting a probability from an exponential function ofweightedset offeatures
of the observation.

MaxEnt models can be trained using methods from the fieto¥ex optimiza-
tion although we don't give the details in this textbook.

A Maximum Entropy Markov Model or MEMM is a sequence model aug-
mentation of MaxEnt which makes use of the Viterbi decodigg@athm.
MEMMSs can be trained by augmenting MaxEnt training with asien of EM.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

As we discussed at the end of Ch. 4, Markov chains were firgt ngdarkov (1913,

2006), to predict whether an upcoming letter in Pushkifugiene Onegimould be a

vowel or a consonant.

The Hidden Markov Model was developed by Baum and colleagtide Institute

for Defense Analyses in Princeton (Baum and Petrie, 1966Band Eagon, 1967).

The Viterbi algorithm was first applied to speech and language proagssithe

context of speech recognition by Vintsyuk (1968), but haat#ruskal (1983) calls a
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‘remarkable history of multiple independent discovery antlication’? Kruskal and
others give at least the following independently-discederariants of the algorithm
published in four separate fields:

Citation Field

Viterbi (1967) information theory
Vintsyuk (1968) speech processing
Needleman and Wunsch (1970) molecular biology
Sakoe and Chiba (1971) speech processing
Sankoff (1972) molecular biology
Reichert et al. (1973) molecular biology
Wagner and Fischer (1974) computer science

The use of the ternviterbi is now standard for the application of dynamic pro-
gramming to any kind of probabilistic maximization probléamspeech and language
processing. For non-probabilistic problems (such as forimmim edit distance) the
plain termdynamic programming is often used. Forney Jr. (1973) is an early survey
paper which explores the origin of the Viterbi algorithm retcontext of information
and communications theory.

Our presentation of the idea that Hidden Markov Models sthdel characterized
by three fundamental problems was modeled after an inflaletuiorial by Rabiner
(1989), which was itself based on tutorials by Jack FergusoiDA in the 1960s.
Jelinek (1997) and Rabiner and Juang (1993) give very camplescriptions of the
forward-backward algorithm, as applied to the speech rmeitiog problem. Jelinek
(1997) also shows the relationship between forward-baokaad EM. See also the
description of HMMs in other textbooks such as Manning antii&e (1999). Bilmes
(1997) is a tutorial on EM.

While logistic regression and other log-linear models Hzeen used in many fields
since the middle of the 20th century, the use of Maximum Exhmultinomial logistic
regression in natural language processing dates from wattkei early 1990s at IBM
(Bergeretal., 1996; Della Pietra et al., 1997). This eadykintroduced the maximum
entropy formalism, proposed a learning algorithm (impibiterative scaling), and
proposed the use of regularization. A number of applicatmiMaxEnt followed. For
further discussion of regularization and smoothing for mman entropy models see
(inter alia) Chen and Rosenfeld (2000), Goodman (2004), and Dudik ahdre
(2006).

Although the second part of this chapter focused on MaxBi¢-€lassification,
numerous other approaches to classification are used thoatigpeech and language
processing. Naive Bayes (Duda et al., 2000) is often empl@agea good baseline
method (often yielding results that are sufficiently gooddtactical use); we’ll cover
naive Bayes in Ch. 20. Support Vector Machines (Vapnik, }88%e been successfully
used in text classification and in a wide variety of sequenocegssing applications.
Decision lists have been widely used in word sense discatitn, and decision trees
(Breiman et al., 1984; Quinlan, 1986) have been used in mpplcations in speech
processing. Good references to supervised machine legapioroaches to classifica-

2 Seven is pretty remarkable, but see pa@éor a discussion of the prevalence of multiple discovery.
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CONDITIONAL
RANDOM FIELD

CRF

tion include Duda et al. (2000), Hastie et al. (2001), andéNiand Frank (2005).

Maximum Entropy Markov Models (MEMMSs) were introduced bytRaparkhi
(1996) and McCallum et al. (2000).

There are many sequence models that augment the MEMM, suitte &ondi-
tional Random Field (CRF) (Lafferty et al., 2001; Sutton and McCallum, 2006). In
addition, there are various generalizationsmaximum margin methods (the insights
that underlie SVM classifiers) to sequence tasks.
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PHONETICS

(Upon being asked by Director George Cukor to teach Rex starrithe star of the 1964
film "My Fair Lady”, how to behave like a phonetician:)

“My immediate answer was, ‘| don’t have a singing butler ahcee maids
who sing, but | will tell you what | can as an assistant prote&8's
Peter Ladefoged, quoted in his obituary, LA Times, 2004

The debate between the “whole language” and “phonics” nistbbteaching read-
ing to children seems at very glance like a purely modern &tilucal debate. Like
many modern debates, however, this one recapitulates aortiamp historical dialec-
tic, in this case in writing systems. The earliest indepatigignvented writing sys-
tems (Sumerian, Chinese, Mayan) were mainly logographie: symbol represented
a whole word. But from the earliest stages we can find, most systems contain
elements of syllabic or phonemic writing systems, in whigimbols are used to rep-
resent the sounds that make up the words. Thus the Sumerndrospronounceta
and meaning “ration” could also function purely as the sollrad. Even modern Chi-
nese, which remains primarily logographic, uses sounédabkaracters to spell out
foreign words. Purely sound-based writing systems, whiethiéabic (like Japanese
hiraganaor katakang, alphabetic (like the Roman alphabet used in this boolkgpor
sonantal (like Semitic writing systems), can generally faedd back to these early
logo-syllabic systems, often as two cultures came togeiitars the Arabic, Aramaic,
Hebrew, Greek, and Roman systems all derive from a West Besuoiipt that is pre-
sumed to have been modified by Western Semitic mercenaoesdrcursive form of
Egyptian hieroglyphs. The Japanese syllabaries were raddifom a cursive form of
a set of Chinese characters which were used to represerdsolimese Chinese char-
acters themselves were used in Chinese to phoneticallggept the Sanskrit in the
Buddhist scriptures that were brought to China in the Tantadty.

Whatever its origins, the idea implicit in a sound-basedingi system, that the
spoken word is composed of smaller units of speech, is ththébry that underlies
all our modern theories gfhonology. This idea of decomposing speech and words
into smaller units also underlies the modern algorithmssfaech recognition(tran-
scrbining acoustic waveforms into strings of text words) speech synthesisr text-
to-speech(converting strings of text words into acoustic waveforms)



Chapter 7. Phonetics

In this chapter we introdugehoneticsfrom a computational perspective. Phonetics
is the study of linguistic sounds, how they are produced bytticulators of the human
vocal tract, how they are realized acoustically, and how &lebustic realization can be
digitized and processed.

We begin with a key element of both speech recognition antdttespeech sys-
tems: how words are pronounced in terms of individual spe®dts calledohones A
speech recognition system needs to have a pronunciati@véoy word it can recog-
nize, and a text-to-speech system needs to have a prorondiat every word it can
say. The first section of this chapter will introdygieonetic alphabetsfor describing
these pronunciations. We then introduce the two main arfgatsometicsarticulatory
phonetics the study of how speech sounds are produced by articuliattiie mouth,
andacoustic phoneticsthe study of the acoustic analysis of speech sounds.

We also briefly touch ophonology, the area of linguistics that describes the sys-
tematic way that sounds are differently realized in différenvironments, and how
this system of sounds is related to the rest of the grammadloiimy so we focus on
the crucial fact olvariation in modeling speech; phones are pronounced differently in
different contexts.

7.1 SPEECHSOUNDS AND PHONETIC TRANSCRIPTION

PHONETICS

PHONES

IPA

The study of the pronunciation of words is part of the fielppbbnetics the study of
the speech sounds used in the languages of the world. We thed@lonunciation of a
word as a string of symbols which represphbnesor segments A phone is a speech
sound; phones are represented with phonetic symbols thasbme resemblance to a
letter in an alphabetic language like English.

This section surveys the different phones of English, paldrly American En-
glish, showing how they are produced and how they are reptegaymbolically. We
will be using two different alphabets for describing phanéke International Pho-
netic Alphabet (IPA) is an evolving standard originally developed by the In&ional
Phonetic Association in 1888 with the goal of transcribihg sounds of all human
languages. The IPA is not just an alphabet but also a setmdiptés for transcription,
which differ according to the needs of the transcriptiontt@ysame utterance can be
transcribed in different ways all according to the prinegpbf the IPA. The ARPAbet
(Shoup, 1980) is another phonetic alphabet, but one thatesifically designed for
American English and which uses ASCII symbols; it can be ¢fndof as a convenient
ASCII representation of an American-English subset of Bfe ARPAbet symbols are
often used in applications where non-ASCII fonts are inemient, such as in on-line
pronunciation dictionaries. Because the ARPAbet is vemmoon for computational
representations of pronunciations, we will rely on it rattien the IPA in the remain-
der of this book. Fig. 7.1 and Fig. 7.2 show the ARPAbet symlfof transcribing
consonants and vowels, respectively, together with ti&irdquivalents.

1 The phone [uX] is rare in general American English and noegaly used in speech systems. It is used
to represent the fronted [uw] which appeared in (at leastjtéva and Northern Cities dialects of Ameri-
can English starting in the late 1970s (Labov, 1994). Thasting was first called to public by imitations
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ARPAbet IPA ARPAbet
Symbol Symbol Word Transcription
[p] [p] parsley [paarsliy]

[t] [t] tea [tiy]

[K] [K] c ook [k uh K]

[b] [b] bay [b ey]

[d] [d] dill [dih]

[0] (0] garlic [gaarlix k]
[m] [m] mint [mihnt]

[n] [n] nutmeg [nahtm eh g]
[ng] [0] baking [beykix ng]

[f] [f] f lour [f | aw axt]

[v] [v] clove [k 1ow V]

[th] [6] thick [thih K]

[dh] [0] those [dh ow Z]

[s] [s] soup [suwp]

(z] [Z] eggs [ehg 7]

[sh] 1 squash [s k waa sh]
[zh] [3] ambrosa [ae m b r ow zh ax]
[ch] [ty cherry [chehriy]

(ih] [d3] jar [ihaar]

[1] [1 | icorice [lih k axr ix sh]
(w] (w] Kiw i [kiy wiy]

[r [r rice [ray s]

vl [il y ellow [y eh 1 ow]

[h] [h] honey [hah niy]

Less commonly used phones and allophones

[a] [7] uh-oh [a ah g ow]
[dx] [r] butter [b ah dx axr]
[nx] [T] winner [wih nx axr]
[el] 1] table [teybell
Figure 7.1  ARPAbet symbols for transcription of English consonantishWPA equiv-
alents. Note that some rarer symbols like the flap [dx], néspl[nx], glottal stop [g] and
the syllabic consonants, are used mainly for narrow trépisons.

Many of the IPA and ARPAbet symbols are equivalent to the Rolaters used
in the orthography of English and many other languages. Bexample the ARPA-
bet phondp] represents the consonant sound at the beginnipiatfpus puma and
pachydermthe middle ofleopard or the end ofantelope In general, however, the
mapping between the letters of English orthography and ehanrelativelyopaque
a single letter can represent very different sounds in idiffecontexts. The English
letter ¢ corresponds to phone [k] icougar[k uw g axr], but phone [s] ircell [s eh

and recordings of ‘Valley Girls’ speech by Moon Zappa (Zappd Zappa, 1982). Nevertheless, for most
speakers [uw] is still much more common than [ux] in words tikide
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ARPAbet IPA ARPAbet

Symbol Symbol Word Transcription

[iy] [i] lily [lih iy]

[ih] 1] lily [lih liy]

ley] [e1] dasy [deyziy]

[eh] [e] pen [pehn]

[ae] [e] aster [ae s t axr]

[aa] [a] poppy [paapiy]

[ao] [0] orchid [ao rkix d]

[uh] [v] wood [wuhd]

[ow] [ou] lotus [l ow dx ax s]

[uw] [u] tulip [tuw lix p]

[ah] [A] buttercp [b ah dx axr k ah p]

[er] (3 bird [berd]

[ay] [ar] iris [ay rix s]

[aw] [av] sunflower [sahnflaw axr]

[oy] [or] soi [soyl]

Reduced and uncommon phones

[ax] [0] lotus [low dx ax s]

[axr] [2] heather [h eh dh axr]

[iX] [i] tulip [t uw lix p]

[ux] [u] dude! [d ux d]
Figure 7.2  ARPAbet symbols for transcription of English vowels, wiBA equivalents.
Note again the list of rarer phones and reduced vowels (see7Se4); for example [ax] is
the reduced vowel schwa, [ix] is the reduced vowel corredjpanto [ih], and [axr] is the
reduced vowel corresponding to [er].

I]. Besides appearing asandk, the phone [K] can appear as partxffox [f aa k s]),
asck (jackal [jh ae k el] and agc (raccoon[r ae k uw n]). Many other languages,
for example Spanish, are much mar@nsparent in their sound-orthography mapping
than English.

7.2 ARTICULATORY PHONETICS

The list of ARPAbet phones is useless without an understandi how each phone

ARTICULATORS is produced. We thus turn tarticulatory phonetics, the study of how phones are
produced, as the various organs in the mouth, throat, ar@imodify the airflow from
the lungs.

7.2.1 The Vocal Organs

Sound is produced by the rapid movement of air. Most soundisiinan spoken lan-
guages are produced by expelling air from the lungs throhghwtindpipe (techni-
cally thetrachea) and then out the mouth or nose. As it passes through theeach
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GLOTTIS

VOICED
UNVOICED
VOICELESS

CARTILAGE

TRACHEA

Figure 7.3  The vocal organs, shown in side view. Drawing by Laszlo Kybfrom
Sundberg (1977)© Scientific American, used by permission.

the air passes through tierynx, commonly known as the Adam’s apple or voice-
box. The larynx contains two small folds of muscle, trexal folds (often referred
to non-technically as theocal cordg which can be moved together or apart. The
space between these two folds is calleddladtis. If the folds are close together (but
not tightly closed), they will vibrate as air passes throtigdm; if they are far apart,
they won't vibrate. Sounds made with the vocal folds toge#imal vibrating are called
voiced sounds made without this vocal cord vibration are cailladoiced or voice-
less Voiced sounds include [b], [d], [9], [V], [z], and all the Blsh vowels, among
others. Unvoiced sounds include [p], [t], [K], [f], [s], anthers.

The area above the trachea is calledvbeal tract, and consists of theral tract
and thenasal tract. After the air leaves the trachea, it can exit the body thhotng
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mouth or the nose. Most sounds are made by air passing thtbheghouth. Sounds
made by air passing through the nose are caikeshl sounds nasal sounds use both
the oral and nasal tracts as resonating cavities; Englisal saunds includm, andn,
andng.

Phones are divided into two main classesnsonantsandvowels Both kinds of
sounds are formed by the motion of air through the mouthatwonose. Consonants
are made by restricting or blocking the airflow in some wayj aray be voiced or
unvoiced. Vowels have less obstruction, are usually vgieaed are generally louder
and longer-lasting than consonants. The technical useesktterms is much like the
common usage; [p], [b], [t], [d], [K], [9], [f], [V], [s], [2] [, [I], etc., are consonants;
[aa], [ae], [ao], [ih], [aw], [ow], [uw], etc., are vowelsSemivowels(such as [y] and
[w]) have some of the properties of both; they are voicedvikeels, but they are short
and less syllabic like consonants.

7.2.2 Consonants: Place of Articulation

Because consonants are made by restricting the airflow ire seay, consonants can
be distinguished by where this restriction is made: the tpoirmaximum restriction

is called theplace of articulation of a consonant. Places of articulation, shown in
Fig. 7.4, are often used in automatic speech recognitionuaeful way of grouping
phones together into equivalence classes:

Figure 7.4  Major English places of articulation.

labial: Consonants whose main restriction is formed by the two Igying together
have abilabial place of articulation. In English these include [p] apossum
[b] as inbear, and [m] as inmarmot The Englishiabiodental consonants [v]
and [f] are made by pressing the bottom lip against the upperof teeth and
letting the air flow through the space in the upper teeth.

dental: Sounds that are made by placing the tongue against the teatleatals. The
main dentals in English are the [th] diing or the [dh] ofthough which are
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made by placing the tongue behind the teeth with the tip 8lighetween the
teeth.

alveolar: The alveolar ridge is the portion of the roof of the mouth joshind the
upper teeth. Most speakers of American English make the ghfs), 2], [t],
and [d] by placing the tip of the tongue against the alvedldge. The word
coronal is often used to refer to both dental and alveolar.

palatal: The roof of the mouth (thpalate) rises sharply from the back of the alveolar
ridge. Thepalato-alveolarsounds [sh]ghrimp), [ch] (china), [zh] (Asian), and
[ih] (jar) are made with the blade of the tongue against this risinds bathe
alveolar ridge. The palatal sound [y] gk is made by placing the front of the
tongue up close to the palate. -

velar: Thevelum or soft palate is a movable muscular flap at the very back of the
roof of the mouth. The sounds [k¢(cloo), [g] (goosg, and[y] (kingfishe)) are
made by pressing the back of the tongue up against the velum.

glottal: The glottal stop [q] (IPA?]) is made by closing the glottis (by bringing the
vocal folds together).

7.2.3 Consonants: Manner of Articulation

Consonants are also distinguishedioyvthe restriction in airflow is made, for example
whether there is a complete stoppage of air, or only a pdntiekage, etc. This feature
is called themanner of articulation of a consonant. The combination of place and
manner of articulation is usually sufficient to uniquelyntié/ a consonant. Following
are the major manners of articulation for English consagiant

A stop is a consonant in which airflow is completely blocked for arshimne.
This blockage is followed by an explosive sound as the aieisased. The period
of blockage is called thelosure and the explosion is called thelease English has
voiced stops like [b], [d], and [g] as well as unvoiced stdgs [p], [t], and [K]. Stops
are also callegblosives Some computational systems use a more narrow (detailed)
transcription style that has separate labels for the céboand release parts of a stop. In
one version of the ARPAbet, for example, the closure of a[fhlor [K] is represented
as [pcl], [tcl], or [kel] (respectively), while the symbo|g], [t], and [k] are used to
mean only the release portion of the stop. In another vetsiersymbols [pd], [td],
[kd], [bd], [dd], [gd] are used to mean unreleased stopgstd the end of words or
phrases often are missing the explosive release), whil§JdK], etc are used to mean
normal stops with a closure and a release. The IPA uses aaspgganbol to mark
unreleased stopgp’], [t'], or [k']. We will not be using these narrow transcription
styles in this chapter; we will always use [p] to mean a fudpstvith both a closure and
arelease.

Thenasalsounds [n], [m], and [ng] are made by lowering the velum aihmirahg
air to pass into the nasal cavity.

In fricatives, airflow is constricted but not cut off completely. The tudmt air-
flow that results from the constriction produces a charatter'hissing” sound. The
English labiodental fricatives [f] and [v] are produced bggsing the lower lip against
the upper teeth, allowing a restricted airflow between thgeupeeth. The dental frica-
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tives [th] and [dh] allow air to flow around the tongue betwdlemteeth. The alveolar
fricatives [s] and [z] are produced with the tongue agaimstiveolar ridge, forcing air
over the edge of the teeth. In the palato-alveolar fricat[ga] and [zh] the tongue is at
the back of the alveolar ridge forcing air through a groowenfed in the tongue. The
higher-pitched fricatives (in English [s], [z], [sh] andh]zare calledsibilants. Stops
that are followed immediately by fricatives are calbdtricates; these include English
[ch] (chicken and [jh] (giraffe).

In approximants, the two articulators are close together but not close emaoig
cause turbulent airflow. In English [yyéllow), the tongue moves close to the roof
of the mouth but not close enough to cause the turbulencewtbald characterize
a fricative. In English [w] wood), the back of the tongue comes close to the velum.
American [r] can be formed in at least two ways; with just fipeof the tongue extended
and close to the palate or with the whole tongue bunched upthegalate. [I] is
formed with the tip of the tongue up against the alveolareidg the teeth, with one
or both sides of the tongue lowered to allow air to flow oveflitis called alateral
sound because of the drop in the sides of the tongue.

A tap or flap [dx] (or IPA [r]) is a quick motion of the tongue against the alveolar
ridge. The consonant in the middle of the wdotus ([ ow dx ax s]) is a tap in most
dialects of American English; speakers of many UK dialeaisiid use a [t] instead of
a tap in this word.

7.2.4 \owels

Like consonants, vowels can be characterized by the posifithe articulators as they
are made. The three most relevant parameters for vowels laae iw called vowel
height, which correlates roughly with the height of the highestt pdrthe tongue,
vowel frontness or backness which indicates whether this high point is toward the
front or back of the oral tract, and the shape of the ligaiided or not). Fig. 7.5
shows the position of the tongue for different vowels.

G

i
LM

had [ae] who'd [uw]

Figure 7.5 Positions of the tongue for three English vowels, high frigvit low front
[ae] and high bacKuw]; tongue positions modeled after Ladefoged (1996).

In the vowel [iy], for example, the highest point of the toregs toward the front
of the mouth. In the vowel [uw], by contrast, the high-poiftite tongue is located
toward the back of the mouth. Vowels in which the tongue iseditoward the front
are calledront vowels; those in which the tongue is raised toward the back arectalle
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back vowels Note that while both [ih] and [eh] are front vowels, the taegds higher
for [ih] than for [eh]. Vowels in which the highest point ofdltongue is comparatively
high are calledhigh vowels vowels with mid or low values of maximum tongue height
are calledmid vowelsor low vowels respectively.

high

back

low

Figure 7.6  Qualities of English vowels (after Ladefoged (1993)).

Fig. 7.6 shows a schematic characterization of the vowghtaif different vowels.
It is schematic because the abstract propeefght only correlates roughly with actual
tongue positions; it is in fact a more accurate reflectionaufustic facts. Note that
the chart has two kinds of vowels: those in which tongue heighepresented as a
point and those in which it is represented as a vector. A vawelhich the tongue
position changes markedly during the production of the Vésvediphthong. English
is particularly rich in diphthongs.

The second important articulatory dimension for vowelshis shape of the lips.
Certain vowels are pronounced with the lips rounded (theesinshape used for
whistling). Theseounded vowels include [uw], [ao], and [ow].

Syllables

Consonants and vowels combine to maksyt#able. There is no completely agreed-
upon definition of a syllable; roughly speaking a syllabla i®wel-like (orsonorant)
sound together with some of the surrounding consonantstkanost closely associ-
ated with it. The wordloghas one syllable, [d aa g], while the wotdtnip has two
syllables, [k ae t] and [n ih p], We call the vowel at the coradyllable thenucleus
The optional initial consonant or set of consonants is daheonset If the onset has
more than one consonant (as in the wetidke [s t r ay k]), we say it has aomplex
onset Thecoda is the optional consonant or sequence of consonants fiolipthe
nucleus. Thus [d] is the onset dbg, while [g] is the coda. Theme. orrhyme. is the
nucleus plus coda. Fig. 7.7 shows some sample syllablegtasc
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o o o
Onset Rime Onset Rime jil'g
r|1 Nuc@da gr Nuc@da NucTIeus Coda
ale rL i3|/ r|1 eh gz
Figure 7.7  Syllable structure ofiam green eggs o=syllable.

SYLLABIFICATION

PHONOTACTICS

ACCENTED
PITCH ACCENT
BEAR

LEXICAL STRESS

REDUCED VOWELS
SCHWA

The task of automatically breaking up a word into syllabksalledsyllabifica-
tion, and will be discussed in Se2?.

Syllable structure is also closely related to fifeonotacticsof a language. The
term phonotacticsmeans the constraints on which phones can follow each atheer i
language. For example, English has strong constraints @t kihds of consonants
can appear together in an onset; the sequence [zdr], formgacannot be a legal
English syllable onset. Phonotactics can be representésting constraints on fillers
of syllable positions, or by creating a finite-state modepossible phone sequences.
It is also possible to create a probabilistic phonotachgdrainingN-gram grammars
on phone sequences.

Lexical Stress and Schwa

In a natural sentence of American English, certain sylsble morgrominent than
others. These are calledcentedsyllables, and the linguistic marker associated with
this prominence is called pitch accent Words or syllables which are prominent
are said tabear (be associated with) a pitch accent. Pitch accent is als@toms
referred to asentence stressalthough sentence stress can instead refer to only the
most prominent accent in a sentence.

Accented syllables may be prominent by being louder, loniggmeing associ-
ated with a pitch movement, or by any combination of the ab&iace accent plays
important roles in meaning, understanding exactly why akpechooses to accent a
particular syllable is very complex, and we will return téstin detail in Sec??. But
one important factor in accent is often represented in proiation dictionaries. This
factor is calledexical stress The syllable that has lexical stress is the one that will be
louder or longer if the word is accented. For example the vpandleyis stressed in
its first syllable, not its second. Thus if the wapdrsleyreceives a pitch accent in a
sentence, it is the first syllable that will be stronger.

In IPA we write the symbo['] before a syllable to indicate that it has lexical stress
(e.g.[par.sli]). This difference in lexical stress can affect the meanifg word. For
example the wordontentcan be a noun or an adjective. When pronounced in isolation
the two senses are pronounced differently since they hdferatit stressed syllables
(the noun is pronouncedtkan.tent] and the adjectivékon.'tent]).

Vowels which are unstressed can be weakened even furtteztuoed vowels The
most common reduced vowel sgehwa ([ax]). Reduced vowels in English don’t have
their full form; the articulatory gesture isn’t as complatefor a full vowel. As a result
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the shape of the mouth is somewhat neutral; the tongue isangiairticularly high nor
particularly low. For example the second vowepiarakeets a schwa: [p ae r ax k iy
].

While schwa is the most common reduced vowel, it is not thg onk, at least not
in some dialects. Bolinger (1981) proposed that AmericagliEh had three reduced
vowels: a reduced mid vowéb], a reduced front voweli], and a reduced rounded
vowel [e]. The full ARPAbet includes two of these, the schwa [ax] andl ([i]), as
well as [axr] which is an r-colored schwa (often calkhwar), although [ix] is gener-
ally dropped in computational applications (Miller, 19980 d [ax] and [ix] are falling
together in many dialects of English Wells (1982, p. 1673168

Not all unstressed vowels are reduced; any vowel, and dipigthin particular can
retain their full quality even in unstressed position. Framaple the vowel [iy] can
appear in stressed position as in the weadliy t] or in unstressed position in the word
carry [k ae riy].

Some computational ARPAbet lexicons mark reduced vowkés dchwa explic-
itly. But in general predicting reduction requires knowgedf things outside the lex-
icon (the prosodic context, rate of speech, etc, as we wglite next section). Thus
other ARPAbet versions mark stress but don’t mark how stéfests reduction. The
CMU dictionary (CMU, 1993), for example, marks each vowahwhe number 0 (un-
stressed) 1 (stressed), or 2 (secondary stress). Thus tidecaonteris listed as [K
AW1 N T ERO], and the wordlableas [T EY1 B AHO L]. Secondary stresss defined
as a level of stress lower than primary stress, but higherdahaunstressed vowel, as in
the worddictionary[D IH1 K SH AHO N EH2 R 1YQ]

We have mentioned a number of potential levelgraiminence accented, stressed,
secondary stress, full vowel, and reduced vowel. It is atillopen research question
exactly how many levels are appropriate. Very few compoiteti systems make use of
all five of these levels, most using between one and three etMeto this discussion
when we introduce prosody in more detail in Se2.

7.3 PHONOLOGICAL CATEGORIES ANDPRONUNCIATION VARIATION

'Scuse me, while | kiss the sky
Jimi Hendrix,Purple Haze

'Scuse me, while | kiss this guy

Common mis-hearing of same lyrics

If each word was pronounced with a fixed string of phones, edalhich was
pronounced the same in all contexts and by all speakers pwch recognition and
speech synthesis tasks would be really easy. Alas, theatialh of words and phones
varies massively depending on many factors. Fig. 7.8 shosangple of the wide
variation in pronunciation in the wordsecauseandaboutfrom the hand-transcribed
Switchboard corpus of American English telephone conviensa (Greenberg et al.,
1996).

How can we model and predict this extensive variation? Omdulisool is the
assumption that what is mentally represented in the spsakénd are abstract cate-
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because I about
ARPAbet | % | ARPAbet | % || ARPADbet | % | ARPADbet | % |
biykahz| 27%| ks 2%]| axbaw 32%| bae 3%
bixkahz| 14%)| kixz 2%| axbawt| 16%| bawt 3%
kahz 7% | kihz 2%|| baw 9% | axbawdx 3%
kaxz 5% | biykahzhl 2%]|l ixbaw 8% | axbae 3%
bixkaxz| 4% | biykahs | 2%| ixbawt | 5% | baa 3%
bihkahz| 3% | biykah 2%|| ixbae 4% | baedx 3%
baxkahz 3% | biykaaz | 2%]| axbaedxX 3% | ixbawdx| 2%
kuhz 2% | axz 2%]| bawdx 3% | ixbaat 2%

Figure 7.8  The 16 most common pronunciationshEcauseandaboutfrom the hand-
transcribed Switchboard corpus of American English cosafional telephone speech

(Godfrey et al., 1992; Greenberg et al., 1996).

gories rather than phones in all their gory phonetic detadr example consider the
different pronunciations of [t] in the wordsinafishandstarfish The [t] of tunafish
is aspirated. Aspiration is a period of voicelessness after a stop ctosmd before
the onset of voicing of the following vowel. Since the vocatds are not vibrating,
aspiration sounds like a puff of air after the [t] and befdre vowel. By contrast, a
[t] following an initial [s] is unaspirated; thus the [t] instarfish([s t aa r f ih sh])
has no period of voicelessness after the [t] closure. Thigatian in the realization of
[t] is predictable: whenever a [t] begins a word or unredusgthble in English, it is
aspirated. The same variation occurs for [K]; the [kbk§is often mis-heard as [g] in
Jimi Hendrix’s lyrics because [k] and [g] are both unasjgidst

There are other contextual variants of [t]. For example, mfteoccurs between
two vowels, particularly when the first is stressed, it issofpronounced as tap.
Recall that a tap is a voiced sound in which the top of the terigwcurled up and
back and struck quickly against the alveolar ridge. Thusatbid buttercupis usually
pronounced [b ah dx axr k uh p] rather than [b ah t axr k uh p]. tAeovariant of
[t] occurs before the dental consonant [th]. Here the [tjamees dentalized (IPA]).
That is, instead of the tongue forming a closure againstlireotar ridge, the tongue
touches the back of the teeth.

In both linguistics and in speech processing, we use aligti@sses to capture the
similarity among all these [t]s. The simplest abstractsiasalled thgphoneme and
its different surface realizations in different contexts aalledallophones We tradi-
tionally write phonemes inside slashes. So in the above plemyt/ is a phoneme
whose allophones include (in IPA)"], [¢], and [t]. Fig. 7.9 summarizes a number
of allophones of /t/. In speech synthesis and recognitianuge phonesets like the
ARPADbet to approximate this idea of abstract phoneme uanitd represent pronuncia-
tion lexicons using ARPAbet phones. For this reason, ttaphbnes listed in Fig. 7.1
tend to be used for narrow transcriptions for analysis pseppand less often used in
speech recognition or synthesis systems.

2 The ARPAbet does not have a way of marking aspiration; in Bedspiration is marked d%], so in IPA
the wordtunafishwould be transcribedt"unofif].
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REDUCTION
HYPOARTICULATION
ASSIMILATION
PALATALIZATION

DELETION

IPA ARPABet Description Environment Example

th [t] aspirated in initial position toucan

t unaspirated| after [s] or in reduced syllables starfish

? [a] glottal stop word-finally or after vowel before [n]  kitten

t [at] glottal stopt  sometimes word-finally cat

r [dx] tap between vowels butter

t [tel] unreleased before consonants or word-finally fruitcake

t dental t before dental consonant®j eighth

deleted t sometimes word-finally past

Figure 7.9  Some allophones of /t/ in General American English.

Variation is even more common than Fig. 7.9 suggests. Onerfedluencing vari-
ation is that the more natural and colloquial speech becpamekthe faster the speaker
talks, the more the sounds are shortened, reduced and tgnamdogether. This phe-
nomena is known aeduction or hypoarticulation. For exampleassimilationis the
change in a segment to make it more like a neighboring segnidre dentalization
of [t] to ([t]) before the dental consonalf is an example of assimilation. A com-
mon type of assimilation cross-linguistically gglatalization, when the constriction
for a segment moves closer to the palate than it normally evdadcause the following
segment is palatal or alveolo-palatal. In the most commsegas/ becomes [sh], /z/
becomes [zh], /t/ becomes [ch] and /d/ becomes [jh], We samcase of palatalization
in Fig. 7.8 in the pronunciation dfecauseas [b iy k ah zh], because the following
word wasyou’ve The lemmayou(you, your, you've andyou’d) is extremely likely to
cause palatalization in the Switchboard corpus.

Deletionis quite common in English speech. We saw examples of dalefiéinal
It/ above, in the wordaboutandit. Deletion of final /t/ and /d/ has been extensively
studied./d/ is more likely to be deleted thait/, and both are more likely to be deleted
before a consonant (Labov, 1972). Fig. 7.10 shows examplesdatalization and final
t/d deletion from the Switchboard corpus.

Palatalization I Final t/d Deletion

Phrase || Lexical | Reduced || Phrase | Lexical | Reduced
set your sehtyowr sehcher find him fayndhihm| faynixm
not yet naatyeht naacheh and we aendwiy ehnwiy
did you dihdyuw dihjhyah draftthe| draeftdhiy draefdhiy

Figure 7.10 Examples of palatalization and final t/d/ deletion from theitShboard
corpus. Some of the t/d examples may have glottalizatioredwsof being completely
deleted.

7.3.1 Phonetic Features

The phoneme gives us only a very gross way to model contegftedts. Many of
the phonetic processes like assimilation and deletion asé tnodeled by more fine-
grained articulatory facts about the neighboring contBid. 7.10 showed that /t/ and
/d/ were deleted before [h], [dh], and [w]; rather than liftthe possible following
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phones which could influence deletion, we'd like to genemthat /t/ often deletes
“before consonants”. Similarly, flapping can be viewed asnal lof voicing assimi-
lation, in which unvoiced /t/ becomes a voiced tap [dx] invbetn voiced vowels or
glides. Rather than list every possible vowel or glide, Wik to say that flapping hap-
pens ‘near vowels or voiced segments’. Finally, vowels inratede nasal sounds [n],
[m], and [ng], often acquire some of the nasal quality of tifving vowel. In each of
these cases, a phone is influenced by the articulation ofdiggaboring phones (nasal,
consonantal, voiced). The reason these changes happet ith¢hmovement of the
speech articulators (tongue, lips, velum) during speectuymstion is continuous and is
subject to physical constraints like momentum. Thus amw@gtor may start moving
during one phone to get into place in time for the next phondehthe realization
of a phone is influenced by the articulatory movement of nedgimg phones, we say
COARTICULATION it is influenced bycoarticulation. Coarticulation is the movement of articulators to
anticipate the next sound, or perseverating movement fhenfaist sound.
We can capture generalizations about the different phdrasause coarticulation
DISTNGTVE by usingdistinctive features Features are (generally) binary variables which express
some generalizations about groups of phonemes. For exanedieature [voice] is true
of the voiced sounds (vowels, [n], [v], [b], etc); we say tlaeg [+voice] while unvoiced
sounds are [-voice]. These articulatory features can drathe articulatory ideas of
placeandmanner that we described earlier. Commplacefeatures include [+labial]
([p, b, m]), [+coronal] ([chd dh jh I nr s shtth z zh]), and [+dal]. Manner features
include [+consonantal] (or alternatively [+vocalic]),dentinuant], [+sonorant]. For
vowels, features include [+high], [+low], [+back], [+rodhand so on. Distinctive fea-
tures are used to represent each phoneme as a matrix oifeatues. Many different
sets of distinctive features exist; probably any of theseparfectly adequate for most
computational purposes. Fig. 7.11 shows the values for sirares from one partial
set of features.

syl| son| cons| strident| nasal| high| back| round| tense| voice| labial| coronal| dorsal
b | - - + - - - - + + + + - -
p| - - + - - - - - + - +
y| + + - - - + - - - +

Figure 7.11 Some partial feature matrices for phones, values simplfif@d Chomsky
and Halle (1968)Sylis short for syllabicsonfor sonorant, andonsfor consonantal.

One main use of these distinctive features is in capturitgrabarticulatory classes
of phones. In both synthesis and recognition, as we will egeoften need to build
models of how a phone behaves in a certain context. But wéyraage enough data
to model the interaction of every possible left and rightteahphone on the behavior
of a phone. For this reason we can use the relevant featwied]y [nasal], etc) as
a useful model of the context; the feature functions as a &frizhckoff model of the
phone. Another use in speech recognition is to build awicuy feature detectors and
use them to help in the task of phone detection; for examplehKoff et al. (2002)
built neural-net detectors for the following set of multitwed articulatory features and
used them to improve the detection of phones in German speeopnition:
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(7.1)

RATE OF SPEECH

Feature Values | Feature  Value
voicing +voice, -voice, silence +manner stop, vowel, lateral, nasal, fricative, silence

cplace labial, coronal, palatal, velaplace glottal, high, mid, low, silence
front-back front, back, nil, silence rounding +round, -round, nil, silence

7.3.2 Predicting Phonetic Variation

For speech synthesis as well as recognition, we need to be@bépresent the rela-
tion between the abstract category and its surface appeEgrand predict the surface
appearance from the abstract category and the context ottér@ance. In early work
in phonology, the relationship between a phoneme and tipladines was captured by
writing a phonological rule. Here is the phonological rule for flapping in the tradi-
tional notation of Chomsky and Halle (1968):

/) e —

In this notation, the surface allophone appears to the afjthte arrow, and the pho-
netic environment is indicated by the symbols surroundiegunderbar(_). Simple
rules like these are used in both speech recognition andhasistwhen we want to
generate many pronunciations for a word; in speech redogrittis is often used as a
first step toward picking the most likely single pronun@atfor a word (see Se€?).

In general, however, there are two reasons why these sii@plemsky-Halle'-type
rules don’t do well at telling usrhen a given surface variant is likely to be used. First,
variation is a stochastic process; flapping sometimes sceund sometimes doesn't,
even in the same environment. Second, many factors thabarelated to the phonetic
environment are important to this prediction task. Thuguistic research and speech
recognition/synthesis both rely on statistical tools tedict the surface form of a word
by showing which factors cause, e.g., a particular /t/ toifiago particular context.

7.3.3 Factors Influencing Phonetic Variation

One important factor that influences phonetic variatiorhisrate of speech gener-
ally measured in syllables per second. Rate of speech Vaothbsacross and within
speakers. Many kinds of phonetic reduction processes ack mare common in fast
speech, including flapping, is vowel reduction, and finahvtd /d/ deletion (Wolfram,
1969). Measuring syllables per second (or words per seamrdpe done with a tran-
scription (by counting the number of words or syllables ia ttanscription of a region
and dividing by the number of seconds), or by using signatessing metrics (Morgan
and Fosler-Lussier, 1989). Another factor affecting \#wiais word frequency or pre-
dictability. Final /t/ and /d/ deletion is particularly By to happen in words which are
very frequent likeandandjust (Labov, 1975; Neu, 1980). Deletion is also more likely
when the two words surrounding the segment are a collocéBiginee, 2000; Gregory
et al., 1999; Zwicky, 1972). The phone [t] is more likely to jmelatalized in frequent
words and phrases. Words with higher conditional probtgiven the previous word
are more likely to have reduced vowels, deleted consonantsflapping (Bell et al.,
2003; Gregory et al., 1999).
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Other phonetic, phonological, and morphological factdfsca variation as well.
For example /t/ is much more likely to flap than /d/; and thee@mplicated inter-
actions with syllable, foot, and word boundaries (Rhod@82). As we will discuss
in Ch. 8, speech is broken up into units callatbnation phrasesor breath groups.
Words at the beginning or end of intonation phrases are loage less likely to be
reduced. As for morphology, it turns out that deletion islbkely if the word-final
It/ or /d/ is the English past tense ending (Guy, 1980). Fangle in Switchboard,
deletion is more likely in the wordround(73% /d/-deletion) than in the wordrned
(30% /d/-deletion) even though the two words have similegfiencies.

Variation is also affected by the speaker’s state of mina.example the wordhe
can be pronounced with a full vowel [dh iy] or reduced vowdd fX]. It is more likely
to be pronounced with the full vowel [iy] when the speaker isfldent and having
“planning problems”; in general speakers are more likelyde a full vowel than a
reduced one if they don’t know what they are going to say neak (Tree and Clark,
1997; Bell et al., 2003; Keating et al., 1994).

SOCIOLINGUISTIC Sociolinguistic factors like gender, class, amtialect also affect pronunciation
piaLect  variation. North American English is often divided into kiglialect regions (North-
ern, Southern, New England, New York/Mid-Atlantic, Northd¥ands, South Mid-
lands, Western, Canadian). Southern dialect speakers osgnaphthong or near-
monophthong [aa] or [ae] instead of a diphthong in some wwiitls the vowel [ay].
In these dialectsice is pronounced [r aa sjAfrican-American Vernacular English
(AAVE) shares many vowels with Southern American Englistd also has individual
words with specific pronunciations such as [b ih d n ih s]dosinessand [ae k s] for
ask For older speakers or those not from the American West omdgd, the words
caughtandcothave different vowels ([k ao t] and [k aa t] respectively).uvig Ameri-
can speakers or those from the West pronounce the two wotdsdcaughtthe same;
the vowels [ao] and [aa] are usually not distinguished irs¢heialects except before
[r]. For speakers of most non-American and some Americaleds of English (for
example Australian English), the wordi&ary ([m ey r iy]), marry ([m ae r iy]) and
merry([m eh r iy]) are all pronounced differently. Most Americgresikers pronounce
all three of these words identically as ([m eh riy]).
REGISTER Other sociolinguistic differences are duerégister or style; a speaker might pro-
STYLE nounce the same word differently depending on who they waking to or what the
social situation is. One of the most well-studied exampfesyde-variation is the suf-
fix -ing (as insomethind, which can be pronounced [ih ng] or [ih n] (this is often
written somethin). Most speakers use both forms; as Labov (1966) shows, geefitu
ng] when they are being more formal, and [ih n] when more dasMald and Shopen
(1981) found that men are more likely to use the non-stanfdand[ih n] than women,
that both men and women are more likely to use more of the atdnfdrm [ih ng]
when the addressee is a women, and that men (but not womeiiptewitch to [ih n]
when they are talking with friends.

Many of these results on predicting variation rely on Idgigggression on phonetically-
transcribed corpora, a technique with a long history in thedysis of phonetic variation
(Cedergren and Sankoff, 1974), particularly using the VAREB and GOLDVARB
software (Rand and Sankoff, 1990).

Finally, the detailed acoustic realization of a particugapne is very strongly in-

AFRICAN-AMERICAN
VERNACULAR
ENGLISH
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fluenced bycoarticulation with its neighboring phones. We will return to these fine-
grained phonetic details in the following chapters (Stand Sec??) after we intro-
duce acoustic phonetics.

7.4 ACOUSTICPHONETICS AND SIGNALS

(7.2)

FREQUENCY
AMPLITUDE

CYCLES PER
SECOND
HERTZ

PERIOD

(7.3)

We will begin with a brief introduction to the acoustic wasah and how it is digitized,
summarize the idea of frequency analysis and spectra. Tithiseran extremely brief
overview; the interested reader is encouraged to consuitfierences at the end of the
chapter.

7.4.1 Waves

Acoustic analysis is based on the sine and cosine functi©igs7.12 shows a plot of a
sine wave, in particular the function:

y = Axsin(2rft)

where we have set the amplitude A to 1 and the frequértoyl0 cycles per second.

JANATA \
< \ \

0 0.1 0.2 0.3 0.4 0.5
Time (s)

Figure 7.12 A sine wave with a frequency of 10 Hz and an amplitude of 1.

Recall from basic mathematics that two important charaties of a wave are its
frequency andamplitude. The frequency is the number of times a second that a wave
repeats itself, i.e. the number ofcles We usually measure frequencyadxcles per
second The signal in Fig. 7.12 repeats itself 5 times in .5 secohdagce 10 cycles
per second. Cycles per second are usually calledz (shortened tdHz), so the
frequency in Fig. 7.12 would be described as 10 Hz. aimplitude A of a sine wave
is the maximum value on the Y axis.

Theperiod T of the wave is defined as the time it takes for one cycle to cetapl
defined as

T= f

In Fig. 7.12 we can see that each cycle lasts a tenth of a sebendeT = .1

seconds.
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7.4.2 Speech Sound Waves

Let’s turn from hypothetical waves to sound waves. The input speech recognizer,
like the input to the human ear, is a complex series of chaimgais pressure. These
changes in air pressure obviously originate with the speakel are caused by the spe-
cific way that air passes through the glottis and out the oraheal cavities. We repre-
sent sound waves by plotting the change in air pressureiover One metaphor which
sometimes helps in understanding these graphs is to imagieetical plate which is
blocking the air pressure waves (perhaps in a microphoneim 6f a speaker’s mouth,
or the eardrum in a hearer’s ear). The graph measures thenhimfozompressionor
rarefaction (uncompression) of the air molecules at this plate. Fig3 gtliows a short
segment of a waveform taken from the Switchboard corpudepi®ne speech of the
vowel [iy] from someone saying “she just had a baby”.

0.02283;

=)

A A A A A A A

WU Y Y YUY

—0.01697
0

0.03875
Time (s)

Figure 7.13 A waveform of the vowel [iy] from an utterance to be shown ig.Fi.17. They-axis shows the

level of air pressure above and below normal atmospherg&spre. The-axis shows time. Notice that the wave

repeats regularly.

SAMPLING

SAMPLING RATE

NYQUIST
FREQUENCY

TELEPHONE-
BANDWIDTH

WIDEBAND

Let's explore how the digital representation of the soungenshown in Fig. 7.13
would be constructed. The first step in processing speechcisrivert the analog rep-
resentations (first air pressure, and then analog ele@rials in a microphone), into a
digital signal. This process @nalog-to-digital conversionhas two stepssampling
andquantization. A signal is sampled by measuring its amplitude at a padidirne;
the sampling rate is the number of samples taken per second. In order to aetyrat
measure a wave, it is necessary to have at least two sammeslincycle: one mea-
suring the positive part of the wave and one measuring thativegpart. More than
two samples per cycle increases the amplitude accuracyessitthan two samples
will cause the frequency of the wave to be completely missBidus the maximum
frequency wave that can be measured is one whose frequehalf e sample rate
(since every cycle needs two samples). This maximum fregyuiem a given sampling
rate is called thélyquist frequency. Most information in human speech is in frequen-
cies below 10,000 Hz; thus a 20,000 Hz sampling rate woulctlbessary for complete
accuracy. But telephone speech is filtered by the switchitgark, and only frequen-
cies less than 4,000 Hz are transmitted by telephones. Th8$80 Hz sampling rate
is sufficient fortelephone-bandwidthspeech like the Switchboard corpus. A 16,000
Hz sampling rate (sometimes calleitieband) is often used for microphone speech.

Even an 8,000 Hz sampling rate requires 8000 amplitude memsunts for each
second of speech, and so it is important to store the amplinehsurement efficiently.
They are usually stored as integers, either 8-bit (valuma f128—127) or 16 bit (values
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QUANTIZATION

CHANNELS

PCM

(7.4)

from -32768-32767). This process of representing realecahumbers as integers is
calledquantization because there is a minimum granularity (the quantum siztafin
values which are closer together than this quantum sizeespresented identically.

Once data is quantized, it is stored in various formats. Cararpeter of these
formats is the sample rate and sample size discussed abte@hone speech is often
sampled at 8 kHz and stored as 8-bit samples, while micropbata is often sampled
at 16 kHz and stored as 16-bit samples. Another parametdresktformats is the
number ofchannels For stereo data, or for two-party conversations, we came $toth
channels in the same file, or we can store them in separate fldgal parameter
is whether each sample is stored linearly or whether it isgressed. One common
compression format used for telephone speegilav (often written u-law but still
pronounced mu-law). The intuition of log compression ailfpons like p-law is that
human hearing is more sensitive at small intensities thaelanes; the log represents
small values with more faithfulness at the expense of max en large values. The
linear (unlogged) values are generally referred ttiresar PCM values (PCM stands
for Pulse Code Modulation, but never mind that). Here’s tingagion for compressing
a linear PCM sample valueto 8-bit p-law, (whereu=255 for 8 bits):

R sgn(s)log(1+p[s|)
log(1+ 1)

There are a number of standard file formats for storing thdtieg digitized wave-
file, such as Microsoft's WAV, Apple AIFF and Sun AU, all of witi have special
headers; simple headerless ‘raw’ files are also used. Fongeahe .wav format is a
subset of Microsoft's RIFF format for multimedia files; RIk$-a general format that
can represent a series of nested chunks of data and corficnohetion. Fig. 7.14 shows
a simple .wav file with a single data chunk together with itsrfat chunk:

moew , waveeme| | [, |y [a[afeka
length  Format chunk /

data length (16) bytes/second

Compression type bytes/sample
# channels bits/channel

Sampling rate

Data length

Figure 7.14  Microsoft wavefile header format, assuming simple file witte @hunk.
Following this 44-byte header would be the data chunk.

7.4.3 Frequency and Amplitude; Pitch and Loudness

Sound waves, like all waves, can be described in terms ofiéecy, amplitude and
the other characteristics that we introduced earlier foe gine waves. In sound waves
these are not quite as simple to measure as they were for sieswLet’s consider
frequency. Note in Fig. 7.13 that although not exactly a dinat the wave is nonethe-
less periodic, and that there are 10 repetitions of the wavba 38.75 milliseconds
(.03875 seconds) we have captured in the figure. Thus thadray of this segment
of the wave is 10/.03875 or 258 Hz.
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Where does this periodic 258Hz wave come from? It comes floenspeed of
vibration of the vocal folds; since the waveform in Fig. 7i$3rom the vowel [iy], it
is voiced. Recall that voicing is caused by regular openargs closing of the vocal
folds. When the vocal folds are open, air is pushing up thinaihg lungs, creating a
region of high pressure. When the folds are closed, there s@ssure from the longs.
Thus when the vocal folds are vibrating, we expect to sedaegeaks in amplitude of
the kind we see in Fig. 7.13, each major peak correspondiag tpening of the vocal
folds. The frequency of the vocal fold vibration, or the fueqcy of the complex wave,

FUNDAMENT, i called thefundamental frequency of the waveform, often abbreviaté®. We can
Fo plot Fo over time in apitch track . Fig. 7.15 shows the pitch track of a short question,
PITCH TRACK “Three o’clock?” represented below the waveform. Note the inFy at the end of the
question.

o

500 Hz

0 Hz

three o’clock

0 0.544375
Time (s)

Figure 7.15 Pitch track of the question “Three o’clock?”, shown belowe thavefile.

Note the rise in FO at the end of the question. Note the lacktofi prace during the very
quiet part (the “0™ of “o’clock”; automatic pitch trackings based on counting the pulse
in the voiced regions, and doesn’t work if there is no voidioginsufficient sound at all).

[

The vertical axis in Fig. 7.13 measures the amount of airqumesvariation; pres-
sure is force per unit area, measured in Pascals (Pa). A higk on the vertical axis
(a high amplitude) indicates that there is more air presattieat point in time, a zero
value means there is normal (atmospheric) air pressuréde ahiegative value means
there is lower than normal air pressure (rarefaction).

In addition to this value of the amplitude at any point in tinae also often need
to know the average amplitude over some time range, to giveoo® idea of how
great the average displacement of air pressure is. But wejoahtake the average
of the amplitude values over a range; the positive and negasilues would (mostly)
cancel out, leaving us with a number close to zero. Insteadjemerally use the RMS
(root-mean-square) amplitude, which squares each nungferebaveraging (making
it positive), and then takes the square root at the end.
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N 2
7.5 i = i
(7.5) RMS amplitudg i; N
POWER Thepower of the signal is related to the square of the amplitude. Ifmber of
samples of a sound N, the power is
12 5
(7.6) Power= — ZX[I]
N £
INTENSITY Rather than power, we more often refer to thiensity of the sound, which nor-
malizes the power to the human auditory threshold, and isored in dB. 1P is the
auditory threshold pressure 5210~ °Pathen intensity is defined as follows:
(7.7) Intensity= 10lo LS X2

PITCH

Fig. 7.16 shows an intensity plot for the sentence “Is it gglamovie?” from the
Call[Home corpus, again shown below the waveform plot.

ﬁﬂmﬂm

is it a long movie?

0 1.1675
Time (s)

Figure 7.16 Intensity plot for the sentence “Is it a long movie?”. Note tintensity
peaks at each vowel, and the especially high peak for the lvagl

Two important perceptual propertigsich andloudness are related to frequency

and intensity. Theitch of a sound is the mental sensation or perceptual correlate of

fundamental frequency; in general if a sound has a highetdomrental frequency we
perceive it as having a higher pitch. We say “in general” bseahe relationship is not
linear, since human hearing has different acuities fored#t frequencies. Roughly
speaking, human pitch perception is most accurate betw@@izland 1000Hz, and in
this range pitch correlates linearly with frequency. Hurhaaring represents frequen-
cies above 1000 Hz less accurately and above this rangecpitatiates logarithmically
with frequency. Logarithmic representation means thatlifferences between high
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MEL

(7.8)

PITCH EXTRACTION

frequencies are compressed, and hence not as accuratedyveelr There are various
psychoacoustic models of pitch perception scales. One ecommodel is thenel scale
(Stevens et al., 1937; Stevens and Volkmann, 1940). A melisiteof pitch defined
so that pairs of sounds which are perceptually equidistapitch are separated by an
equal number of mels. The mel frequemayan be computed from the raw acoustic
frequency as follows:

f
=0

We will return to the mel scale in Ch. 9 when we introduce theQW@Fepresenta-
tion of speech used in speech recognition.

Theloudnessof a sound is the perceptual correlate of goaver. So sounds with
higher amplitudes are perceived as louder, but again tagamthip is not linear. First
of all, as we mentioned above when we definethw compression, humans have
greater resolution in the low power range; the ear is morsites to small power
differences. Second, it turns out that there is a completicgiship between power,
frequency, and perceived loudness; sounds in certaindérexyuranges are perceived as
being louder than those in other frequency ranges.

Various algorithms exist for automatically extracting Hn a slight abuse of ter-
minology these are callgaitch extraction algorithms. The autocorrelation method of
pitch extraction, for example, correlates the signal wisielf, at various offsets. The
offset that gives the highest correlation gives the perioithe signal. Other methods
for pitch extraction are based on the cepstral features Weestrn to in Ch. 9. There
are various publicly available pitch extraction toolkitst example an augmented au-
tocorrelation pitch tracker is provided wiltr aat (Boersma and Weenink, 2005).

m=1127I{1+

7.4.4 Interpreting Phones from a Waveform

Much can be learned from a visual inspection of a wavefornr. @xample, vowels
are pretty easy to spot. Recall that vowels are voiced; angtfoperty of vowels is
that they tend to be long, and are relatively loud (as we canrs¢he intensity plot
in Fig. 7.16). Length in time manifests itself directly oretk-axis, while loudness
is related to (the square of) amplitude on the y-axis. We sathé previous section
that voicing is realized by regular peaks in amplitude ofkhnel we saw in Fig. 7.13,
each major peak corresponding to an opening of the vocas fdtdy. 7.17 shows the
waveform of the short phrase ‘she just had a baby’. We haweddtthis waveform
with word and phone labels. Notice that each of the six vowelg. 7.17, [iy], [ax],
[ae], [ax], [eVl], [iy], all have regular amplitude peaks icating voicing.

For a stop consonant, which consists of a closure followed bglease, we can
often see a period of silence or near silence followed byghsburst of amplitude. We
can see this for both of the [b]'s imabyin Fig. 7.17.

Another phone that is often quite recognizable in a wavefisrenfricative. Recall
that fricatives, especially very strident fricatives lifgh], are made when a narrow
channel for airflow causes noisy, turbulent air. The resgltiissy sounds have a very
noisy, irregular waveform. This can be seen somewhat inFiy; it's even clearer in
Fig. 7.18, where we've magnified just the first wetie
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she just had a baby

sh

iy j ‘ ax ‘ s h ‘ ae dx| ax b ‘ ey ‘ b ‘ iy

1.059
Time (s)

Figure 7.17 A waveform of the sentence “She just had a baby” from the Switerd corpus (conversatipn
4325). The speaker is female, was 20 years old in 1991, whiapproximately when the recording was made,
and speaks the South Midlands dialect of American English.

she

sh

0.257
Time (s)

Figure 7.18 A more detailed view of the first word “she” extracted from thavefile in Fig. 7.17. Notice the
difference between the random noise of the fricative [slki] the regular voicing of the vowel [iy].

SPECTRUM

7.4.5 Spectra and the Frequency Domain

While some broad phonetic features (such as energy, pitchthe presence of voic-
ing, stop closures, or fricatives) can be interpreted diydoom the waveform, most
computational applications such as speech recognitiong¢tisis human auditory pro-
cessing) are based on a different representation of theddouarms of its component
frequencies. The insight ¢fourier analysisis that every complex wave can be repre-
sented as a sum of many sine waves of different frequenciessi@er the waveform
in Fig. 7.19. This waveform was created Bnaat ) by summing two sine waveforms,
one of frequency 10 Hz and one of frequency 100 Hz.

We can represent these two component frequencies wjteerum. The spectrum
of a signal is a representation of each of its frequency corapts and their amplitudes.
Fig. 7.20 shows the spectrum of Fig. 7.19. Frequency in Hn ihe x-axis and ampli-
tude on the y-axis. Note that there are two spikes in the figure at 10 Hz and one
at 100 Hz. Thus the spectrum is an alternative representatithe original waveform,
and we use the spectrum as a tool to study the component freiggeof a soundwave
at a particular time point.

Let's look now at the frequency components of a speech wawvefBig. 7.21 shows
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Figure 7.19 A waveform created by summing two sine waveforms, one ofueegy
10 Hz (note the 5 repetitions in the half-second window) ane of frequency 100 Hz,
both with amplitude 1.
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Figure 7.20  The spectrum of the waveform in Fig. 7.19.

part of the waveform for the vowel [ae] of the wohéd, cut out from the sentence
shown in Fig. 7.17.

0.04968

o

ny /\/\//\V/\/\M 0 H\M\/AA AJ\VMVA ff\ﬂwm A /va /\ Mg /]\ LA [{\ Avw
ke Vs R TR A

—0.05554
0

0.04275
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Figure 7.21  The waveform of part of the vowel [ae] from the wandd cut out from
the waveform shown in Fig. 7.17.

Note that there is a complex wave which repeats about terstiméhe figure; but
there is also a smaller repeated wave which repeats fous fianevery larger pattern
(notice the four small peaks inside each repeated wave). cbh®lex wave has a
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COCHLEA
INNER EAR

SPECTROGRAM

frequency of about 234 Hz (we can figure this out since it reppeaughly 10 times in
.0427 seconds, and 10 cycles/.0427 seconds = 234 Hz).

The smaller wave then should have a frequency of roughlytfmes the frequency
of the larger wave, or roughly 936 Hz. Then if you look carifybu can see two little
waves on the peak of many of the 936 Hz waves. The frequendyiofihiest wave
must be roughly twice that of the 936 Hz wave, hence 1872 Hz.

Fig. 7.22 shows a smoothed spectrum for the waveform in F&{., €omputed via
a Discrete Fourier Transform (DFT).

20

: N

Sound pressure level (dB/ Hz)

0 1000 2000 3000 4000
Frequency (Hz)

Figure 7.22 A spectrum for the vowel [ae] from the woldadin the waveform ofShe
just had a babyn Fig. 7.17.

Thex-axis of a spectrum shows frequency while yhaxis shows some measure of
the magnitude of each frequency component (in decibels, @R)garithmic measure
of amplitude that we saw earlier). Thus Fig. 7.22 shows theitet are significant fre-
quency components at around 930 Hz, 1860 Hz, and 3020 Hzj alith many other
lower-magnitude frequency components. These first two corepts are just what we
noticed in the time domain by looking at the wave in Fig. 7.21!

Why is a spectrum useful? It turns out that these spectréigihat are easily visi-
ble in a spectrum are very characteristic of different plsppBones have characteristic
spectral “signatures”. Just as chemical elements giveifbffrdnt wavelengths of light
when they burn, allowing us to detect elements in stars tapht the spectrum of the
light, we can detect the characteristic signature of tHexdiht phones by looking at the
spectrum of a waveform. This use of spectral informatiorsigeatial to both human
and machine speech recognition. In human audition, thetifumof the cochleaor
inner ear is to compute a spectrum of the incoming waveform. SimilaHg various
kinds of acoustic features used in speech recognition asitihd observation are all
different representations of spectral information.

Let’s look at the spectrum of different vowels. Since some/els change over
time, we'll use a different kind of plot calledspectrogram While a spectrum shows
the frequency components of a wave at one point in timspetrogramis a way of
envisioning how the different frequencies that make up aefi@wn change over time.
Thex-axis shows time, as it did for the waveform, but yhaxis now shows frequencies
in Hertz. The darkness of a point on a spectrogram correspgial the amplitude of
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FORMANT

the frequency component. Very dark points have high anmgsitlight points have low
amplitude. Thus the spectrogram is a useful way of visualizhe three dimensions
(time x frequency x amplitude).

Fig. 7.23 shows spectrograms of 3 American English vowéi}, [ae], and [ah].
Note that each vowel has a set of dark bars at various freguoamals, slightly different
bands for each vowel. Each of these represents the samefiépedral peak that we
saw in Fig. 7.21.

5000-

Frequency (Hz)

2.81397
Time (s)

Figure 7.23  Spectrograms for three American English vowels, [ih], [a@f [uh], spo-
ken by the first author.

Each dark bar (or spectral peak) is callefbamant. As we will discuss below, a
formant is a frequency band that is particularly amplifiedty vocal tract. Since dif-
ferent vowels are produced with the vocal tract in diffeqggitions, they will produce
different kinds of amplifications or resonances. Let’s l@khe first two formants,
called F1 and F2. Note that F1, the dark bar closest to thefndt in different posi-
tion for the 3 vowels; it's low for [ih] (centered at about 478) and somewhat higher
for [ae] and [ah] (somewhere around 800Hz) By contrast F2sétond dark bar from
the bottom, is highest for [ih], in the middle for [ae], anaviest for [ah].

We can see the same formants in running speech, althougedbetion and coar-
ticulation processes make them somewhat harder to see7.B#yshows the spectro-
gram of ‘she just had a baby’ whose waveform was shown in Figl.#1 and F2 (and
also F3) are pretty clear for the [ax] pfst, the [ae] othad, and the [ey] obaby.

What specific clues can spectral representations give fam@hentification? First,
since different vowels have their formants at characierjgaces, the spectrum can
be used to distinguish vowels from each other. We've seen[#&d in the sample
waveform had formants at 930 Hz, 1860 Hz, and 3020 Hz. Congidevowel [iy],
at the beginning of the utterance in Fig. 7.17. The spectromthiis vowel is shown
in Fig. 7.25. The first formant of [iy] is 540 Hz; much lower ththe first formant for
[ae], while the second formant (2581 Hz) is much higher ttensecond formant for
[ae]. If you look carefully you can see these formants as dhars in Fig. 7.24 just
around 0.5 seconds.

The location of the first two formants (called F1 and F2) playarge role in de-
termining vowel identity, although the formants still difffrom speaker to speaker.
Higher formants tend to be caused more by general charstiterf the speakers vocal
tract rather than by individual vowels. Formants also cangesl to identify the nasal
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she just

sh iy j ax s h ae dx| ax b ey b iy

0 1.059
Time (s)

Figure 7.24 A spectrogram of the sentence “She just had a baby” whosefaravevas shown in Fig. 7.17.
We can think of a spectrogram is as a collection of spectmzeslices) like Fig. 7.22 placed end to end. Note
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Figure 7.25 A smoothed (LPC) spectrum for the vowel [iy] at the starSbie just had
a baby Note that the first formant (540 Hz) is much lower than the fosmant for [ae]
shown in Fig. 7.22, while the second formant (2581 Hz) is mhigimer than the second
formant for [a€].

phones [n], [m], and [ng], and the liquids [I] and [r].

7.4.6 The Source-Filter Model

Why do different vowels have different spectral signat@rés we briefly mentioned

sourceFILTER  above, the formants are caused by the resonant cavities ofdlth. Thesource-filter
model is a way of explaining the acoustics of a sound by modédiiow the pulses

produced by the glottis (theource are shaped by the vocal tract (tfileer ).

Let's see how this works. Whenever we have a wave such as lthatiain in air
Harvonics  caused by the glottal pulse, the wave alsolesnonics. A harmonic is another wave
whose frequency is a multiple of the fundamental wave. Tlugkample a 115 Hz
glottal fold vibration leads to harmonics (other waves) 8 Hz, 345 Hz, 460 Hz, and
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so on on. In general each of these waves will be weaker, ive tmaich less amplitude
than the wave at the fundamental frequency.

It turns out, however, that the vocal tract acts as a kind frfdr amplifier; indeed
any cavity such as a tube causes waves of certain frequeatieamplified, and others
to be damped. This amplification process is caused by theesifape cavity; a given
shape will cause sounds of a certain frequency to resondtesate be amplified. Thus
by changing the shape of the cavity we can cause differeqtiénecies to be amplified.

Now when we produce particular vowels, we are essentialanging the shape
of the vocal tract cavity by placing the tongue and the otlgcwdators in particular
positions. The result is that different vowels cause déféiharmonics to be amplified.

So a wave of the same fundamental frequency passed throffigtedt vocal tract
positions will result in different harmonics being amplifie

We can see the result of this amplification by looking at thatienship between the
shape of the oral tract and the corresponding spectrum7Fig.shows the vocal tract
position for three vowels and a typical resulting spectrdine formants are places in
the spectrum where the vocal tract happens to amplify paatibarmonic frequencies.

1 (dB/Hz)
level (dB/Hz)
level (d8/Hz)

d
ound pressure level
d

Frequency (Hz)

[a€e] (cat) [uw] (moo)

Figure 7.26  Visualizing the vocal tract position as a filter: the tongwsifions for three English vowels and
the resulting smoothed spectra showing F1 and F2. Tongutgmssmodeled after Ladefoged (1996).

7.5 PHONETIC RESOURCES

A wide variety of phonetic resources can be drawn on for cdatpnal work. One
PRONJICITION - key set of resources aponunciation dictionaries. Such on-line phonetic dictio-
naries give phonetic transcriptions for each word. Thraarmonly used on-line dic-
tionaries for English are the CELEX, CMUdict, and PRONLEXié®ns; for other
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TIME-ALIGNED
TRANSCRIPTION

languages, the LDC has released pronunciation dictionéwreEgyptian Arabic, Ger-
man, Japanese, Korean, Mandarin, and Spanish. All theBerdides can be used for
both speech recognition and synthesis work.

The CELEX dictionary (Baayen et al., 1995) is the most ricriyotated of the dic-
tionaries. Itincludes all the words in the Oxford Advancestner’s Dictionary (1974)
(41,000 lemmata) and the Longman Dictionary of Contempydgaglish (1978) (53,000
lemmata), in total it has pronunciations for 160,595 wordfs. Its (British rather than
American) pronunciations are transcribed using an ASCisiea of the IPA called
SAM. In addition to basic phonetic information like phonergys, syllabification, and
stress level for each syllable, each word is also annotatédmorphological, part of
speech, syntactic, and frequency information. CELEX (alt a&£CMU and PRON-
LEX) represent three levels of stress: primary stress,rstamy stress, and no stress.
For example, some of the CELEX information for the wdlidtionaryincludes multi-
ple pronunciations ('dlIk-S@n-rl and 'dIk-S@-n@-rl, caepending to ARPABET [d
ih k sh ax nrih] and [d ih k sh ax n ax r ih] respectively), togathvith the CV-
skelata for each one ([CVC][CVC][CV] and [CVC][CV][CV][CY), the frequency of
the word, the fact that it is a noun, and its morphologicalcttire (diction+ary).

The free CMU Pronouncing Dictionary (CMU, 1993) has pronations for about
125,000 wordforms. It uses an 39-phone ARPAbet-derivechphe set. Transcrip-
tions are phonemic, and thus instead of marking any kind dhese reduction like
flapping or reduced vowels, it marks each vowel with the nuntbéunstressed) 1
(stressed), or 2 (secondary stress). Thus the wigedis listed as [T AY1 G EROQ] the
wordtableas [T EY1 B AHO L], and the wordictionaryas [D IH1 K SH AHO N EH2
R 1Y0]. The dictionary is not syllabified, although the nuttds implicitly marked by
the (numbered) vowel.

The PRONLEX dictionary (LDC, 1995) was designed for speetwognition and
contains pronunciations for 90,694 wordforms. It covetdha words used in many
years of the Wall Street Journal, as well as the Switchboarg@. PRONLEX has the
advantage that it includes many proper names (20,000, vwbekE X only has about
1000). Names are important for practical applications, thieg are both frequent and
difficult; we return to a discussion of deriving name pronations in Ch. 8.

Another useful resource isgnonetically annotated corpus in which a collection
of waveforms is hand-labeled with the corresponding stoihghones. Two important
phonetic corpora in English are the TIMIT corpus and the 8wibard Transcription
Project corpus.

The TIMIT corpus (NIST, 1990) was collected as a joint projeetween Texas
Instruments (TI1), MIT, and SRI. It is a corpus of 6300 readteroes, where 10 sen-
tences each from 630 speakers. The 6300 sentences werefayawaset of 2342 pre-
designed sentences, some selected to have particulastdiieboleths, others to max-
imize phonetic diphone coverage. Each sentence in the savps phonetically hand-
labeled, the sequence of phones was automatically aligitbdive sentence wavefile,
and then the automatic phone boundaries were manually t@meeted (Seneff and
Zue, 1988). The result istame-aligned transcription; a transcription in which each
phone in the transcript is associated with a start and ene iimthe waveform; we
showed a graphical example of a time-aligned transcriptidfig. 7.17.

The phoneset for TIMIT, and for the Switchboard TranscaptProject corpus be-
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low, is a more detailed one than the minimal phonemic versfahe ARPAbet. In par-
ticular, these phonetic transcriptions make use of theouarieduced and rare phones
mentioned in Fig. 7.1 and Fig. 7.2; the flap [dx], glottal sfqh reduced vowels [ax],
[ix], [axr], voiced allophone of [h] ([hv]), and separateqies for stop closure ([dcl],
[tcl], etc) and release ([d], [t], etc). An example tranption is shown in Fig. 7.27.

she
sh iy,

had
hv ae dcl

your | dark suit in| greasy wash | water all | year
jhaxr| dcldaarkc| suxq en| gclgriysix] waash gwaadxaxrq aall yixaxr

Figure 7.27

Phonetic transcription from the TIMIT corpus. Note paleion of [d] in had unreleased fing
stop indark, glottalization of final [t] insuit to [q], and flap of [t] inwater. The TIMIT corpus also include
time-alignments for each phone (not shown).

n =

Where TIMIT is based on read speech, the more recent Swigchbtranscrip-
tion Project corpus is based on the Switchboard corpus ofezsational speech. This
phonetically-annotated portion consists of approxinya8b hours of sentences ex-
tracted from various conversations (Greenberg et al., 1996 with TIMIT, each
annotated utterance contains a time-aligned transcniplibe Switchboard transcripts
are time-aligned at the syllable level rather than at thenphevel; thus a transcript
consists of a sequence of syllables with the start and ereldineach syllables in the
corresponding wavefile. Fig. 7.28 shows an example from witcBboard Transcrip-
tion Project, for the phragbey’re kind of in between right now

0.470, 0.640f 0.720] 0.900 0.953 1.279 1.410f 1.630
dher k aa n ax vihm b ix twiyn ray n aw

Figure 7.28  Phonetic transcription of the Switchboard phrtssy're kind of in between
right now. Note vowel reduction irthey’re and of, coda deletion irkind andright, and
resyllabification (the [v] ofof attaches as the onset iof). Time is given in number of
seconds from beginning of sentence to start of each syllable

Phonetically transcribed corpora are also available foeotanguages; the Kiel
corpus of German is commonly used, as are various Mandarnpoctranscribed by
the Chinese Academy of Social Sciences (Li et al., 2000).

In addition to resources like dictionaries and corporargtege many useful pho-
netic software tools. One of the most versatile is the fremPpackage (Boersma and
Weenink, 2005), which includes spectrum and spectrograatysis, pitch extraction
and formant analysis, and an embedded scripting languageaifomation. It is avail-
able on Microsoft, Macintosh, and UNIX environments.

7.6 ADVANCED: ARTICULATORY AND GESTURAL PHONOLOGY

We saw in Sec. 7.3.1 that we could u#istinctive featuresto capture generalizations
across phone class. These generalizations were maintylatbry (although some,
like [strident] and the vowel height features, are primaaitoustic).
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This idea that articulation underlies phonetic productsouased in a more sophis-
ATIGIATORY - ticated way inarticulatory phonology, in which thearticulatory gesture is the un-

ARTICULATORY
GESTURE

GESTURAL SCORE

derlying phonological abstraction (Browman and Goldst&886, 1992). Articulatory
gestures are defined as parameteridgaamical systems Since speech production
requires the coordinated actions of tongue, lips, glotts, articulatory phonology
represents a speech utterances as a sequence of potemt&llgpping articulatory
gestures. Fig. 7.29 shows the sequent of gesturegeiural scorg required for the
production of the worghawn[p aa n]. The lips first close, then the glottis opens, then
the tongue body moves back toward the pharynx wall for theeldag], the velum
drops for the nasal sounds, and finally the tongue tip clogemst the alveolar ridge.
The lines in the diagram indicate gestures which are phagbdespect to each other.
With such a gestural representation, the nasality in theviaael is explained by the
timing of the gestures; the velum drops before the tonguleagquite closed.

[wide]
VELUM
closed
TONGUE TIP [alveolar ]
narrow
TONGUE BODY [pharyng%I

closed
LIPS labial

GLOTTIS \ [wide]

Figure 7.29 The gestural score for the wophwnas pronounced [p aa n], after Brow|
man and Goldstein (1989) and Browman and Goldstein (1995).

The intuition behind articulatory phonology is that the tyeal score is likely to be
much better as a set of hidden states at capturing the contsmature of speech than a
discrete sequence of phones. In addition, using articylgestures as a basic unit can
help in modeling the fine-grained effects of coarticulattdmeighboring gestures that
we will explore further when we introduciphones(Sec.??) andtriphones (Sec.??).

Computational implementations of articulatory phonolbgye recently appeared
in speech recognition, using articulatory gestures rétiar phones as the underlying
representation or hidden variable. Since multiple aréitars (tongue, lips, etc) can
move simultaneously, using gestures as the hidden vaiirablées a multi-tier hidden
representation. Fig. 7.30 shows the articulatory featereised in the work of Livescu
and Glass (2004) and Livescu (2005); Fig. 7.31 shows exangflbow phones are
mapped onto this feature set.
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[ Feature | Description | value = meaning |

LIP-LOC | position of lips LAB = labial (neutral position); PRO = protruded (roundeBEN = dental

LIP-OPEN| degree of opening df CL =closed; CR = critical (labial/labio-dental fricative)NA = narrow (e.g., [w], [uw]);
lips WI = wide (all other sounds)

TT-LOC location of tongug DEN =inter-dental ([th], [dh]); ALV = alveolar ([t], [n]); PA = palato-alveolar ([sh])
tip RET = retroflex ([r])

TT-OPEN | degree of opening df CL = closed (stop); CR = critical (fricative); NA = narrow [[malveolar glide);
tongue tip M-N = medium-narrow;MID = medium;WI = wide

TB-LOC location of tongug PAL = palatal (e.g. [sh], [y]); VEL = velar (e.g., [K], [ng]);
body UVU = uvular (neutral position); PHA = pharyngeal (e.g. [aa]

TB-OPEN | degree of opening df CL = closed (stop); CR = critical (e.g. fricated [g] in "leglal NA = narrow (e.g. [y]);
tongue body M-N = medium-narrow; MID = medium; WI = wide

VEL state of the velum CL = closed (non-nasal); OP = open (nasal)

GLOT state of the glottis CL = closed (glottal stop); CR = critical (voiced); OP = openiteless)

Figure 7.30  Articulatory-phonology-based feature set from LivescdO®).

phone| LIP-LOC| LIP-OPEN| TT-LOC| TT-OPEN| TB-LOC| TB-OPEN| VEL GLOT
aa LAB W ALV W PHA M-N CL(.9),0P(1)] CR
ae LAB w ALV w VEL w CL(.9),0P(.1) CR
b LAB CR ALV M UvU w cL CR
f DEN CR ALV M VEL M cL oP
n LAB w ALV cL UVvU M oP CR
s LAB w ALV CR UVvU M cL oP
uw PRO N P-A w VEL N CL(.9),0P(.1) CR

1

Figure 7.31 Livescu (2005): sample of mapping from phones to underyianget articulatory feature valug
Note that some values are probabilistic.

7.7 SUMMARY

This chapter has introduced many of the important concdgibanetics and compu-
tational phonetics.

e We can represent the pronunciation of words in terms of watled phones
The standard system for representing phones isnteenational Phonetic Al-
phabet or IPA. The most common computational system for transcription of
English is theARPAbet, which conveniently uses ASCII symbols.

e Phones can be described by how they are prodadézllatorily by the vocal
organs; consonants are defined in terms of fhlateandmanner of articulation
andvoicing, vowels by theitheight, backness androundness

¢ A phonemeis a generalization or abstraction over different phorretidizations.
Allophonic rules express how a phoneme is realized in a given context.

e Speech sounds can also be describedustically. Sound waves can be de-
scribed in terms ofrequency, amplitude, or their perceptual correlatgsitch
andloudness

e Thespectrum of a sound describes its different frequency componentsilé/Vh

some phonetic properties are recognizable from the wawefooth humans and
machines rely on spectral analysis for phone detection.
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e A spectrogramis a plot of a spectrum over time. Vowels are described by-char
acteristic harmonics calléddrmants.

e Pronunciation dictionaries are widely available, and used for both speech recog-
nition and speech synthesis, including the CMU dictionangnglish and CELEX
dictionaries for English, German, and Dutch. Other diciioes are available
from the LDC.

e Phonetically transcribed corpora are a useful resourdaiéiting computational
models of phone variation and reduction in natural speech.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

The major insights of articulatory phonetics date to thguiists of 800—-15@.c. In-
dia. They invented the concepts of place and manner of &tion, worked out the
glottal mechanism of voicing, and understood the concepissimilation. European
science did not catch up with the Indian phoneticians ungr@000 years later, in the
late 19th century. The Greeks did have some rudimentarygitfwknowledge; by the
time of Plato’sTheaetetusind Cratylus for example, they distinguished vowels from
consonants, and stop consonants from continuants. ThesSteveloped the idea of
the syllable and were aware of phonotactic constraints seiple words. An unknown
Icelandic scholar of the twelfth century exploited the ceptof the phoneme, proposed
a phonemic writing system for Icelandic, including diaicstfor length and nasality.
But his text remained unpublished until 1818 and even thenlargely unknown out-
side Scandinavia (Robins, 1967). The modern era of phanistiesually said to have
begun with Sweet, who proposed what is essentially the pheria hisHandbook
of Phoneticq1877). He also devised an alphabet for transcription astingjuished
betweenbroad and narrow transcription, proposing many ideas that were eventually
incorporated into the IPA. Sweet was considered the bestipireg phonetician of his
time; he made the first scientific recordings of languagepfametic purposes, and
advanced the state of the art of articulatory descriptiomwds also infamously diffi-
cult to get along with, a trait that is well captured in Henrigéins, the stage character
that George Bernard Shaw modeled after him. The phoneme kgasdimed by the
Polish scholar Baudouin de Courtenay, who published hisribgin 1894.

Students with further interest in transcription and attitery phonetics should con-
sult an introductory phonetics textbook such as Ladefo@83) or Clark and Yallop
(1995). Pullum and Ladusaw (1996) is a comprehensive goigac¢h of the symbols
and diacritics of the IPA. A good resource for details ab@atuction and other pho-
netic processes in spoken English is Shockey (2003). WE883) is the definitive
3-volume source on dialects of English.

Many of the classic insights in acoustic phonetics had beseldped by the late
1950's or early 1960’s; just a few highlights include tecjues like the sound spectro-
graph (Koenig et al., 1946), theoretical insights like thaking out of the source-filter
theory and other issues in the mapping between articulatidracoustics (Fant, 1970;
Stevens et al., 1953; Stevens and House, 1955; Heinz anenStelR61; Stevens and
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House, 1961), the F1xF2 space of vowel formants PetersorBamky (1952), the
understanding of the phonetic nature of stress and and éhefukiration and intensity
as cues (Fry, 1955), and a basic understanding of issuesiregerception Miller and
Nicely (1955), Liberman et al. (1952). Lehiste (1967) is #emtion of classic papers
on acoustic phonetics.

Excellent textbooks on acoustic phonetics include Joh(2003) and (Ladefoged,
1996). (Coleman, 2005) includes an introduction to contpurtal processing of acous-
tics as well as other speech processing issues, from a $itigperspective. (Stevens,
1998) lays out an influential theory of speech sound prodoctihere are a wide va-
riety of books that address speech from a signal processith@lactrical engineering
perspective. The ones with the greatest coverage of cotiqmahphonetics issues in-
clude (Huang et al., 2001), (O’'Shaughnessy, 2000), andd(@ud Morgan, 1999). An
excellent textbook on digital signal processing is Lyor304).

There are a number of software packages for acoustic plocarelysis. Probably
the most widely-used one is Praat (Boersma and Weenink,)2005

Many phonetics papers of computational interest are to beddn theJournal of
the Acoustical Society of America (JASBdmputer Speech and LanguagedSpeech
Communication

EXERCISES

7.1 Find the mistakes in the ARPAbet transcriptions of the feltay words:

a. “three” [dhri] d. “study” [stuhdi] g. “slight” [s l iy ]
b. “sing” [sih ng] e. “though” [th ow]
c. “eyes” [ay S] f. “planning” [p pl aa n ih ng]

7.2 Translate the pronunciations of the following color wordsnf the IPA into the
ARPADbet (and make a note if you think you pronounce them dfftly than this!):

a. [red] e. [blek] i. [pjus]
b. [blu] f. [wart] j- [toup]
C. [grin] g. ['ormnd3)]

d. [jelou] h. [p3pl]

7.3 Ira Gershwin's lyric forLet’s Call the Whole Thing Offilks about two pronunci-
ations of the word “either” (in addition to the tomato andatotexample given at the
beginning of the chapter. Transcribe Ira Gershwin’s twanprriations of “either” in
the ARPAbet.

7.4 Transcribe the following words in the ARPAbet:

a. dark
b. suit
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C. greasy
d. wash
e. water

7.5 Take a wavefile of your choice. Some examples are on the tektiebsite.
Download thePRAAT software, and use it to transcribe the wavefiles at the wanel,le
and into ARPAbet phones, using Praat to help you play pieteaah wavfile, and to
look at the wavefile and the spectrogram.

7.6 Record yourself saying five of the English vowels: [aa], [dBE], [iy], [uw].
Find F1 and F2 for each of your vowels.
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SPEECH SYNTHESIS

And computers are getting smarter all the time: Scientislisus
that soon they will be able to talk to us. (By ‘they’ | mean ‘gt
ers’: | doubt scientists will ever be able to talk to us.)

Dave Barry

In Vienna in 1769, Wolfgang von Kempelen built for the Emgré4aria Theresa
the famous Mechanical Turk, a chess-playing automatonistimg of a wooden box
filled with gears, and a robot mannequin sitting behind the Wwho played chess by
moving pieces with his mechanical arm. The Turk toured Eerapd the Americas
for decades, defeating Napolean Bonaparte and even pl&fiages Babbage. The
Mechanical Turk might have been one of the early successedififial intelligence
if it were not for the fact that it was, alas, a hoax, powerecadlyuman chessplayer
hidden inside the box.

What is perhaps less well-known is that von Kempelen, araexdinarily prolific
inventor, also built between 1769 and 1790 what is definitedy a hoax: the first
full-sentence speech synthesizer. His device consisted hillows to simulate the
lungs, a rubber mouthpiece and a nose aperature, a reedutanthe vocal folds,
various whistles for each of the fricatives. and a small aryi bellows to provide
the puff of air for plosives. By moving levers with both handgening and closing
various openings, and adjusting the flexible leather ‘voeat’, different consonants
and vowels could be produced.

More than two centuries later, we no longer build our speguithesizers out of
wood, leather, and rubber, nor do we need trained human toperd he modern task

speecHsywTHess  Of speech synthesisalso calledext-to-speechor TTS, is to produce speech (acoustic
TEXT-TO-SPEECH waveforms) from text input.

TS Modern speech synthesis has a wide variety of applicati®yisthesizers are used,
together with speech recognizers, in telephone-basecdecsaional agents that con-
duct dialogues with people (see Ch. 23). Synthesizer areiaiportant in non-
conversational applications that speakpeople, such as in devices that read out loud
for the blind, or in video games or children’s toys. Finadgeech synthesis can be used
to speakor sufferers of neurological disorders, such as astroptstssteven Hawking
who, having lost the use of his voice due to ALS, speaks byntypd a speech synthe-
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sizer and having the synthesizer speak out the words. Sttte art systems in speech
synthesis can achieve remarkably natural speech for a vidgywariety of input situa-
tions, although even the best systems still tend to soundlemand are limited in the
voices they use.

The task of speech synthesis is to map a text like the follgwin

(8.1) PG&E will file schedules on April 20.

to a waveform like the following:

kgl i Wi

Speech synthesis systems perform this mapping in two sfiegtsgonverting the

input text into aphonemic internal representationand then converting this internal
TEXT ANALYSIS representation into a waveform. We will call the first stegt analysisand the second
WAERORM stepwaveform synthesig(although other names are also used for these steps).

A sample of the internal representation for this sentensbasvn in Fig. 8.1. Note
that the acronynPG&Eis expanded into the words P G AND E, the numB6ris
expanded intdwentieth a phone sequence is given for each of the words, and there is
also prosodic and phrasing information (the *'s) which wd define later.

R x * L% |
P G AND | E| WILL FILE SCHEDULES ON APRIL TWENTIETH
p| iy| jh| iy| ag n| d|iy |w| ih| I| f| ay| I| s| k| eh| jn| ax| I| z| ag n| ey| p| r| ih| 1| t| w| eh n| t] iy| ax| th|

Figure 8.1 Intermediate output for a unit selection synthesizer fer sentenc®G&E will file schedules on
April 20.. The numbers and acronyms have been expanded, words havedmeerted into phones, and prosodic
features have been assigned.

While text analysis algorithms are relatively standardrérare three widely differ-
ent paradigms for waveform synthes@ncatenative synthesisformant synthesis
andarticulatory synthesis. The architecture of most modern commercial TTS sys-
tems is based on concatenative synthesis, in which samipdpgech are chopped up,
stored in a database, and combined and reconfigured to oimateentences. Thus we
will focus on concatenative synthesis for most of this chaithough we will briefly
introduce formant and articulatory synthesis at the enti®thapter.

Fig. 8.2 shows the TTS architecture for concatenative atgicsion synthesis, using

HOURGLASS  the two-stephourglass metaphorof Taylor (2008). In the following sections, we'll
examine each of the components in this architecture.

8.1 TEXT NORMALIZATION

In order to generate a phonemic internal representati@ntaxt first needs to be pre-
NORMALIZED processed onormalized in a variety of ways. We'll need to break the input text into
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PG&E will file schedules on April 20.
I
4L
Text T
Analysis
Ll ‘
“Phonemic™ ",
P iyj iy g nd... Re;ggirenr?;tion
{1l N
Waveform unit :
: Selection|  Unit
Synthes|s Database
-
Figure 8.2  Architecture for the unit selection (concatenative) amtture for speech
synthesis.
sentences, and deal with the idiosyncracies of abbrengtimumbers, and so on. Con-
sider the difficulties in the following text drawn from the ©m corpus (Klimt and
Yang, 2004):
He said the increase in credit limits helped B.C. Hydro aghiecord net income
of about $1 billion during the year ending March 31. This figdoes not include
any write-downs that may occur if Powerex determines thgtadrits customer
accounts are not collectible. Cousins, however, was grgighat all debts will
be collected: “We continue to pursue monies owing and we axjpebe paid for
electricity we have sold.”
TOKDENCE The first task in text normalization Eentence tokenization In order to segment

this paragraph into separate utterances for synthesis,eed to know that the first
sentence ends at the period afi¢éarch 31 not at the period oB.C. We also need
to know that there is a sentence ending at the vemitected despite the punctuation
being a colon rather than a period. The second normaliztasknis dealing witmon-
standard words. Non-standard words include number, acronyms, abbrewistiand
so on. For exampléviarch 31needs to be pronouncédiarch thirty-first not March
three one $1 billion needs to be pronouncede billion dollars with the worddollars
appearing after the wordillion.
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(8.2)
(8.3)

(8.4)

(8.5)

8.1.1 Sentence Tokenization

We saw two examples above where sentence tokenizatiorfimuttibecause sentence
boundaries are not always indicated by periods, and cantsoasbe indicated by
punctuation like colons. An additional problem occurs wla@nabbreviation ends a
sentence, in which case the abbreviation-final period igippdpa dual role:

He said the increase in credit limits helped B.C. Hydro aghiecord net income of about $1
billion during the year ending March 31.

Cousins, however, was insistent that all debts will be ctdld: “We continue to pursue monies
owing and we expect to be paid for electricity we have sold.”

The group included Dr. J. M. Freeman and T. Boone Pickens Jr.

A key part of sentence tokenization is thus period disandtign; we've seen a
simple perl script for period disambiguation in Ch. 3. Moshtence tokenization al-
gorithms are slightly more complex than this determiniatgorithm, and in particular
are trained by machine learning methods rather than beind-bailt. We do this by
hand-labeling a training set with sentence boundariestam using any supervised
machine learning method (decision trees, logistic regpasSVM, etc) to train a clas-
sifier to mark the sentence boundary decisions.

More specifically, we could start by tokenizing the inputttero tokens separated
by whitespace, and then select any token containing oneedhtiee charactets . or
? (or possibly alsa ). After hand-labeling a corpus of such tokens, then we taain
classifier to make a binary decision (EOS (end-of-sentevers)is not-EOS) on these
potential sentence boundary characters inside thesegoken

The success of such a classifier depends on the featuresdhatteacted for the
classification. Let's consider some feature templates wghimise to disambiguate
thesecandidate sentence boundary characters, assuming we have a smalhtafou
training data, labeled for sentence boundaries:

the prefix (the portion of the candidate token preceding #rallate)
the suffix (the portion of the candidate token following tladidate)
whether the prefix or suffix is an abbreviation (from a list)

the word preceding the candidate

the word following the candidate

whether the word preceding the candidate is an abbreviation
whether the word following the candidate is an abbreviation

Consider the following example:
ANLP Corp. chairman Dr. Smith resigned.

Given these feature templates, the feature values for thedpe in the wordCorp.
in (8.5) would be:

PreviousWord = ANLP NextWord = chairman
Prefix = Corp Suffix = NULL
PreviousWordAbbreviation = 1 NextWordAbbreviation = 0

If our training set is large enough, we can also look for lekicues about sen-
tence boundaries. For example, certain words may tend tar semtence-initially, or
sentence-finally. We can thus add the following features:
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NON-STANDARD
WORDS

e Probability[candidate occurs at end of sentence]
e Probability[word following candidate occurs at beginnofgsentence]

Finally, while most of the above features are relativelyglamge-independent, we
can use language-specific features. For example, in Englstiences usually begin
with capital letters, suggesting features like the follogui

e case of candidate: Upper, Lower, AllCap, Numbers
e case of word following candidate: Upper, Lower, AliCap, Nagns

Similary, we can have specific subclasses of abbreviatmund) as honorifics or
titles (e.g., Dr., Mr., Gen.), corporate designators (e€3grp., Inc.), or month-names
(e.g., Jan., Feb.).

Any machine learning method can be applied to train EOS iflasss Logistic
regression and decision trees are two very common methagistit regression may
have somewhat higher accuracy, although we have insteatinsho example of a
decision tree in Fig. 8.3 because it is easier for the readse¢ how the features are
used.

Figure 8.3 A decision tree for predicting whether a period ' is an ericsentence
(YES) or not an end-of-sentence (NO), using features likeldly likelihood of the cur-
rent word being the beginning of a sentenberpb ), the previous word being an end
of sentencedprob ), the capitalization of the next word, and the abbreviasabclass
(company, state, unit of measurement). After slides by &itiSproat.

8.1.2 Non-Standard Words

The second step in text normalization is normaliziman-standard words Non-
standard words are tokens like numbers or abbreviationghwteed to be expanded
into sequences of English words before they can be prondunce

What is difficult about these non-standard words is that greyoften very am-
biguous. For example, the numlet50can be spoken in at least three different ways,
depending on the context:
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PAIRED

SERIAL

seventeen fifty: (in ‘The European economy in 1750’

one seven five zero: (in ‘The password is 175’

seventeen hundred and fifty: (in ‘1750 dollars))

one thousand, seven hundred, and fifty: (in ‘1750 dollars))

Similar ambiguities occur for Roman numerals lik& (which can be pronounced
four , fourth , or as the letters V (meaning ‘intravenous’)), 02/3, which can be
two thirds  orFebruary third ortwo slash three

In addition to numbers, various non-standard words are csegof letters. Three
types non-standard words includébreviations, letter sequencesandacronyms
Abbreviations are generally pronouncedd®pandingthem; thuslan lis pronounced
January first , andWedis pronouncedVednesday . Letter sequencedike UN,
DVD, PC,andIBM are pronounced by pronouncing each letter in a sequence dBM
thus pronouncedy b iy eh m). Acronyms like IKEA, MOMA, NASAandUNICEF
are pronounced as if they were worddpMA is pronouncedn ow m ax Ambiguity
occurs here as well; shoullinbe read as a word (the nardan ) or expanded as the
monthJanuary ?

These different types of numeric and alphabetic non-stahaards can be sum-
marized in Fig. 8.4. Each of the types has a particular ratdin (or realizations). For
example, a yearYER is generally read in thpaired method, in which each pair of
digits is pronounced as an integer (egpyenteen fifty for 1750), while a U.S.
zip codenzip is generally read in theerial method, as a sequence of single digits
(e.g.,nine four one one zero for 94110. The typeBMONEY deals with the
idiosyncracies of expressions li#.2 billion, which must be read out with the word
dollars atthe end, athree point two billion dollars

For the alphabetic NSWs, we have the class EXPN for abbrensahke N.Y.
which are expanded, LSEQ for acronyms pronounced as letjgiesnces, and ASWD
for acronyms pronounced as if they were words.

Dealing with non-standard words requires at least thrgesstekenization to sep-
arate out and identify potential non-standard woodlisssificationto label them with a
type from Fig. 8.4, andxpansionto convert each type into a string of standard words.

In the tokenization step, we can tokenize the input by whaes, and then assume
that any word which is not in the pronunciation dictionaryaision-standard word.
More sophisticated tokenization algorithms would alsol déth the fact that some
dictionaries already contain some abbreviations. The CNdtlathary, for example,
contains abbreviated (and hence incorrect) pronuncigfionst, mr, mrs as well as
day and month abbreviations likaon, tues, nov, deetc. Thus in addition to unseen
words, we also need to label any of these acronyms and alglestharacter token as
potential non-standard words. Tokenization algorithnss aleed to split words which
are combinations of two tokens, likecar or RVing Words can be split by simple
heuristics, such as splitting at dashes, or at changes thericase to upper-case.

The next step is assigning a NSW type; many types can be ddtadth simple
regular expressions. For exampie;ER could be detected by the following regular
expression:

/(1[89][0-9][0-9])|(20[0-9][0-9]/
Other classes might be harder to write rules for, and so a pmserful option is



Section 8.1. Text Normalization 7

< EXPN abbreviation adv, N.Y., mph, gov't
o LSEQ letter sequence DVD, D.C., PC, UN, IBM,
< ASWD read as word IKEA, unknown words/names
NUM number (cardinal) 12, 45, 1/2, 0.6
NORD number (ordinal) May 7, 3rd, Bill Gates IlI
NTEL telephone (or part of) 212-555-4523
NDIG number as digits Room 101
" NIDE identifier 747, 386, I5, pc110, 3A
o NADDR number as street address 747, 386, 15, pc110, 3A
g NzIP zip code or PO Box 91020
2 NTIME a (compound) time 3.20, 11:45
NDATE a (compound) date 2/28/05, 28/02/05
NYER year(s) 1998, 80s, 1900s, 2008
MONEY money (US or other) $3.45, HK$300, Y20,200$200K
BMONEY money tr/m/billions $3.45 billion
PRCT percentage 75% 3.4%
Figure 8.4 Some types of non-standard words in text normalizatiorcsetl from Ta-
ble 1 of Sproat et al. (2001); not listed are types for URLsa#snand some complex uses
of punctuation.

to use a machine learning classifier with many features.

To distinguish between the alphabetiswD, LSEQandEXPN classes, for example
we might want features over the component letters. Thug,sklbcapital wordsIiBM,
US) might be LSEQ, longer all-lowercase words with a singletgugov't, cap’n
might beExPN, and all-capital words with multiple vowelNASA, IKEA might be
more likely to beaswb.

Another very useful features is the identity of neighbonmyrds. Consider am-
biguous strings lik&/4, which can be anDATE march third  or anumthree-fourths
NDATE might be preceded by the woomh, followed by the wordbf, or have the word
Mondaysomewhere in the surrounding words. By contrasty examples might be
preceded by another number, or followed by words likiée andinch. Similarly, Ro-
man numerals lik&/Il tend to beNORD (sevefh when preceded bZhapter part, or
Act, butnum (seventhiwhen the word&ing or Popeoccur in the neighborhood. These
contextwords can be chosen as features by hand, or can heddar machine learning
techniques like theecision listalgorithm of Ch. 8.

We can achieve the most power by building a single machimaileg classifier
which combines all of the above ideas. For example, the NSMsdler of (Sproat
et al., 2001) uses 136 features, including letter-baseulifes like ‘all-upper-case;
‘has-two-vowels’ ‘contains-slash’ and‘token-length; as well as binary features for
the presence of certain words likghapter on, or king in the surrounding context.
Sproat et al. (2001) also included a rough-draft rule-batzskifier, which used hand-
written regular expression to classify many of the numbeWsS The output of this
rough-draft classifier was used as just another featuresimtiin classifier.

In order to build such a main classifier, we need a hand-ldbe#ning set, in
which each token has been labeled with its NSW category; ank kand-labeled
data-base was produced by Sproat et al. (2001). Given swatietet training set, we
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can use any supervised machine learning algorithm to budldttassifier.
Formally, we can model this task as the goal of producingabesequenc€ which
is most probable given the observation sequence:

(8.6) T* = argma¥P(T|0)
T

One way to estimate this probability is via decision treest €&ample, for each
observed tokem;, and for each possible NSW tag the decision tree produces the
posterior probabilityP(t;|o;). If we make the incorrect but simplifying assumption
that each tagging decision is independent of its neighlegan predict the best tag
sequencd = argmax P(T|O) using the tree:

T = argma®(T|0)
T

m

_|'largma>P(t|oi)

t

(8.7)

Q

The third step in dealing with NSWs is expansion into ordingords. One NSW
type,EXPN, is quite difficult to expand. These are the abbreviatiormsaamonyms like
NY. Generally these must be expanded by using an abbreviattardary, with any
ambiguities dealt with by the homonym disambiguation atpars discussed in the
next section.

Expansion of the other NSW types is generally deterministiiany expansions
are trivial; for exampleLSEQ expands to a sequence of words, one for each letter,
ASWD expands to itselfyum expands to a sequence of words representing the cardinal
number,NORD expands to a sequence of words representing the ordinalenanid
NDIG andNzIP both expand to a sequence of words, one for each digit.

Other types are slightly more complexyER expands to two pairs of digits, unless
the year ends i00, in which case the four years are pronounced as a cardingbe&um

Hunoreds (2000 astwo thousand ) or in the hundreds method (e.g., 1800 asighteen
hundred ). NTEL can be expanded just as a sequence of digits; alternatifielJast
four digits can be read gmired digits, in which each pair is read as an integer. It is

TRALNGUNIT  also possible to read them in a form knowrtradling unit , in which the digits are read
serially until the last nonzero digit, which is pronouncetdwed by the appropriate
unit (e.g.,876-5000aseight seven six five thousand ). The expansion of
NDATE, MONEY, andNTIME is left as exercises (8.1)-(8.4) for the reader.

Of course many of these expansions are dialect-specific. ustrAlian English,
the sequenc83 in a telephone number is generally redoluble three . Other
languages also present additional difficulties in nongdad word normalization. In
French or German, for example, in addition to the above fsoermalization may
depend on morphological properties. In French, the phta#ke (‘one girl’) is nor-
malized toune fille , but1l garcon(‘one boy’) is normalized taun garc®n
Similarly, in GermarHeinrich IV (‘Henry IV’) can be normalized tbleinrich der
Vierte ,Heinrich des Vierten ,Heinrich dem Vierten , orHeinrich
den Vierten depending on the grammatical case of the noun (Demberg)2006
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HOMOGRAPHS

(8.8)
(8.9)
(8.10)

8.1.3 Homograph Disambiguation

The goal of our NSW algorithms in the previous section wasdteanine which se-
quence of standard words to pronounce for each NSW. But soeetdetermining
how to pronounce even standard words is difficult. This igipalarly true forhomo-
graphs, which are words with the same spelling but different pranations. Here are
some examples of the English homograpks live, andbass

It's no use(/y uw s/)to ask to us€/y uw z/) the telephone.
Do you live(/l ih v/) near a zoo with livé/l ay v/) animals?
| prefer basg/b ae s/¥ishing to playing the baggb ey s/)guitar.

French homographs includis (which has two pronunciations [fis] ‘son’ versus
[fil] ‘thread]), or the multiple pronunciations fdier (‘proud’ or ‘to trust’), andest('is’
or ‘East’) (Divay and Vitale, 1997).

Luckily for the task of homograph disambiguation, the twonis of homographsin
English (as well as in similar languages like French and Gedlrtend to have different
parts of speech.For example, the two formsiséabove are (respectively) a noun and
a verb, while the two forms dive are (respectively) a verb and a noun. Fig. 8.5 shows
some interesting systematic relations between the praatime of some noun-verb
and adj-verb homographs.

Final voicing Stress shift -ate final vowel

N (s)

V (/z/) N (init. stress) V (fin. stress N/A (final /ax/)| V (final /ey/)

use
close
house

y uw s
klows

haws

yuw z || record rehl kaxrOd rixOkaolrd|| estimate| ehstihmaxt ehstihmeyt
klow z||insult| ihInsax0lt| ixOnsahllt| separate sehpaxraxi sehpaxreyt
haw z || object| aal bjehO k| ax0bjehl k1t moderat¢ maadaxrax{tmaadaxrey|t

Figu

re 8.5

Some systematic relationships between homographs: fimslooant (noun /s/ versus verb /z/),
stress shift (noun initial versus verb final stress), and finael weakening irate noun/adjs.

Indeed, Liberman and Church (1992) showed that many of th&t meguent ho-
mographs in 44 million words of AP newswire are disambighkgust by using part-
of-speech (the most frequent 15 homographs in ordeneeincrease close record,
house contract lead live, lives protest survey project separatepresentread).

Thus because knowledge of part-of-speech is sufficientdandbiguate many ho-
mographs, in practice we perform homograph disambigudtjostoring distinct pro-
nunciations for these homographs labeled by part-of-¢peew then running a part-
of-speech tagger to choose the pronunciation for a giveroigoaph in context.

There are a number of homographs, however, where both peatioms have the
same part-of-speech. We saw two pronunciationsbss(fish versus instrument)
above. Other examples of these incluelad (because there are two noun pronuncia-
tions, /l iy d/ (a leash or restraint) and /I eh d/ (a metal)l ¥&n also think of the task
of disambiguating certain abbreviations (mentioned easlfNSW disambiguation) as
homograph disambiguation. For examply, is ambiguous betweettoctor and
drive , andSt. betweenSaint or street . Finally, there are some words that dif-
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fer in capitalizations likepolishPolish, which are homographs only in situations like
sentence beginnings or all-capitalized text.

In practice, these latter classes of homographs that cdrensolved using part-
of-speech are often ignored in TTS systems. Alternatived/can attempt to resolve
them using the word sense disambiguation algorithms thatiwatroduce in Ch. 20,
like thedecision-listalgorithm of Yarowsky (1997).

8.2 PHONETIC ANALYSIS

The next stage in synthesis is to take the normalized wontigstfrom text analysis
and produce a pronunciation for each word. The most impbcamponent here is a
large pronunciation dictionary. Dictionaries alone tutn to be insufficient, because
running text always contains words that don’t appear in tlséahary. For example
Black et al. (1998) used a British English dictionary, the LMAlexicon on the first
section of the Penn Wall Street Journal Treebank. Of the 398itds (tokens) in this
section, 1775 word tokens (4.6%) were not in the dictionafryyhich 943 are unique
(i.e. 943 types). The distributions of these unseen wordriekvas as follows:

names unknown typos and other
1360 351 64
76.6% 19.8%  3.6%

Thus the two main areas where dictionaries need to be augohisrin dealing with
names and with other unknown words. We’'ll discuss dicti@sain the next section,
followed by names, and then turn to grapheme-to-phoneras fat dealing with other
unknown words.

8.2.1 Dictionary Lookup

Phonetic dictionaries were introduced in Se2of Ch. 8. One of the most widely-used
for TTS is the freely available CMU Pronouncing DictionaGMU, 1993), which has
pronunciations for about 120,000 words. The pronunciatam roughly phonemic,
from a 39-phone ARPAbet-derived phoneme set. Phonemisdrgations means that
instead of marking surface reductions like the reduced \@ye] or [ix], CMUdict
marks each vowel with a stress tag, O (unstressed), 1 (stfess 2 (secondary stress).
Thus (non-diphthong) vowels with 0 stress generally cqes to [ax] or [ix]. Most
words have only a single pronunciation, but about 8,000@ftbrds have two or even
three pronunciations, and so some kinds of phonetic reshgtire marked in these
pronunciations. The dictionary is not syllabified, althbuge nucleus is implicitly
marked by the (humbered) vowel. Fig. 8.6 shows some samgpleipciations.

The CMU dictionary was designed for speech recognitionerathan synthesis
uses; thus it does not specify which of the multiple pronations to use for synthesis,
does not mark syllable boundaries, and because it cagitatie dictionary headwords,
does not distinguish between e.gS andus (the formUShas the two pronunciations
[AH1 S]and [Y UW1 EH1 S].
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ANTECEDENTS AE2NTIHOSIYIDAHONTS PAKISTANI PAE2KIHOSTAELNIYO
CHANG CHAELNG TABLE TEY1BAHOL
DICTIONARY D IH1 K SH AHON EH2 R 1YO TROTSKY TRAALTSKIY2
DINNER D IH1 N ERO WALTER WAO1LTERO
LUNCH L AH1N CH WALTZING WAO1LTSIHONG
MCFARLAND MAHOKFAALRLAHOND WALTZING(2) W AOL1L SIHONG

Figure 8.6  Some sample pronunciations from the CMU Pronouncing Dietigp.

The 110,000 word UNISYN dictionary, freely available fosearch purposes, re-
solves many of these issues as it was designed specificalyfdthesis (Fitt, 2002).
UNISYN gives syllabifications, stress, and some morphaalgbioundaries. Further-
more, pronunciations in UNISYN can also be read off in any@fehs of dialects of
English, including General American, RP British, Austmatnd so on. The UNISYN
uses a slightly different phone set; here are some examples:

going: {g * ou}>ing >
antecedents: { * an .t i.s ii.dnt} s>
dictionary: {d » ik.sh @ .n"e . rii}

8.2.2 Names

As the error analysis above indicated, names are an imgasgure in speech synthe-
sis. The many types can be categorized into personal namstsiffimes and surnames),
geographical names (city, street, and other place nammesg@anmercial names (com-
pany and product names). For personal names alone, Spkf)(gives an estimate
from Donnelly and other household lists of about two millifferent surnames and
100,000 first names just for the United States. Two millioa isery large number; an
order of magnitude more than the entire size of the CMU dietig. For this reason,
most large-scale TTS systems include a large name prortiomcdictionary. As we
saw in Fig. 8.6 the CMU dictionary itself contains a wide egyiof names; in partic-
ular it includes the pronunciations of the most frequen080,surnames from an old
Bell Lab estimate of US personal name frequency, as wellG@0&jrst names.

How many names are sufficient? Liberman and Church (1992)dfdlat a dic-
tionary of 50,000 names covered 70% of the name tokens in #idmivords of AP
newswire. Interestingly, many of the remaining names (UpA@d3% of the tokens in
their corpus) could be accounted for by simple modificatiohthese 50,000 names.
For example, some name pronunciations can be created hygpsldiple stress-neutral
suffixes likes orville  to names in the 50,000, producing new names as follows:

walters = walter+s lucasville = lucas+ville abelson = abel+ son

Other pronunciations might be created by rhyme analogyelhave the pronunci-
ation for the namdrotsky but not the nam®lotsky we can replace the initial /tr/ from
Trotskywith initial /pl/ to derive a pronunciation fdPlotsky

Techniques such as this, including morphological decoitipas analogical for-
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GRAPHEME-TO-
PHONEME

LETTER-TO-SOUND

(8.11)
(8.12)

(8.13)

(8.14)

mation, and mapping unseen names to spelling variantdglieahe dictionary (Fack-
rell and Skut, 2004), have achieved some success in namarmiation. In general,
however, name pronunciation is still difficult. Many modeaystems deal with un-
known names via the grapheme-to-phoneme methods desaritiedinext section, of-
ten by building two predictive systems, one for names andeneon-names. Spiegel
(2003, 2002) summarizes many more iSSues in proper namepcation.

8.2.3 Grapheme-to-Phoneme

Once we have expanded non-standard words and looked them &lla pronuncia-
tion dictionary, we need to pronounce the remaining, unknewrds. The process
of converting a sequence of letters into a sequence of phisradledgrapheme-to-
phonemeconversion, sometimes shorteng?p. The job of a grapheme-to-phoneme
algorithm is thus to convert a letter string likakeinto a phone string likfK EY K] .

The earliest algorithms for grapheme-to-phoneme corwexgere rules written by
hand using the Chomsky-Halle phonological rewrite rulexfat of Eq.?? in Ch. 7.
These are often callel@tter-to-sound or LTS rules, and they are still used in some
systems. LTS rules are applied in order, with later (defaules only applying if the
context for earlier rules are not applicable. A simple p&irubes for pronouncing the
letterc might be as follows:

¢ — [kK]/ — {a,0}V  ;context-dependent
c — [s] ; context-independent

Actual rules must be much more complicated (for exanplman also be pro-
nounced [ch] incello or concertd. Even more complex are rules for assigning stress,
which are famously difficult for English. Consider just onfetloe many stress rules
from Allen et al. (1987), where the symh¥lIrepresents all possible syllable onsets:

V — [+stress] X _C* {VghortC CAV} {VghortC* IV}
This rule represents the following two situations:

1. Assign 1-stress to the vowel in a syllable preceding a wgbdble followed by a morpheme-

final syllable containing a short vowel and 0 or more constméng.difficult)

2. Assign 1-stress to the vowel in a syllable preceding a wgh&ble followed by a morpheme-

final vowel (e.g.oregang

While some modern systems still use such complex handenritiles, most sys-
tems achieve higher accuracy by relying instead on auteroaiemi-automatic meth-
ods based on machine learning. This modern probabilisticlggme-to-phoneme prob-
lem was first formalized by Lucassen and Mercer (1984). Gavéztter sequenck,
we are searching for the most probable phone sequénce

P = argma®(P|L)
P

The probabilistic method assumes a training set and a tesbath sets are lists of
words from a dictionary, with a spelling and a pronunciafieneach word. The next
subsections show how the poputhecision treemodel for estimating this probability
P(P|L) can be trained and applied to produce the pronunciationrfamseen word.
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Finding a letter-to-phone alignment for the training set

Most letter-to-phone algorithms assume that we haval@mmment, which tells us
which phones align with each letter. We’'ll need this aligmif@r each word in the
training set. Some letters might align to multiple phoneg.(& often aligns tdk s),
while other letters might align with no phones at all, like final letter ofcakein the
following alignment:

L: ¢c a ke

I

P: K EY K¢

One method for finding such a letter-to-phone alignment & gami-automatic
method of (Black et al., 1998). Their algorithm is semi-am&tic because it relies
on a hand-written list of thallowable phones that can realize each letter. Here are
allowables lists for the lettersande:

c:k ch s sh ts ¢
e:ih iy er ax ah eh ey uw ay ow y-uw oy aa €

In order to produce an alignment for each word in the trairsagy we take this
allowables list for all the letters, and for each word in tharting set, we find all
alignments between the pronunciation and the spellingdtiatorm to the allowables
list. From this large list of alignments, we compute, by sunmgrover all alignments
for all words, the total count for each letter being alignedech phone (or multi-
phone orfe). From these counts we can normalize to get for each pppaerd letter
a probabilityP(pil;):

Ly countpi,lj)
P(pillj) = “countl;)

We can now take these probabilities and realign the lettethe phones, using
the Viterbi algorithm to produce the best (Viterbi) alignméor each word, where
the probability of each alignment is just the product of h# individual phone/letter
alignments.

In this way we can produce a single good alignmé&far each particular paiiP, L)
in our training set.

Choosing the best phone string for the test set

Given a new wordv, we now need to map its letters into a phone string. To do this,
we'll first train a machine learning classifier, like a degistree, on the aligned training
set. The job of the classifier will be to look at a letter of therd/and generate the most
probable phone.

What features should we use in this decision tree besideditived lettet; itself?
Obviously we can do a better job of predicting the phone if weklat a window
of surrounding letters; for example consider the letterin the wordcat, thea is
pronounceéAE. But in our wordcake a is pronouncedtY, because&akehas a finak;
thus knowing whether there is a finals a useful feature. Typically we look at thke
previous letters and thefollowing letters.

Another useful feature would be the correct identity of thevpus phone. Know-
ing this would allow us to get some phonotactic informatimeiour probability model.
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Of course, we can't know the true identity of the previousmddut we can approxi-
mate this by looking at the previous phone that was predizyeslir model. In order to
do this, we’ll need to run our decision tree left to right, geating phones one by one.

In summary, in the most common decision tree model, the fiibtysof each phone
pi is estimated from a window dfprevious andk following letters, as well as the most
recentk phones that were previously produced.

Fig. 8.7 shows a sketch of this left-to-right process, iatlitg the features that a
decision tree would use to decide the letter correspondiribé letters in the word
Jurafsky As this figure indicates, we can integrate stress predigtito phone pre-
diction by augmenting our set of phones with stress infoimmat\We can do this by
having two copies of each vowel (e.@\E andAEL), or possibly even the three levels
of stressAEQ, AE1, andAE2, that we saw in the CMU lexicon. We’'ll also want to add
other features into the decision tree, including the p&gpeech tag of the word (most
part-of-speech taggers provide an estimate of the paspeéch tag even for unknown
words) and facts such as whether the previous vowel wasstes

In addition, grapheme-to-phoneme decision trees can atdode other more so-
phisticated features. For example, we can use classesarslétorresponding roughly
to consonants, vowels, liquids, and so on). In additionsfane languages, we need to
know features about the following word. For example Freraechdaphenomenon called

LIAISON liaison, in which the realization of the final phone of some words deiseon whether
there is a next word, and whether it starts with a consonaatwamwel. For example
the French worgix can be pronounced [sis] (jfen veux six| want six’), [siz] (six
enfantssix children’), [si] (six filles'six girls’).

Finally, most synthesis systems build two separate grapkteaphoneme decision
trees, one for unknown personal names and one for other wrkn@rds. For pro-
nouncing personal names it turns out to be helpful to usetiaddi features that in-
dicate which foreign language the names originally comenfr&uch features could
be the output of a foreign-language classifier based o lttguences (different lan-
guages have characteristic letiéigram sequences).

The decision tree is a conditional classifier, computinggheneme string that
has the highest conditional probability given the grapheeguence. More recent
grapheme-to-phoneme conversion makes use of a joint fidessi which the hidden
state is a combination of phone and grapheme callgchphone see the end of the
chapter for references.

8.3 PROSODICANALYSIS

prosoy  The final stage of linguistic analysis is prosodic analysigoetry, the worgrosody
refers to the study of the metrical structure of verse. Igdistics and language pro-
cessing, however, we use the tepnosody to mean the study of the intonational and
rhythmic aspects of language. More technically, prosody iteen defined by Ladd
(1996) as the ‘use of suprasegmental features to convesrsmtevel pragmatic mean-
SUPRASEGMENTAL ings’. The termsuprasegmentaimeans above and beyond the level of the segment or
phone, and refers especially to the uses of acoustic featieeFO duration, and
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PROSODIC
PHRASING

INTONATION
PHRASES

INTERMEDIATE
PHRASE

l#|#|alulrlalfls|k|y|#|#]}¢

LANG=Russian
POS=NNP

Pi3 Pi2 Pi-1

33 JH | _ |AXR|AE1| F | ? 2

Figure 8.7 The process of converting graphemes to phonemes, shovaneftiio-right
process making a decision for the letseilhe features used by the decision tree are shqwn
in blue. We have shown the context wind&w= 3; in real TTS systems the window size
is likely to be 5 or even larger.

energyindependently of the phone string.

By sentence-level pragmatic meaningLadd is referring to a number of kinds
of meaning that have to do with the relation between a seatand its discourse
or external context. For example, prosody can be used to disckurse structure
or function, like the difference between statements and questionfieoway that a
conversation is structured into segments or subdialogssdely is also used to mark
saliency, such as indicating that a particular word or phrase is igmior salient. Fi-
nally, prosody is heavily used for affective and emotionahming, such as expressing
happiness, surprise, or anger.

In the next sections we will introduce the three aspectsagquly, each of which is
important for speech synthesigtosodic prominence prosodic structure andtune.
Prosodic analysis generally proceeds in two parts. Firstc@mpute an abstract repre-
sentation of the prosodic prominence, structure and tutiesotext. For unit selection
synthesis, this is all we need to do in the text analysis carapt For diphone and
HMM synthesis, we have one further step, which is to prediication andFO0 values
from these prosodic structures.

8.3.1 Prosodic Structure

Spoken sentences have prosodic structure in the sensethatvgords seem to group
naturally together and some words seem to have a noticesdsé& br disjuncture be-
tween them. Often prosodic structure is described in terimsrasodic phrasing
meaning that an utterance has a prosodic phrase structargrnmilar way to it having
a syntactic phrase structure. For example, in the sentemaeted to go to London, but
could only get tickets for Franabere seems to be two mdimonation phrases their
boundary occurring at the comma. Furthermore, in the firsagdy there seems to be
another set of lesser prosodic phrase boundaries (oftatdalermediate phrases)
that split up the words as followtsvanted| to go| to London

Prosodic phrasing has many implications for speech syistitag final vowel of a
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PROMINENT

phrase is longer than usual, we often insert a pause aftet@mation phrases, and, as
we will discuss in Sec. 8.3.6, there is often a slight dropGrflem the beginning of an
intonation phrase to its end, which resets at the beginrfiagh@w intonation phrase.

Practical phrase boundary prediction is generally treaged binary classification
task, where we are given a word and we have to decide whetinet tw put a prosodic
boundary after it. A simple model for boundary prediction & based on determinis-
tic rules. A very high-precisionrule is the one we saw forteane segmentation: insert
a boundary after punctuation. Another commonly used rideriis a phrase boundary
before a function word following a content word.

More sophisticated models are based on machine learnisgifides. To create
a training set for classifiers, we first choose a corpus, aed thark every prosodic
boundaries in the corpus. One way to do this prosodic boynldaeling is to use
an intonational model like ToBI or Tilt (see Sec. 8.3.4), didmuman labelers listen to
speech and label the transcript with the boundary eventsatefiy the theory. Because
prosodic labeling is extremely time-consuming, howeveexa-only alternative is of-
ten used. In this method, a human labeler looks only at theofetke training corpus,
ignoring the speech. The labeler marks any juncture betweeds where they feel a
prosodic boundary might legitimately occur if the utterameere spoken.

Given a labeled training corpus, we can train a decisiondregther classifier to
make a binary (boundary vs. no boundary) decision at evertjue between words
(Wang and Hirschberg, 1992; Ostendorf and Veilleux, 1994jar and Black, 1998).

Features that are commonly used in classification include:

e Length features phrases tend to be of roughly equal length, and so we can
use various feature that hint at phrase length (Bachenkd-amglatrick, 1990;
Grosjean et al., 1979; Gee and Grosjean, 1983).

— The total number of words and syllables in utterance

— The distance of the juncture from the beginning and end o$éiméence (in
words or syllables)

— The distance in words from the last punctuation mark

e Neighboring part-of-speech and punctuation

— The part-of-speech tags for a window of words around thetjusc Gen-
erally the two words before and after the juncture are used.

— The type of following punctuation

There is also a correlation between prosodic structure lamslyntactic structure
that will be introduced in Ch. 12, Ch. 13, and Ch. 14 (Priceletl®91). Thus robust
parsers like Collins (1997) can be used to label the senteithaough syntactic in-
formation, from which we can extract syntactic featurehsagthe size of the biggest
syntactic phrase that ends with this word (Ostendorf anteved, 1994; Koehn et al.,
2000).

8.3.2 Prosodic prominence

In any spoken utterance, some words sound rpooeninent than others. Prominent
words are perceptually more salient to the listener; spsakake a word more salient
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PITCH ACCENT
BEAR

(8.16)

NUCLEAR ACCENT

(8.17)

in English by saying it louder, saying it slower (so it has ader duration), or by
varying FO during the word, making it higher or more variable

We generally capture the core notion of prominence by aatingi a linguistic
marker with prominent words, a marker callgitch accent Words which are promi-
nent are said tbear (be associated with) a pitch accent. Pitch accent is thusptre
phonological description of a word in context in a spokeenaihce.

Pitch accent is related siress which we discussed in Ch. 7. The stressed syllable
of a word is where pitch accent is realized. In other words, #peaker decides to
highlight a word by giving it a pitch accent, the accent wiipgar on the stressed
syllable of the word.

The following example shows accented words in capital igtte@ith the stressed
syllable bearing the accent (the louder, longer, syllaii&pldface:

I’'m alittle SURPRISED to hear tCHARACTERIZED as UBEAT.

Note that the function words tend not to bear pitch accenitemhost of the content
words are accented. This is a special case of the more génetrtidat very informative
words (content words, and especially those that are new expetted) tend to bear
accent (Ladd, 1996; Bolinger, 1972).

We've talked so far as if we only need to make a binary disitimcbetween ac-
cented and unaccented words. In fact we generally need te make fine-grained
distinctions. For example the last accent in a phrase giyégerceived as being
more prominent than the other accents. This prominent tzsrd is called theu-
clear accent Emphatic accents like nuclear accent are generally usesefoantic
purposes, for example to indicate that a word is semantic focusof the sentence
(see Ch. 21) or that a word is contrastive or otherwise ingmbtin some way. Such
emphatic words are the kind that are often written IN CAPITRETTERS or with
*STARS** around them in SMS or email olice in Wonderlanghere’s an example
from the latter:

‘I know SOMETHING interesting is sure to happen, she saiti¢oself,

Another way that accent can be more complex than just birsaityeit some words
can beessprominent than usual. We introduced in Ch. 7 the idea thattfan words
are often phonetically vemeduced

A final complication is that accents can differ accordingiettine associated with
them; for example accents with particularly high pitch halfferent functions than
those with particularly low pitch; we’ll see how this is madel@ in the ToBI model in
Sec. 8.3.4.

Ignoring tune for the moment, we can summarize by sayinggpeéch synthesis
systems can use as many as four levels of prominamophatic accent pitch accent,
unaccented andreduced In practice, however, many implemented systems make do
with a subset of only two or three of these levels.

Let's see how a 2-level system would work. With two-levelgcipaccent predic-
tion is a binary classification task, where we are given a veord we have to decide
whether it is accented or not.

Since content words are very often accented, and functiodsvare very rarely
accented, the simplest accent prediction system is justderd all content words and
no function words. In most cases better models are necessary



18

Chapter 8. Speech Synthesis

TF*IDF

(8.18)

ACCENT RATIO

CLASH
LAPSE

In principle accent prediction requires sophisticated a®ia knowledge, for ex-
ample to understand if a word is new or old in the discoursesthdr it is being used
contrastively, and how much new information a word contalitesly models made use
of sophisticated linguistic models of all of this informati (Hirschberg, 1993). But
Hirschberg and others showed better prediction by usinglsinmobust features that
correlate with these sophisticated semantics.

For example, the fact that new or unpredictable informat@ds to be accented
can be modeled by using robust features lkgrams or TF*IDF (Pan and Hirschberg,
2000; Pan and McKeown, 1999). The unigram probability of ada®(w;) and its
bigram probabilityP(w;|wi_1), both correlate with accent; the more probable a word,
the less likely it is to be accented. Similarly, an informatiretrieval measure known as
TF*IDF (Term-Frequency/Inverse-DocumentFrequency; see Clis 23)seful accent
predictor. TF*IDF captures the semantic importance of adioa particular document
d, by downgrading words that tend to appear in lots of diffecuments in some
large background corpus with documents. There are various versions of TF*IDF;
one version can be expressed formally as follows, assubgs the frequency ol
in the documendl, andk is the total number of documents in the corpus that contain

TF*IDF (W) = Nwx Iog(%)

For words which have been seen enough times in a traininghsedccent ratio
feature can be used, which models a word’s individual proibabf being accented.
The accent ratio of a word is equal to the estimated proliglofithe word being ac-
cented if this probability is significantly different from3) and equal to 0.5 otherwise.
More formally,

k .
. N if B(k,N,0.5) <0.05
AccentRation) = { 3.5 otherv(vise !

whereN is the total number of times the wowdoccurred in the training sekis the
number of times it was accented, aB(k,n,0.5) is the probability (under a binomial
distribution) that there adesuccesses intrials if the probability of success and failure
is equal (Nenkova et al., 2007; Yuan et al., 2005).

Features like part-of-speedi;grams, TF*IDF, and accent ratio can then be com-
bined in a decision tree to predict accents. While thesestdieatures work relatively
well, a number of problems in accent prediction still renthia subject of research.

For example, it is difficult to predict which of the two wordsaild be accented
in adjective-noun or noun-noun compounds. Some regwarito exist; for example
adjective-noun combinations likeew truckare likely to have accent on the right word
(new TRUCK, while noun-noun compounds likeEREE surgeomre likely to have ac-
cent on the left. But the many exceptions to these rules metena prediction in noun
compounds quite complex. For example the noun-noun compABR®LE cakehas
the accent on the first word while the noun-noun compogle PIEor city HALL
both have the accent on the second word (Liberman and SA@@2, Sproat, 1994,
1998a).

Another complication has to do with rhythm; in general sggakavoid putting
accents too close together (a phenomenon knowelass) or too far apart lapse.
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TUNE

QUESTION RISE
FINAL FALL

Thuscity HALL andPARKING lotcombine a<CITY hall PARKING lowvith the accent
on HALL shifting forward toCITY to avoid the clash with the accent ®\RKING
(Liberman and Prince, 1977),

Some of these rhythmic constraints can be modeled by usirghine learning
techniques that are more appropriate for sequence modelihgs can be done by
running a decision tree classifier left to right through ateece, and using the output
of the previous word as a feature, or by using more sophtsticenachine learning
models like Conditional Random Fields (CRFs) (Gregory atidiA 2004).

8.3.3 Tune

Two utterances with the same prominence and phrasing psitan still differ prosod-
ically by having differentunes Thetune of an utterance is the rise and fall of its
FO over time. A very obvious example of tune is the differeheeveen statements
and yes-no questions in English. The same sentence candbwittai final rise in FO
to indicate a yes-no-question, or a final fall in FO to indécatdeclarative intonation.
Fig. 8.8 shows the FO track of the same words spoken as a ou@stia statement.
Note that the question rises at the end,; this is often callggestion rise The falling
intonation of the statement is calledimaal fall .

250

you

Pitch (Hz)

mean

mean

Pitch (Hz)

you know what

0.922 0 0.912
Time (s) Time (s)

Figure 8.8 The same text read as the statemémi know what | mear{on the left) and as a questidiou know
what | mean?on the right). Notice that yes-no-question intonation mglsh has a sharp final rise in FO.

CONTINUATION RISE

It turns out that English makes very wide use of tune to expmesaning. Besides
this well known rise for yes-no questions, an English phcasgaining a list of nouns
separated by commas often has a short rise caltexhinuation rise after each noun.
English also has characteristic contours to express atioti@n, to express surprise,
and many more.

The mapping between meaning and tune in English is extrectyplex, and
linguistic theories of intonation like ToBl have only begtmdevelop sophisticated
models of this mapping.

In practice, therefore, most synthesis systems just distit two or three tunes,
such as theontinuation rise (at commas), thguestion rise(at question mark if the
question is a yes-no question), anfiral fall otherwise.

8.3.4 More sophisticated models: ToBI

While current synthesis systems generally use simple rsadfgdrosody like the ones
discussed above, recent research focuses on the develophmeuch more sophisti-
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TOBI

BOUNDARY TONES

BREAK INDEX

TIERS

cated models. We'll very briefly discuss tleBI, andTilt models here.

ToBI

One of the most widely used linguistic models of prosody &TibBI (Tone and Break
Indices) model (Silverman et al., 1992; Beckman and Hirecplll 994; Pierrehumbert,
1980; Pitrelli et al., 1994). ToBlI is a phonological theofyirtonation which models
prominence, tune, and boundaries. ToBI's model of promirernd tunes is based on
the 5pitch accentsand 4boundary tonesshown in Fig. 8.9.

Pitch Accents Boundary Tones

H* peak accent || L-L% “final fall”: “declarative contour” of American Ent
glish”

L* low accent L-H% continuation rise

L*+H scooped accent| H-H% | “question rise”: cantonical yes-no question con-
tour

L+H* rising peak accent H-L% final level plateau (plateau because H- causes ['up-
step” of following)

H+!IH* step down

Figure 8.9 The accent and boundary tones labels from the ToBI trartgmmigystem
for American English intonation (Beckman and Ayers, 199@cBnan and Hirschberg

1994).

An utterance in ToBI consists of a sequence of intonatiohedges, each of which
ends in one of the fousoundary tones The boundary tones are used to represent the
utterance final aspects of tune discussed in Sec. 8.3.3.vizmchin the utterances can
optionally be associated with one of the five types of pitateats.

Each intonational phrase consists of one or miatermediate phrase These
phrases can also be marked with kinds of boundary tone,dimduthe%H high ini-
tial boundary tone, which is used to mark a phrase which isiquéarly high in the
speakers’ pitch range, as well as final phrase acdg¢ngndL-.

In addition to accents and boundary tones, ToBI distingegdgbur levels of phras-
ing, which are labeled on a separateak index tier. The largest levels of phrasing
are the intonational phrase (break indbxand the intermediate phrase (break index
3), and were discussed above. Break in@dg used to mark a disjuncture or pause
between words that is smaller than an intermediate phrdsiée vis used for normal
phrase-medial word boundaries.

Fig. 8.10 shows the tone, orthographic, and phrasarg of a ToBI transcription,
using thepraat program. We see the same sentence read with two differemiation
patterns. In (a), the worlllariannais spoken with a high H* accent, and the sentence
has the declarative boundary tone L-L%. In (b), the whbtariannais spoken with
a low L* accent and the yes-no question boundary tone H-H%e @ual of ToBl is
to express different meanings to the different type of atscefhus, for example, the
L* accent adds a meaning sfirpriseto the sentence (i.e., with a connotation like ‘Are
you really saying it was Marianna?’). (Hirschberg and Rieumbert, 1986; Steedman,
2003).
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i — e
H N
T I
H* L-L L* H-H
| | | |
<BIU> marianna made [the marmalade <siL> marianna made |[the| marmalade
T
1 11 4 1 11 4
| [ | | [ |
1.3 0 1.49

Time (s) Time (s)

Figure 8.10 The same sentence read by Mary Beckman with two differeahatton patterns and transcrib
in ToBI. (a) shows an H* accent and the typical American Estgtieclarative final fall L-L%. (b) shows the L
accent, with the typical American English yes-no questisa H-H%.

*

TILT

ToBI models have been proposed for many languages, sucle dStBBI system
for Japanese (Venditti, 2005); see Jun (2005).

Other Intonation models

The Tilt model (Taylor, 2000) resembles ToBI in using sequences tohational

events like accents and boundary tones. But Tilt does notTaBd-style discrete
phonemic classes for accents. Instead, each event is nddoleleontinuous param-
eters that represent the FO shape of the accent.

’
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Figure 8.11 Schematic view of events in the Tilt model (Taylor, 2000). cEaitch
accent &) and boundary tonebj is aligned with a syllable nuclewss

Instead of giving each event a category label, as in ToBh &étprosodic eventis
characterized by a set of three acoustic parameters: taéialurthe amplitude, and the
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TILT

(8.19)

tilt parameter. These acoustic parameters are trained on aseeiizh has been hand-
labeled for pitch accentsa) and boundary tones). The human labeling specifies
the syllable which bears the accent or tone; the acousteEnpaters are then trained
automatically from the wavefile. Fig. 8.11 shows a sample @fltarepresentation.
Each accent in Tilt is viewed as having a (possibly z&igg componentup to peak,
followed by a (possible zerdnll component. An automatic accent detector finds
the start, peak, and end point of each accent in the wavefigghwdetermines the
duration and amplitude of the rise and fall components. ilthgerameter is an abstract
description of the FO slope of an event, calculated by comgahe relative sizes of
the rise and fall for an event. A tilt value of 1.0 indicatesser tilt of -1.0 a fall, 0
equal rise and fall, -0.5 is an accent with a rise and a laajkrand so on:

ti|tamp+ t”tdur

2
|Arisel — |Afalll , Drise— Dsall
|Arisel T |Afalll  Drise Drall

See the end of the chapter for pointers to a wide variety adratttonational mod-
els.

tilt =

8.3.5 Computing duration from prosodic labels

The results of the text analysis processes described s farstring of phonemes,
annotated with words, with pitch accent marked on relevaoride; and appropriate
boundary tones marked. For thait selectionsynthesis approaches that we will de-
scribe in Sec. 8.5, this is a sufficient output from the textigsis component.

Fordiphone synthesis, as well as other approaches like formant syisthves also
need to specify thduration and theF0 values of each segment.

Phones vary quite a bit in duration. Some of the durationhigiiant to the identity
of the phone itself. Vowels, for example, are generally miactger than consonants;
in the Switchboard corpus of telephone speech, the phohayasages 118 millisec-
onds, while [d] averages 68 milliseconds. But phone dunasoalso affected by a
wide variety of contextual factors, which can be modeleddlg-based or statistical
methods.

The most well-known of the rule-based methods is the methddlait (1979),
which uses rules to model how the the average or ‘contextraléduration of a phone
dis lengthened or shortened by context, while staying aboveenum duratiort,in.
Each rule is associated with a duration multiplicative dacsome examples:

Prepasual Lengthening The vowel or syllabic consonant in the syllable before aspais
lengthened by 1.4.

Non-phrase-final Shortening: Segments which are not phrase-final are shortened by 0.6.
Phrase-final postvocalic liquids and nasals are lengthepdd4.

Unstressed ShorteningUnstressed segments are more compressible, so their rmmduata-
tion dyyip is halved, and are shortened by .7 for most phone types.

Lengthening for Accent: A vowel which bears accent is lengthened by 1.4
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Shortening in Clusters: A consonant followed by a consonant is shortened by 0.5.
Pre-voiceless shorteningVowels are shortened before a voiceless plosive by 0.7
Given the set of factor weightsf, the Klatt formula for the duration of a phone
is:
N _
(8.20) d = dpjn + r!fi x (d—dmin)

i=

SUM-OF-PRODUCTS

TARGET POINTS

PITCH RANGE

BASELINE
FREQUENCY

TOPLINE
REFERENCE LINE

ALIGNMENT

More recent machine-learning systems use the Klatt harittewrules as the basis
for defining features, for example using features such afotlosving:

¢ identity of the left and right context phone

¢ lexical stress and accent values of current phone
e position in syllable, word, phrase

o following pause

We can then train machine learning classifiers like decisieas or thesum-of-
products model (van Santen, 1994, 1997, 1998), to combine the feataggredict the
final duration of the segment.

8.3.6 Computing FO from prosodic labels

For diphone, articulatory, HMM, and formant synthesis waaleed to specify the FO
values of each segment. For the tone sequence models likeoTdit, this FO gener-
ation can be done by specifying Eérget points for each pitch accent and boundary
tone; the FO contour for the whole sentence can be createdtéspolating among
these targets (Anderson et al., 1984).

In order to specify a target point we need to describe wha {the FO value)
and when it occurs (the exact time at which this peak or troaggurs in the sylla-
ble). The FO values of the target points are generally natiipd in absolute terms of
Hertz. Instead, they are defined relativgttch range. A speaker’itch range is the
range between the lowest frequency they use in a partictitrance (théaseline fre-
quency) and the the highest frequency in the utterance fgpéne). In some models,
target points are specified relative to a line in betweeredatereference line

For example, we might write a rule specifying that the vergibeing of an utter-
ance have a target point of 50% (halfway between the basefidetopline). In the
rule-based system of Jilka et al. (1999) the target poiréufod* accent is at 100% (the
topline) and for an L* accent at 0% (at the baseline). L+H*eads have two target
points, at 20% and 100%. Final boundary tones H-H% and L-Lé&eatra-high and
extra-low at 120% and -20% respectively.

Second, we must also specify exactly where in the accentéabkgythe targets
apply; this is known as acceafignment. In the rule-based system of Jilka et al.
(1999), again, H* accents are aligned 60% of the way throhghvbiced part of the
accent syllable (although IP-initial accents are alignetiewhat later in the syllable,
while IP-final accents are aligned somewhat earlier).

Instead of writing these rules by hand, the mapping fromhpiétccent sequence
to FO value may be learned automatically. For example BlackHunt (1996) used
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DECLINATION

DOWNSTEP

linear regression to assign target values to each syll&bleeach syllable with a pitch
accent or boundary tone, they predicted three target vatudbe beginning, middle,
and end of the syllable. They trained three separate liregaession models, one for
each of the three positions in the syllable. Features irclud

e accent type on the current syllable as well as two previoustan following
syllables

lexical stress of this syllable and surrounding syllables

e number of syllables to start of phrase and to end of phrase

e number of accented syllables to end of phrase

Such machine learning models require a training set thathisléd for accent; a
number of such prosodically-labeled corpora exist, algjtoit is not clear how well
these models generalize to unseen corpora.

Finally, FO computation models must model the fact thattptends to decline
through a sentence; this subtle drop in pitch across aramiteris calledleclination;
an example is shown in Fig. 8.12.

400

Pitch (Hz)
/
f

=
o
o

1.81392

o

Time (s)

Figure 8.12 FO declination in the sentence ‘I was pretty goofy for abogrity-four
hours afterwards’.

The exact nature of declination is a subject of much reseémctome models, it
is treated by allowing the baseline (or both baseline andita) to decrease slowly
over the utterance. In ToBI-like models, this downdrift i i modeled by two sepa-
rate components; in addition to declination, certain higies are marked as carrying
downstep Each downstepped high accent causes the pitch range tonpEressed,
resulting in a lowered topline for each such accent.

8.3.7 Final result of text analysis: Internal Representan

The final output of text analysis is what we called theernal representation of the
input text sentence. For unit selection synthesis, thenateepresentation can be as
simple as a phone string together with indications of prasbdundaries and promi-
nent syllables, as shown in Fig. 8.1. For diphone synthasig#l as non-concatenative
synthesis algorithms the internal representation mustiatdude a duration and an FO
value for each phone.

Fig. 8.13 shows some sample TTS output from the FESTIVAL¢BIet al., 1999)
diphone speech synthesis system for the sentBucgou really want to see all of
it?. This output, together with the FO values shown in Fig. 8. bl be the input
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to thewaveform synthesiscomponent described in Sec. 8.4. The durations here are
computed by a CART-style decision tree (Riley, 1992).

H* L* L- H%
do you really want to see all of it
d uw| y|uw| r|ih| Il|iy |w|laa n| t| tlax| sliy |ao | |ah v| ih|t
110| 110 50| 50 | 75| 64 57‘ 82|57 S(j 72| 41| 43| 47| 54| 130| 76| 90|44| 62 46‘ 220

Figure 8.13 Output of the FESTIVAL (Black et al., 1999) generator for Hentencéo you really want to see
all of it?, together with the FO contour shown in Fig. 8.14. Figure kisaio Paul Taylor.

H%
H*
L+ b
do you really want to see all of it
Figure 8.14 The FO contour for the sample sentence generated by |[the
FESTIVAL synthesis system in Fig. 8.13, thanks to Paul Taylo

As was suggested above, determining the proper prosodarpdbr a sentence is
difficult, as real-world knowledge and semantic informatis needed to know which
syllables to accent, and which tune to apply. This sort afrimfation is difficult to ex-
tract from the text and hence prosody modules often aim tdysre a “neutral declara-
tive” version of the input text, which assume the sentenoelshbe spoken in a default
way with no reference to discourse history or real-worldseThis is one of the main
reasons why intonation in TTS often sounds “wooden”.

8.4 DIPHONE WAVEFORM SYNTHESIS

We are now ready to see how the internal representation camribed into a wave-
form. We will present two kinds ofoncatentativesynthesis:diphone synthesisin
this section, andnit selection synthesisn the next section.

Recall that for diphone synthesis, our internal represiemiés as shown in Fig. 8.13
and Fig. 8.14, consisting of a list of phones, each phonecgged with a duration and
a set of FO targets.

The diphone concatenative synthesis model generates domaeom a sequence
of phones by selecting and concatenating units from a poetdled database dafi-

orHones  phones A diphone is a phone-like unit going from roughly the middfeone phone to
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the middle of the following phone. Diphone concatenativetBgsis can be character-
ized by the following steps:

Training:
1. Record a single speaker saying an example of each diphone.

2. Cut each diphone out from the speech and store all diptinreediphone
database.

Synthesis:

1. Take from the database a sequence of diphones that condspo the
desired phone sequence.

2. Concatenate the diphones, doing some slight signal gsowgat the bound-
aries

3. Use signal processing to change the prosody (fO, dupaiotme diphone
sequence to the desired prosody.

We tend to use diphones rather than phones for concatesgtitieesis because of
coarmicutaion  the phenomenon afoarticulation. In Ch. 7 we definedoarticulation as the move-
ment of articulators to anticipate the next sound, or pensging movement from the
last sound. Because of coarticulation, each phone diffeghtly depending on the
previous and following phone. This if we just concatenateoes together, we would
have very large discontinuities at the boundaries.

In a diphone, we model this coarticulation by including thensition to the next
phone inside the unit. The diphone [w-eh], for example,udek the transition from
the [w] phone to the [eh] phone. Because a diphone is defimeal tihe middle of one
phone to the middle of the next, when we concatenate the degshave are concate-
nating the middle of phones, and the middle of phones tend teds influenced by the
context. Fig.?? shows the intuition that the beginning and end of the vowte] feave
much more movement than the center.

Time (s)

Figure 8.15 The vowel [eh] in different surrounding contexts, in the d®wedand
Ben Notice the differences in the second formants (F2) at thygnbéng and end of the
[eh], but the relatively steady state portion in the middléha blue line.
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VOICE TALENT
VOICE

CARRIER PHRASE

8.4.1 Building a diphone database

There are six steps in building a diphone database:

1. Create aiphone inventory

Recruit a speaker

Create a text for the speaker to read for each diphone
Record the speaker reading each diphone

Segment, label, and pitch-mark the diphones

Excise the diphones

ok wN

What is the inventory of diphones that we need for a system/® lfiave 43 phones
(like the AT&T diphone system of Olive et al. (1998)), theme @3 = 1849 hypo-
thetically possible diphone combinations. Not all of thdg#ones can actually occur.
For example, the rules of Engligihonotacticsrules out some combinations; phones
like [h], [y], and [w] can only occur before vowels. In additi, some diphone systems
don't bother storing diphones if there is no possible coatition between the phones,
such as across the silence between successive voicelpss $toe 43-phone system
of Olive et al. (1998) thus has only 1162 diphones rather tharL849 hypothetically
possible set.

Next we recruit our speaker, often calledace talent The database of diphones
for this speaker is calledwice commercial systems often have multiple voices, such
as one male and one female voice.

We'll now create a text for the voice talent to say, and reaadh diphone. The
most important thing in recording diphones is to keep therocesistent as possible;
if possible, they should have constant pitch, energy, amdtaun, so they are easy to
paste together without noticeable breaks. We do this byosimg each diphone to be
recorded in aarrier phrase. By putting the diphone in the middle of other phones,
we keep utterance-final lengthening or initial phone efféam making any diphone
louder or quieter than the others. We’'ll need differentieamphrases for consonant-
vowel, vowel-consonant, phone-silence, and silence-plsequences. For example, a
consonant vowel sequence like [b aa] or [b ae] could be endzkblddtween the sylla-
bles [t aa] and [m aa]:

pause t aa b aa m aa pause
pause t aa b ae m aa pause
pause t aa b eh m aa pause

If we have an earlier synthesizer voice lying around, we Ihsuge that voice to
read the prompts out loud, and have our voice talent repéat e prompts. This
is another way to keep the pronunciation of each diphoneistems. It is also very
important to use a a high quality microphone and a quiet roonbetter, a studio
sound booth.

Once we have recorded the speech, we need to label and setfpménd phones
that make up each diphone. This is usually done by runningeacéprecognizer in
forced alignment mode In forced alignment mode, a speech recognition is told ex-
actly what the phone sequence is; its job is just to find thetephone boundaries
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in the waveform. Speech recognizers are not completelyrateat finding phone
boundaries, and so usually the automatic phone segmenisiti@nd-corrected.

We now have the two phones (for example [b aa]) with handeobed boundaries.
There are two ways we can create the /b-aa/ diphone for thbasg. One method is to
use rules to decide how far into the phone to place the diphonredary. For example,
for stops, we put place the diphone boundary 30% of the wayth@ phone. For most
other phones, we place the diphone boundary 50% into thegohon

A more sophisticated way to find diphone boundaries is toesthe entire two
phones, and wait to excise the diphones until we are know phabe we are about

opTMALCOUPLNG  tO concatenate with. In this method, known@gimal coupling, we take the two
(complete, uncut) diphones we need to concatenate, and @ok elvery possible cut-
ting point for each diphones, choosing the two cutting moihat would make the final
frame of the first diphone acoustically most similar to thd #ame of the next diphone
(Taylor and Isard, 1991; Conkie and Isard, 1996). Acouksitailar can be measured
by usingcepstral similarity, to be defined in Se@?.

8.4.2 Diphone concatenation and TD-PSOLA for prosodic adjst-
ment

We are now ready to see the remaining steps for synthesiniirgdévidual utterance.

Assume that we have completed text analysis for the utteraaral hence arrived at a
sequence of diphones and prosodic targets, and that we lsavgrabbed the appro-
priate sequence of diphones from the diphone database.wéemeed to concatenate
the diphones together and then adjust the prosody (pit@rggnand duration) of the
diphone sequence to match the prosodic requirements freintérmediate represen-
tation.

Given two diphones, what do we need to do to concatenate tieoessfully?

If the waveforms of the two diphones edges across the juace very different,

click  a perceptibleclick will result. Thus we need to apply a windowing function to the
edge of both diphones so that the samples at the juncturedwava zero amplitude.
Furthermore, if both diphones are voiced, we need to indwaethe two diphones are
svehronaldy joined pitch-synchronously. This means that the pitch periods at the end of the first

diphone must line up with the pitch periods at the beginnihthe second diphone;
otherwise the resulting single irregular pitch period & plincture is perceptible as
well.

Now given our sequence of concatenated diphones, how do vééfyntbe pitch
and duration to meet our prosodic requirements? It turnstloere is a very sim-

mo-pso,a  ple algorithm for doing this calledD-PSOLA (Time-Domain Pitch-Synchronous
OverLap-and-Add).

As we just said, pitch-synchronousalgorithm is one in which we do something
at each pitch period @poch For such algorithms it is important to have very accurate
pitch markings: measurements of exactly where each pittdemrepochoccurs. An
epoch can be defined by the instant of maximum glottal pressurralternatively by

rrcimarking  the instant of glottal closure. Note the distinction betavpéch marking or epoch
rrcHTRACKNG  detectionandpitch tracking . Pitch tracking gives the value of FO (the average cycles
per second of the glottis) at each particular pointin tinveraged over a neighborhood.
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ELECTROGLOTTO-

P
EGG (ELECTROGLOT-
TOGRAPH)

LARYNGOGRAPH
LX (LARYNGOGRAPH)

OVERLAP-AND-ADD
OLA

Pitch marking finds the exact point in time at each vibratomgie at which the vocal
folds reach some specific point (epoch).

Epoch-labeling can be done in two ways. The traditional veanyg still the most
accurate, is to use aglectroglottograph or EGG (electroglottograph) (often also
called alaryngograph or Lx (laryngograph)). An EGG is a device which straps onto
the (outside of the) speaker’s neck near the larynx and sesdsall current through
the Adam’s apple. A transducer detects whether the glattippen or closed by mea-
suring the impedance across the vocal folds. Some modetinesia databases are still
recorded with an EGG. The problem with using an EGG is thatistnbe attached to
the speaker while they are recording the database. AlthandGG isn’t particularly
invasive, this is still annoying, and the EGG must be usethduecording; it can’t be
used to pitch-mark speech that has already been collectedei epoch detectors are
now approaching a level of accuracy that EGGs are no longat insmost commer-
cial TTS engines. Algorithms for epoch detection includedkes and Loke (1999),
Veldhuis (2000).

Given an epoch-labeled corpus, the intuition of TD-PSOLAh&t we can mod-
ify the pitch and duration of a waveform by extracting a frafmeeach pitch period
(windowed so that the frame doesn’t have sharp edges) amdrdoembining these
frames in various ways by simply overlapping and adding threlewed pitch period
frames (we will introduce the idea of windows in S@6€). The idea that we modify
a signal by extracting frames, manipulating them in some amg then recombin-
ing them by adding up the overlapped signals is calledotherlap-and-addor OLA
algorithm; TD-PSOLA is a special case of overlap-and-addfich the frames are
pitch-synchronous, and the whole process takes place tmtleedomain.

For example, in order to assign a specific duration to a diphae might want to
lengthen the recorded master diphone. To lengthen a sigtial®-PSOLA, we sim-
ply insert extra copies of some of the pitch-synchronounés, essentially duplicating
a piece of the signal. Fig. 8.16 shows the intuition.

TD-PSOLA can also be used to change the FO value of a recoigkdree to give
a higher or lower value. To increase the FO, we extract egch-giynchronous frame
from the original recorded diphone signal, place the franieser together (overlap-
ping them), with the amount of overlap determined by therdésperiod and hence
frequency, and then add up the overlapping signals to pethe final signal. But
note that by moving all the frames closer together, we madeignal shorter in time!
Thus in order to change the pitch while holding the durationstant, we need to add
duplicate frames.

Fig. 8.17 shows the intuition; in this figure we have expljcithown the extracted
pitch-synchronous frames which are overlapped and ada¢eltimat the frames moved
closer together (increasing the pitch) while extra framegehbeen added to hold the
duration constant.
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Figure 8.16 TD-PSOLA for duration modification. Individual pitch-symonous
frames can be duplicated to lengthen the signal (as shows),har deleted to shorten
the signal.

8.5 UNIT SELECTION (WAVEFORM) SYNTHESIS

UNIT SELECTION
SYNTHESIS

Diphone waveform synthesis suffers from two main problemsst, the stored di-
phone database must be modified by signal process methed83®LA to produce
the desired prosody. Any kind of signal processing of theestgpeech leaves artifacts
in the speech which can make the speech sound unnaturahd&etiphone synthesis
only captures the coarticulation due to a single neighlgguimone. But there are many
more global effects on phonetic realization, including endistant phones, syllable
structure, the stress patterns of nearby phones, and everleve| effects.

For this reason, modern commercial synthesizers are basadyeneralization of
diphone synthesis callathit selection synthesis Like diphone synthesis, unit selec-
tion synthesis is a kind of concatenative synthesis aligarit It differs from classic

diphone synthesis in two ways:

1. Indiphone synthesis the database stores exactly oneoéepgh diphone, while

in unit selection, the unit database is many hours long,aning many copies
of each diphone.

. Indiphone synthesis, the prosody of the concatenatéslismhodified by PSOLA

or similar algorithms, while in unit selection no (or minifhaignal processing
is applied to the concatenated units.

The strengths of unit selection are due to the large unitda In a sufficiently
large database, entire words or phrases of the utteranceawetavsynthesize may be
already present in the database, resulting in an extrenalyral waveform for these
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1 2 3 4 5 6 7 8

Figure 8.17 TD-PSOLA for pitch (FO) modification. In order to increase thitch,
the individual pitch-synchronous frames are extractedritay windowed, moved close
together and then added up. To decrease the pitch, we moveathes further apart.
Increasing the pitch will result in a shorter signal (sinoe frames are closer together), g
we also need to duplicate frames if we want to change the pitéle holding the duration
constant.

o

words or phrases. In addition, in cases where we can'’t findge lehunk and have to
back off to individual diphones, the fact that there are soayr@pies of each diphone
makes it more likely that we will find one that will fit in very thaally.

The architecture of unit selection can be summarized asvisll We are given a
large database of units; let's assume these are diphotigsygh it's also possible to do
unit selection with other kinds of units such half-phongdables, or half-syllables).
We are also given a characterization of the target ‘inteney@lesentation’, i.e. a phone
string together with features such as stress values, wemtitg, FO information, as
described in Fig. 8.1.

The goal of the synthesizer is to select from the databasédkesequence of
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TARGET COST

JOIN COST

(8.21)

diphone units that corresponds to the target representdfithat do we mean by the
‘best’ sequence? Intuitively, the best sequence would learowhich:

e each diphone unit we select exactly meets the specificaticthe target diphone
(in terms of FO, stress level, phonetic neighbors, etc)

e each diphone unit concatenates smoothly with its neighigaunits, with no
perceptible break.

Of course, in practice, we can't guarantee that there wil b@iawhich exactly
meets our specifications, and we are unlikely to find a sequefgnits in which every
single join is imperceptible. Thus in practice unit seleatalgorithms implement a
gradient version of these constraints, and attempt to fiadd#guence of unit which at
least minimizes these two costs:

target costT (u,s): how well the target specificaticm matches the potential unit

join cost J(u;, ut+1): how well (perceptually) the potential unit joins with its po-
tential neighbory 1

The T andJ values are expressed esstsmeaning that high values indicate bad
matches and bad joins (Hunt and Black, 1996a).

Formally, then, the task of unit selection synthesis, gaeequenc& of T target
specifications, is to find the sequené®f T units from the database which minimizes
the sum of these costs:

T T-1
U =argminy T(s,)+ S J(t, U
g t; (st W) t; (Ut, Uty 1)

Let’'s now define the target cost and the join cost in more He&dore we turn to
the decoding and training tasks.

The target cost measures how well the unit matches the tdigiedbne specifica-
tion. We can think of the specification for each diphone tbagea feature vector; here
are three sample vectors for three target diphone spe@fisatising dimensions (fea-
tures) likeshould the syllable be stressedhdwhere in the intonational phrase should
the diphone come from

lih-t/, +stress, phrase internal, high FO, content word
In-t/, -stress, phrase final, high FO, function word
/dh-ax/, -stress, phrase initial, low FO, word ‘the’

We'd like the distance between the target specificai@md the unit to be some
function of the how different the unit is on each of these disiens from the specifi-
cation. Let's assume that for each dimensmrwe can come up with sonmgubcost
To(s[p],u;j[p]). The subcost for a binary feature likressmight be 1 or 0. The sub-
cost for a continuous feature like FO might be the differgiocéog difference) between
the specification FO and unit FO. Since some dimensions are important to speech
perceptions than others, we’ll also want to weight each dsim. The simplest way
to combine all these subcosts is just to assume that thepdepéndent and additive.
Using this model, the total target cost for a given target/oair is the weighted sum
over all these subcosts for each feature/dimension:
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P
(8.22) T(st,uj) = Y WpTp(s[pl, uj[p))
p=1
The target cost is a function of the desired diphone spetiditand a unit from
the database. THein cost, by contrast, is a function of two units from the database.
The goal of the join cost is to be low (0) when the join is conglienatural, and high
when the join would be perceptible or jarring. We do this byameing the acoustic
similarity of the edges of the two units that we will be joiginlf the two units have
very similar energy, FO, and spectral features, they witbably join well. Thus as
with the target cost, we compute a join cost by summing weigistibcosts:
P
(8.23) I(ue, 1) = 5 Wpdp(ue[p], Ue+a[p])
p=1

The three subcosts used in the classic Hunt and Black (19896bjithm are the
cepstral distanceat the point of concatenation, and the absolute differencédsg
power and FO. We will introduce the cepstrum in Sg2.

In addition, if the two unitay andu;.1 to be concatenated were consecutive di-
phones in the unit database (i.e. they followed each oth#rdroriginal utterance),
then we set the join cost to Ql(u;, w1) = 0. This is an important feature of unit
selection synthesis, since it encourages large naturaksegs of units to be selected
from the database.

How do we find the best sequence of units which minimizes the aiithe target
and join costs as expressed in Eq. 8.21? The standard msttwthink of the unit se-
lection problem as a Hidden Markov Model. The target uniésthe observed outputs,
and the units in the database are the hidden states. Our foliil the best hidden
state sequence. We will use the Viterbi algorithm to soli® pihoblem, just as we saw
it in Ch. 5 and Ch. 6, and will see it again in Ch. 9. Fig. 8.18veha sketch of the
search space as well as the best (Viterbi) path that detestiire best unit sequence.

The weights for join and target costs are often set by hamdesihe number of
weights is small (on the order of 20) and machine learningritlyms don't always
achieve human performance. The system designer listemgite sentences produced
by the system, and chooses values for weights that reswdasonable sounding utter-
ances. Various automatic weight-setting algorithms dstekiowever. Many of these
assume we have some sort of distance function between thetaof two sentences,
perhaps based on cepstral distance. The method of Hunt acll BI996b), for exam-
ple, holds out a test set of sentences from the unit seledtitabase. For each of these
test sentences, we take the word sequence and synthesizieacsewaveform (using
units from the other sentences in the training databasey.Wscompare the acoustics
of the synthesized sentence with the acoustics of the troehisentence. Now we
have a sequence of synthesized sentences, each one asbwitlata distance function
to its human counterpart. Now we use linear regression bas¢itese distances to set
the target cost weights so as to minimize the distance.

There are also more advanced methods of assigning both targgoin costs. For
example, above we computed target costs between two unit®king at the features
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TARGETS | # s-ih ih-k k-s o #

____Join Cost

Figure 8.18 The process of decoding in unit selection. The figure shoeséguence
of target (specification) diphones for the waie, and the set of possible database diphone
units that we must search through. The best (Viterbi) padhtinimizes the sum of the
target and join costs is shown in bold.

of the two units, doing a weighted sum of feature costs, arabsing the lowest-
cost unit. An alternative approach (which the new readehitmged to come back to
after learning the speech recognition techniques intreduic the next chapters) is to
map the target unit into some acoustic space, and then findt avhich is near the
target in that acoustic space. In the method of Donovan atel @998), Donovan and
Woodland (1995), for example, all the training units arestdued using the decision
tree algorithm of speech recognition described in 38cThe decision tree is based on
the same features described above, but here for each settofds, we follow a path
down the decision tree to a leaf node which contains a cladtenits that have those
features. This cluster of units can be parameterized by &$kaumodel, just as for
speech recognition, so that we can map a set of features primbability distribution
over cepstral values, and hence easily compute a distarieedre the target and a
unit in the database. As for join costs, more sophisticatettios make use of how
perceivable a particular join might be (Wouters and Mac@98t Syrdal and Conkie,
2004; Bulyko and Ostendorf, 2001).

8.6 EVALUATION

INTELLIGIBILITY

QUALITY

Speech synthesis systems are evaluated by human listehkesdevelopment of a
good automatic metric for synthesis evaluation, that walilshinate the need for ex-
pensive and time-consuming human listening experimegrtsams an open and exiting
research topic.

The minimal evaluation metric for speech synthesis sysisrnmgelligibility : the
ability of a human listener to correctly interpret the woesh&l meaning of the synthe-
sized utterance. A further metric guality; an abstract measure of the naturalness,
fluency, or clarity of the speech.
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DIAGNOSTIC RHYME
TEST

DRT

MODIFIED RHYME
TEST

MRT

CARRIER PHRASES

SUS

MOS

AB TESTS

The most local measures of intelligibility test the abilitia listener to discriminate
between two phones. THgiagnostic Rhyme Test(DRT) (Voiers et al., 1975) tests
the intelligibility of initial consonants. It is based on @@&irs of confusable rhyming
words which differ only in a single phonetic feature, sucldEshse/tenger bond/pond
(differing in voicing) ormean/beabr neck/decKdiffering in nasality), and so on. For
each pair, listeners hear one member of the pair, and iredighich they think it is.
The percentage of right answers is then used as an intdiliginetric. TheModified
Rhyme Test(MRT) (House et al., 1965) is a similar test based on a differenvfse
300 words, consisting of 50 sets of 6 words. Each 6-word d&trdiin either initial
or final consonants (e.gyent sent bent dent tent, rentor bat, bad, back bass ban
bath). Listeners are again given a single word and must identifgnfa closed list of
six words; the percentage of correct identifications is mgaied as an intelligibility
metric.

Since context effects are very important, both DRT and MRTds@re embedded
in carrier phraseslike the following:

Now we will say <word> again.

In order to test larger units than single phones, we cansaseantically unpre-
dictable sentencegSUS (Benoit et al., 1996). These are sentences constructed by
taking a simple POS template likeeT ADJ NOUN VERB DET NOUNand inserting
random English words in the slots, to produce sentences like

The unsure steaks closed the fish.

Measures of intelligibility like DRT/MRT and SUS are des@ghto factor out the
role of context in measuring intelligibility. While thislalvs us to get a carefully
controlled measure of a system’s intelligibility, such amxtual or semantically un-
predictable sentences aren’t a good fit to how TTS is used &t smwnmercial appli-
cations. Thus in commercial applications instead of DRT ld6Swe generally test
intelligibility using situations that mimic the desiredigations; reading addresses
out loud, reading lines of news text, and so on.

To further evaluate thguality of the synthesized utterances, we can play a sentence
for a listener and ask them to givereean opinion scorMOS), a rating of how good
the synthesized utterances are, usually on a scale from W .can then compare
systems by comparing their MOS scores on the same sentarsieg,(e.g., t-tests to
test for significant differences).

If we are comparing exactly two systems (perhaps to see ifrécpar change
actually improved the system), we can usB tests In AB tests, we play the same
sentence synthesized by two different systems (an A and astermy. The human
listener chooses which of the two utterances they like beti¢e can do this for 50
sentences and compare the number of sentences preferreacfosystems. In order
to avoid ordering preferences, for each sentence we mustmpiréhe two synthesized
waveforms in random order.
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BIBLIOGRAPHICAL AND HISTORICAL NOTES

As we noted at the beginning of the chapter, speech syntisesie of the earliest fields
of speech and language processing. The 18th century sawlzenofiphysical models
of the articulation process, including the von Kempelen eladentioned above, as
well as the 1773 vowel model of Kratzenstein in Copenhagergusgan pipes.

But the modern era of speech synthesis can clearly be saigv®drrived by the
early 1950’s, when all three of the major paradigms of warmafeynthesis had been
proposed (formant synthesis, articulatory synthesis camdatenative synthesis).

Concatenative synthesis seems to have been first proposéarby (1953) at Bell
Laboratories, who literally spliced together pieces of nmetg tape corresponding to
phones. Harris’s proposal was actually more like unit gelasynthesis than diphone
synthesis, in that he proposed storing multiple copies ohegzhone, and proposed
the use of a join cost (choosing the unit with the smoothashémt transitions with
the neighboring unit). Harris's model was based on the phmtber than diphone,
resulting in problems due to coarticulation. Peterson .etl&58) added many of the
basic ideas of unit selection synthesis, including the dsphones, a database with
multiple copies of each diphone with differing prosody, a&aeh unit labeled with in-
tonational features including FO, stress, and duratiod,tha use of join costs based
on FO and formant distant between neighboring units. They pfoposed microcon-
catenation techniques like windowing the waveforms. ThefBen et al. (1958) model
was purely theoretical, however, and concatenative sgigheas not implemented un-
til the 1960’s and 1970’s, when diphone synthesis was firpiémented (Dixon and
Maxey, 1968; Olive, 1977). Later diphone systems inclu@egddr units such as con-
sonant clusters (Olive and Liberman, 1979). Modern unéa@n, including the idea
of large units of non-uniform length, and the use of a targst,avas invented by Sag-
isaka (1988), Sagisaka et al. (1992). Hunt and Black (19¢#malized the model,
and put it in the form in which we have presented it in this ¢bajm the context of the
ATR CHATR system (Black and Taylor, 1994). The idea of autticadly generating
synthesis units by clustering was first invented by Nakajamd Hamada (1988), but
was developed mainly by (Donovan, 1996) by incorporatirgigien tree clustering al-
gorithms from speech recognition. Many unit selection watmns took place as part
of the ATT NextGen synthesizer (Syrdal et al., 2000; Syrdal @onkie, 2004).

We have focused in this chapter on concatenative synttegithere are two other
paradigms for synthesiformant synthesis in which we attempt to build rules which
generate artificial spectra, including especially forrsaahdarticulatory synthesis,
in which we attempt to directly model the physics of the vdcatt and articulatory
process.

Formant synthesizersoriginally were inspired by attempts to mimic human speech
by generating artificial spectrograms. The Haskins Lalovied Pattern Playback Ma-
chine generated a sound wave by painting spectrogram psitber a moving trans-
parent belt, and using reflectance to filter the harmonicsvedvaeform (Cooper et al.,
1951); other very early formant synthesizers include Laweg1953) and Fant (3951).
Perhaps the most well-known of the formant synthesizers wWeKlatt formant syn-
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thesizerand its successor systems, including the MITalk systene(dt al., 1987),
and the Klattalk software used in Digital Equipment Corpiords DECtalk (Klatt,
1982). See Klatt (1975) for details.

Articulatory synthesizers attempt to synthesize speech by modeling the physics
of the vocal tract as an open tube. Representative modeis,daoly and somewhat
more recentinclude Stevens et al. (1953), Flanagan et®5)1Fant (1986) See Klatt
(1975) and Flanagan (1972) for more details.

Development of the text analysis components of TTS camewbatdater, as tech-
niques were borrowed from other areas of natural languageepsing. The input to
early synthesis systems was not text, but rather phonegpeei(tn on punched cards).
The first text-to-speech system to take text as input seemauv® been the system of
Umeda and Teranishi (Umeda et al., 1968; Teranishi and Um&é8; Umeda, 1976).
The system included a lexicalized parser which was useddigraprosodic bound-
aries, as well as accent and stress; the extensions in Cbkér(€973) added addi-
tional rules, for example for deaccenting light verbs anpl@sed articulatory models
as well. These early TTS systems used a pronunciation darydfor word pronuncia-
tions. In order to expand to larger vocabularies, early fmtrbased TTS systems such
as MITlak (Allen et al., 1987) used letter-to-sound rulestéad of a dictionary, since
computer memory was far too expensive to store large diaties.

Modern grapheme-to-phoneme models derive from the inflalezdrly probabilis-
tic grapheme-to-phoneme model of Lucassen and Mercer [1884ch was originally
proposed in the context of speech recognition. The widespbuse of such machine
learning models was delayed, however, because early ataedidence suggested
that hand-written rules worked better than e.g., the nenetborks of Sejnowski and
Rosenberg (1987). The careful comparisons of Damper et399) showed that ma-
chine learning methods were in generally superior. A nurobsuch models make use
of pronunciation by analogy (Byrd and Chodorow, 1985; ?; |IBaans and van den
Bosch, 1997; Marchand and Damper, 2000) or latent analogjlgdarda, 2005);
HMMs (Taylor, 2005) have also been proposed. The most reserit makes use

arapHoNe  Of joint graphonemodels, in which the hidden variables are phoneme-grappaine
and the probabilistic model is based on joint rather tharmdit@mmal likelihood (Deligne
et al., 1995; Luk and Damper, 1996; Galescu and Allen, 20@igr8 and Ney, 2002;
Chen, 2003).
There is a vast literature on prosody. Besides the ToBI ahd firlodels described
FUJISAK] above, other important computational models include Rhgsaki model (Fujisaki
and Ohno, 1997). IViE (Grabe, 2001) is an extension of ToBt fhcuses on labelling
different varieties of English (Grabe et al., 2000). Theralso much debate on the
units of intonational structurantonational phrases (Beckman and Pierrehumbert,
INTONATION UNITS 1986),intonation units (Du Bois et al., 1983) otone units (Crystal, 1969)), and their
ToNeunts  relation to clauses and other syntactic units (Chomsky aaiteH1968; Langendoen,
1975; Streeter, 1978; Hirschberg and Pierrehumbert, 1S8&irk, 1986; Nespor and
Vogel, 1986; Croft, 1995; Ladd, 1996; Ford and Thompsong198rd et al., 1996).
HMM SYNTHESIS One of the most exciting new paradigms for speech synth&siMM synthesis,
first proposed by Tokuda et al. (1995b) and elaborated indalet al. (1995a), Tokuda
et al. (2000), and Tokuda et al. (2003). See also the textbooimary of HMM syn-
thesis in Taylor (2008).
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BLIZZARD
CHALLENGE

More details on TTS evaluation can be found in Huang et al012@nd Gibbon
et al. (2000). Other descriptions of evaluation can be fdaartle annual speech syn-
thesis competition called thelizzard Challenge (Black and Tokuda, 2005; Bennett,
2005).

Much recent work on speech synthesis has focused on gereeatiotional speech
(Cahn, 1990; Bulutl et al., 2002; Hamza et al., 2004; Eidé €2@04; Lee et al., 2006;
Schroder, 2006, inter alia)

Two classic text-to-speech synthesis systems are deddrib&llen et al. (1987)
(the MITalk system) and Sproat (1998b) (the Bell Labs system). Recatlideks
include Dutoit (1997), Huang et al. (2001), Taylor (2008)d &lan Black’s online lec-
ture notes aittp://festvox.org/festtut/notes/festtut_toc.html
Influential collections of papers include van Santen etl#®9¢), Sagisaka et al. (1997)
Narayanan and Alwan (2004). Conference publications appéae main speech engi-
neering conferences (INTERSPEEQHEE ICASSP, and theSpeech Synthesis Work-
shops Journals includ&peech Communicatip@omputer Speech and Languatee
IEEE Transactions on Audio, Speech, and Language Proggsai theACM Trans-
actions on Speech and Language Processing

EXERCISES

8.1 Implement the text normalization routine that deals withNEY, i.e. mapping

strings of dollar amounts lik&45, $320, and $4100to words (either writing code
directly or designing an FST). If there are multiple ways torunce a number you
may pick your favorite way.

8.2 Implement the text normalization routine that deals WtteL, i.e. seven-digit
phone numbers likE55-1212555-1300and so on. You should use a combination of
the paired andtrailing unit methods of pronunciation for the last four digits. (Again
you may either write code or design an FST).

8.3 Implementthe text normalization routine that deals wifretyATE in Fig. 8.4

8.4 Implement the text normalization routine that deals withetMTIME in Fig. 8.4.

8.5 (Suggested by Alan Black). Download the free Festival shegaothesizer. Aug-
ment the lexicon to correctly pronounce the names of everymgour class.

8.6 Download the Festival synthesizer. Record and train a diplsynthesizer using
your own voice.
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AUTOMATIC SPEECH
RECOGNITION

ASR

When Frederic was a little lad he proved so brave and daring,
His father thought he'd 'prentice him to some career seadgari
I was, alas! his nurs’rymaid, and so it fell to my lot
To take and bind the promising boy apprentice fmlat —
A life not bad for a hardy lad, though surely not a high lot,
Though I'm a nurse, you might do worse than make your boy a.pilo
| was a stupid nurs’rymaid, on breakers always steering,
And | did not catch the word aright, through being hard of rear
Mistaking my instructions, which within my brain did gyrate
| took and bound this promising boy apprentice toilate.

The Pirates of Penzanc&ilbert and Sullivan, 1877

Alas, this mistake by nurserymaid Ruth led to Frederic'glomdenture as a pirate and,
due to a slight complication involving 21st birthdays andpeears, nearly led to 63
extra years of apprenticeship. The mistake was quite Hatura Gilbert-and-Sullivan
sort of way; as Ruth later noted, “The two words were so muiktetl True, true;
spoken language understanding is a difficult task, and @nsarkable that humans do
as well at it as we do. The goal atitomatic speech recognitio{ASR) research is to
address this problem computationally by building systeimas$ tmmap from an acoustic
signal to a string of wordsAutomatic speech understanding ASU) extends this goal
to producing some sort of understanding of the sentendeenrtttan just the words.
The general problem of automatic transcription of speechryyspeaker in any en-
vironment is still far from solved. But recent years havens@8R technology mature
to the point where it is viable in certain limited domains. édnajor application area
is in human-computer interaction. While many tasks areebetblved with visual or
pointing interfaces, speech has the potential to be a hiatexface than the keyboard
for tasks where full natural language communication isuisef for which keyboards
are not appropriate. This includes hands-busy or eyesdusications, such as where
the user has objects to manipulate or equipment to controloti#er important ap-
plication area is telephony, where speech recognitionresadly used for example in
spoken dialogue systems for entering digits, recognizymes™ to accept collect calls,
finding out airplane or train information, and call-routifi§ccounting, please”, “Prof.
Regier, please”). In some applications, a multimodal fat combining speech and
pointing can be more efficient than a graphical user interfaithout speech (Cohen
et al., 1998). Finally, ASR is applied to dictation, thattignscription of extended
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DIGITS TASK

ISOLATED WORD
CONTINUOUS
SPEECH

READ SPEECH

CONVERSATIONAL
SPEECH

monologue by a single specific speaker. Dictation is commdieids such as law and
is also important as part of augmentative communicatidaei@ction between comput-
ers and humans with some disability resulting in the inghiib type, or the inability to
speak). The blind Milton famously dictat&radise Losto his daughters, and Henry
James dictated his later novels after a repetitive strgssyin

Before turning to architectural detalils, let's discuss s@mfithe parameters and the
state of the art of the speech recognition task. One dimeri@ariation in speech
recognition tasks is the vocabulary size. Speech recogrniieasier if the number of
distinct words we need to recognize is smaller. So tasks avithio word vocabulary,
like yesversusnodetection, or an eleven word vocabulary, like recognizeguences
of digits, in what is called thdigits task task, are relatively easy. On the other end,
tasks with large vocabularies, like transcribing humamahn telephone conversations,
or transcribing broadcast news, tasks with vocabularig¢gd00 words or more, are
much harder.

A second dimension of variation is how fluent, natural, oneseational the speech
is. Isolated word recognition, in which each word is surrounded by some sqraake,
is much easier than recognizingntinuous speechin which words run into each other
and have to be segmented. Continuous speech tasks thesgatyegreatly in diffi-
culty. For example, human-to-machine speech turns out farbeasier to recognize
than human-to-human speech. That is, recognizing speelchnoéns talking to ma-
chines, either reading out loud iead speech(which simulates the dictation task), or
conversing with speech dialogue systems, is relatively.eRgcognizing the speech
of two humans talking to each other,éonversational speechiecognition, for exam-
ple for transcribing a business meeting or a telephone eeatien, is much harder.
It seems that when humans talk to machines, they simplifiy 8peech quite a bit,
talking more slowly and more clearly.

A third dimension of variation is channel and noise. Comnatttictation systems,
and much laboratory research in speech recognition, is dathehigh quality, head
mounted microphones. Head mounted microphones elimiha@istortion that occurs
in a table microphone as the speakers head moves aroune daisy kind also makes
recognition harder. Thus recognizing a speaker dictatirsgguiet office is much easier
than recognizing a speaker dictating in a noisy car on thevay with the window
open.

A final dimension of variation is accent or speaker-classattaristics. Speech is
easier to recognize if the speaker is speaking a standdetdiar in general one that
matches the data the system was trained on. Recognitiomsshérder on foreign-
accented speech, or speech of children (unless the systsrapeaifically trained on
exactly these kinds of speech).

Table 9.1 shows the rough percentage of incorrect wordsi(tnd error rate , or
WER, defined on page 45) from state-of-the-art systems ongeraf different ASR
tasks.

Variation due to noise and accent increases the error raitesatpit. The word error
rate on strongly Japanese-accented or Spanish accentishihas been reported to be
about 3 to 4 times higher than for native speakers on the saskd Tomokiyo, 2001).
And adding automobile noise with a 10dB SNR (signal-to-eo&tio) can cause error
rates to go up by 2 to 4 times.



Section 9.1.

Speech Recognition Architecture 3

LVCSR

SPEAKER-
INDEPENDENT

| Task | Vocabulary | Error Rate %]
TI Digits 11 (zero-nine, oh) 5
Wall Street Journal read speech 5,000 3
Wall Street Journal read speech 20,000 3
Broadcast News 64,000+ 10
Conversational Telephone Speech (CT$) 64,000+ 20

Figure 9.1 Rough word error rates (% of words misrecognized) reportedral 2006
for ASR on various tasks; the error rates for Broadcast NewdsGI'S are based on par-
ticular training and test scenarios and should be takenlgmbanumbers; error rates for
differently defined tasks may range up to a factor of two.

In general, these error rates go down every year, as spesmirigon performance
has improved quite steadily. One estimate is that perfoom&as improved roughly
10 percent a year over the last decade (Deng and Huang, 20@)¢ a combination
of algorithmic improvements and Moore’s law.

While the algorithms we describe in this chapter are appleacross a wide va-
riety of these speech tasks, we chose to focus this chaptiedondamentals of one
crucial area:Large-Vocabulary Continuous Speech RecognitioliLVCSR). Large-
vocabulary generally means that the systems have a vocghaflaoughly 20,000
to 60,000 words. We saw above ttaintinuous means that the words are run to-
gether naturally. Furthermore, the algorithms we will dsx are generallgpeaker-
independent that is, they are able to recognize speech from people wépesech the
system has never been exposed to before.

The dominant paradigm for LVCSR is the HMM, and we will focus this ap-
proach in this chapter. Previous chapters have introduaed of the core algorithms
used in HMM-based speech recognition. Ch. 7 introducedeligokonetic and phono-
logical notions ofphone, syllable, and intonation. Ch. 5 and Ch. 6 introduced the use
of the Bayes rule the Hidden Markov Model (HMM ), the Viterbi algorithm, and
the Baum-Welch training algorithm. Ch. 4 introduced titggram language model
and theperplexity metric. In this chapter we begin with an overview of the atety
ture for HMM speech recognition, offer an all-too-brief oview of signal processing
for feature extraction and the extraction of the importamQC features, and then in-
troduce Gaussian acoustic models. We then continue withViterbi decoding works
in the ASR context, and give a complete summary of the trgipiocedure for ASR,
calledembedded training Finally, we introduce word error rate, the standard evalua
tion metric. The next chapter will continue with some adwthASR topics.

9.1 SPEECHRECOGNITIONARCHITECTURE

NOISY CHANNEL

The task of speech recognition is to take as input an acowstieform and produce
as output a string of words. HMM-based speech recognitistesys view this task
using the metaphor of the noisy channel. The intuition ofribesy channelmodel

(see Fig. 9.2) is to treat the acoustic waveform as an “noigysion of the string of
words, i.e.. a version that has been passed through a naissnanications channel.
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BAYESIAN

This channel introduces “noise” which makes it hard to redogthe “true” string of
words. Our goal is then to build a model of the channel so tleatan figure out how
it modified this “true” sentence and hence recover it.

The insight of the noisy channel model is that if we know hoas¢hannel distorts
the source, we could find the correct source sentence for afarm by taking every
possible sentence in the language, running each sentemoegykhour noisy channel
model, and seeing if it matches the output. We then seledbéise matching source
sentence as our desired source sentence.

source sentence

If music be
the food of love...

decoder

Every happy family

In a hole in the ground W% 2

If music be the food of love noisy N

guess at source:

If music be
the food of love...

Figure 9.2 The noisy channel model. We search through a huge space @fitjzdt
“source” sentences and choose the one which has the higlbstiility of generating the
“noisy” sentence. We need models of the prior probabilitg sburce sentencdl{grams),

the probability of words being realized as certain stringptmnes (HMM lexicons), and

the probability of phones being realized as acoustic ortsalieatures (Gaussian Mixturg
Models).

Implementing the noisy-channel model as we have expresselig. 9.2 requires
solutions to two problems. First, in order to pick the senéethat best matches the
noisy input we will need a complete metric for a “best matcB&cause speech is so
variable, an acoustic input sentence will never exactlycinainy model we have for
this sentence. As we have suggested in previous chaptevd|lwse probability as our
metric. This makes the speech recognition problem a speass ofBayesian infer-
ence a method known since the work of Bayes (1763). Bayesiaménfze or Bayesian
classification was applied successfully by the 1950s todagg problems like optical
character recognition (Bledsoe and Browning, 1959) andtiocaship attribution tasks
like the seminal work of Mosteller and Wallace (1964) on daiaing the authorship of
the Federalist papers. Our goal will be to combine varioodabilistic models to get a
complete estimate for the probability of a noisy acoustisesbation-sequence given a
candidate source sentence. We can then search througtetteafall sentences, and
choose the source sentence with the highest probability.

Second, since the set of all English sentences is huge, vieamezfficient algorithm
that will not search through all possible sentences, bwy onks that have a good
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(9.1)

(9.2)

(9.3)

(9.4)

chance of matching the input. This is ttecodingor searchproblem, which we have
already explored with the Viterbi decoding algorithm for W in Ch. 5 and Ch. 6.
Since the search space is so large in speech recognitiaieeffsearch is an important
part of the task, and we will focus on a number of areas in fearc

In the rest of this introduction we will review the probabiic or Bayesian model
for speech recognition that we introduced for part-of-gbdagging in Ch. 5. We then
introduce the various components of a modern HMM-based ASEB.

Recall that the goal of the probabilistic noisy channel agedture for speech recog-
nition can be summarized as follows:

“What is the most likely sentence out of all sentences indhguage?
given some acoustic input O?”

We can treat the acoustic inpOtas a sequence of individual “symbols” or “obser-
vations” (for example by slicing up the input every 10 mélc®nds, and representing
each slice by floating-point values of the energy or freqiesnof that slice). Each
index then represents some time interval, and successivelicate temporally con-
secutive slices of the input (note that capital letters stdind for sequences of symbols
and lower-case letters for individual symbols):

0 =04,02,03,...,0

Similarly, we treat a sentence as if it were composed of agtf words:

W:W13W27W37"' »Wn

Both of these are simplifying assumptions; for exampledihg sentences into
words is sometimes too fine a division (we’d like to model$aibout groups of words
rather than individual words) and sometimes too gross aidwi(we need to deal with
morphology). Usually in speech recognition a word is defibgdrthography (after
mapping every word to lower-casedakis treated as a different word thaaks but
the auxiliarycan(“can you tell me...") is treated as the same word as the cau'i
need acanof...”).

The probabilistic implementation of our intuition aboveenh, can be expressed as
follows:

W = argmaP(W|O)
We
Recall that the function argmgak(x) means “the x such that f(x) is largest”. Equa-
tion (9.3) is guaranteed to give us the optimal sent&iceve now need to make the
equation operational. That s, for a given sentéfcand acoustic sequen@ewe need
to computeP(W|O). Recall that given any probabilify(x|y), we can use Bayes' rule
to break it down as follows:

P(y|x)P(x)
P(y)

We saw in Ch. 5 that we can substitute (9.4) into (9.3) asvadlo

P(Xly) =
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(9.5)

(9.6)

LANGUAGE MODEL
ACOUSTIC MODEL

(9.7)

(9.8)

WeZ P(O)

The probabilities on the right-hand side of (9.5) are for thest part easier to
compute tharP(W|O). For exampleP(W), the prior probability of the word string
itself is exactly what is estimated by timegram language models of Ch. 4. And we
will see below thatP(O|W) turns out to be easy to estimate as well. BYO), the
probability of the acoustic observation sequence, turigmbe harder to estimate.
Luckily, we can ignoré?(O) just as we saw in Ch. 5. Why? Since we are maximizing

over all possible sentences, we will be comput ‘VE%';(M for each sentence in the

language. BuP(O) doesn’t change for each sentence! For each potential senten
we are still examining the same observati@svhich must have the same probability
P(O). Thus:
W= argmaxw — argma®(O|W) P(W)
We.z P(O) Wez

To summarize, the most probable senteWgiven some observation sequence
O can be computed by taking the product of two probabilitiessiach sentence, and
choosing the sentence for which this product is greatesé gémeral components of
the speech recognizer which compute these two terms haves)®(W), the prior
probability , is computed by théanguage model while P(O|W), the observation
likelihood, is computed by thacoustic model

likelihood prior

~ —
W = argmaxP(O|W) P(W)
WeZ
The language model (LM) prid?(W) expresses how likely a given string of words
is to be a source sentence of English. We have already sedm i ldbw to compute
such a language model priBfW) by usingN-gram grammars. Recall that &hgram
grammar lets us assign a probability to a sentence by congputi

P(W]) ~ k|j|lP<wk|w/ﬁ:hH>

This chapter will show how the HMM we covered in Ch. 6 can bedusebuild
an Acoustic Model (AM) which computes the likeliho®dO|W). Given the AM and
LM probabilities, the probabilistic model can be operaéitired in a search algorithm
S0 as to compute the maximum probability word string for @&giacoustic waveform.
Fig. 9.3 shows the components of an HMM speech recognizempasdesses a single
utterance, indicating the computation of the prior andliii@d. The figure shows
the recognition process in three stages. Infé@ure extraction or signal processing
stage, the acoustic waveform is sampled ifteones (usually of 10, 15, or 20 mil-
liseconds) which are transformed inépectral features Each time window is thus
represented by a vector of around 39 features represehisggectral information as
well as information about energy and spectral change. S8gi@s an (unfortunately
brief) overview of the feature extraction process.
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In theacoustic modelingor phone recognitionstage, we compute the likelihood
of the observed spectral feature vectors given linguistitsywords, phones, subparts
of phones). For example, we use Gaussian Mixture Model (GlelsBsifiers to com-
pute for each HMM state, corresponding to a phone or subphone, the likelihood of
a given feature vector given this phopéo|q). A (simplified) way of thinking of the
output of this stage is as a sequence of probability vectors,for each time frame,
each vector at each time frame containing the likelihoodsdhch phone or subphone
unit generated the acoustic feature vector observatidraatitne.

Finally, in thedecodingphase, we take the acoustic model (AM), which consists of
this sequence of acoustic likelihoods, plus an HMM dictigraf word pronunciations,
combined with the language model (LM) (generallyNugram grammar), and output
the most likely sequence of words. An HMM dictionary, as wé gee in Sec. 9.2, is a
list of word pronunciations, each pronunciation represeity a string of phones. Each
word can then be thought of as an HMM, where the phones (or time® subphones)
are states in the HMM, and the Gaussian likelihood estinsatopply the HMM output
likelihood function for each state. Most ASR systems useMiterbi algorithm for
decoding, speeding up the decoding with wide variety of &tjglated augmentations
such as pruning, fast-match, and tree-structured lexicons

cepstral
feature
extraction

_.-PW)

M = — N
phone
likelihoods

N-gram
language
model

Viterbi Decoder

- if music be the food of love...

Figure 9.3  Schematic architecture for a (simplified) speech recogmeeoding a sin-
gle sentence. A real recognizer is more complex since vaukids of pruning and fast
matches are needed for efficiency. This architecture is fumigecoding; we also need a
separate architecture for training parameters.
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9.2 APPLYING THEHIDDEN MARKOV MODEL TO SPEECH

DIGIT RECOGNITION

Let’s turn now to how the HMM model is applied to speech redtign. We saw in
Ch. 6 that a Hidden Markov Model is characterized by the foitg components:

Q=0102...0n a set ofstates

A=ap1a02...an1...a8nn  atransition probability matrix A, eacha;j rep-
resenting the probability of moving from state
to statej, s.t. 3]_ & =1 Vi

O =0107...05 a set ofobservations each one drawn from a vo-
cabularyy = vy, Vo, ..., W.
B="hi(o) A set of observation likelihoods; also called

emission probabilities each expressing the
probability of an observation; being generated
from a state.

d0,9%nd a speciabtart and end statewhich are not asso-
ciated with observations.

Furthermore, the chapter introduced tigerbi algorithm for decoding HMMs,
and theBaum-Welch or Forward-Backward algorithm for training HMMs.

All of these facets of the HMM paradigm play a crucial role iSR. We begin
here by discussing how the states, transitions, and olismrsanap into the speech
recognition task. We will return to the ASR applications @Evbi decoding in Sec. 9.6.
The extensions to the Baum-Welch algorithms needed to déaspoken language are
covered in Sec. 9.4 and Sec. 9.7.

Recall the examples of HMMs we saw earlier in the book. In Chthg hid-
den states of the HMM were parts-of-speech, the obsensti@re words, and the
HMM decoding task mapped a sequence of words to a sequeneetsfqi-speech. In
Ch. 6, the hidden states of the HMM were weather, the obdenstvere ‘ice-cream
consumptions’, and the decoding task was to determine tlatheesequence from a
sequence of ice-cream consumption. For speech, the hidas sire phones, parts
of phones, or words, each observation is information albdweispectrum and energy
of the waveform at a point in time, and the decoding procegssntiais sequence of
acoustic information to phones and words.

The observation sequence for speech recognition is a segoéacoustic feature
vectors Each acoustic feature vector represents information as¢he amount of en-
ergy in different frequency bands at a particular pointrimeti We will return in Sec. 9.3
to the nature of these observations, but for now we’'ll simmpie that each observation
consists of a vector of 39 real-valued features indicatpertal information. Obser-
vations are generally drawn every 10 milliseconds, so 1lrsttobspeech requires 100
spectral feature vectors, each vector of length 39.

The hidden states of Hidden Markov Models can be used to nemksich in a
number of different ways. For small tasks, lid@git recognition, (the recognition of
the 10 digit wordszerothroughnine), or for yes-norecognition (recognition of the two
wordsyesandno), we could build an HMM whose states correspond to entiredaor
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BAKIS NETWORK

For most larger tasks, however, the hidden states of the Hlkéspond to phone-like
units, and words are sequences of these phone-like units.

Let's begin by describing an HMM model in which each state &M corre-
sponds to a single phone (if you've forgotten what a phongadyack and look again
at the definition in Ch. 7). In such a model, a word HMM thus ¢stisof a sequence
of HMM states concatenated together. Fig. 9.4 shows a sditeafdhe structure of a
basic phone-state HMM for the wosilk.

Figure 9.4  An HMM for the wordsix, consisting of four emitting states and two non-
emitting states, the transition probabilities A, the oliagon probabilitieB, and a sample
observation sequence.

Note that only certain connections between phones exiggiroH. In the HMMs
described in Ch. 6, there were arbitrary transitions betw&ates; any state could
transition to any other. This was also in principle true @& HiMMs for part-of-speech
tagging in Ch. 5; although the probability of some tag trdoss was low, any tag
could in principle follow any other tag. Unlike in these oth#VIM applications, HMM
models for speech recognition usually do not allow arbjtteansitions. Instead, they
place strong constraints on transitions based on the stéglumature of speech. Except
in unusual cases, HMMs for speech don't allow transitionsifistates to go to earlier
states in the word; in other words, states can transitioheémselves or to successive
states. As we saw in Ch. 6, this kindleft-to-right HMM structure is called ®akis
network.

The most common model used for speech, illustrated in a giegbform in Fig. 9.4
is even more constrained, allowing a state to transitiog tmitself (self-loop) or to a
single succeeding state. The use of self-loops allows despigpne to repeat so as to
cover a variable amount of the acoustic input. Phone durstrary hugely, dependent
on the phone identify, the speaker’s rate of speech, thegilworontext, and the level
of prosodic prominence of the word. Looking at the Switchidozorpus, the phone
[aa] varies in length from 7 to 387 milliseconds (1 to 40 frajpevhile the phone [z]
varies in duration from 7 milliseconds to more than 1.3 seéedi130 frames) in some
utterances! Self-loops thus allow a single state to be tedeaany times.

For very simple speech tasks (recognizing small numbersastisvsuch as the
10 digits), using an HMM state to represent a phone is suffici;n general LVCSR
tasks, however, a more fine-grained representation is s&ged his is because phones
can last over 1 second, i.e., over 100 frames, but the 100eBare not acoustically
identical. The spectral characteristics of a phone, anéduheunt of energy, vary dra-
matically across a phone. For example, recall from Ch. 7 4t consonants have
a closure portion, which has very little acoustic energilpfeed by a release burst.
Similarly, diphthongs are vowels whose F1 and F2 changefgigntly. Fig. 9.5 shows
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these large changes in spectral characteristics over tmeaich of the two phones in
the word “lke”, ARPAbet [ay k].

5000~

Frequency (Hz)

' 'M“Oq

0
0.48152 ay k 0.937203
Time (s)

Figure 9.5 The two phones of the word "Ike”, pronounced [ay k]. Note tbatuous
changes in the [ay] vowel on the left, as F2 rises and F1 faiid, the sharp differences
between the silence and release parts of the [K] stop.

To capture this fact about the non-homogeneous nature afgshover time, in
LVCSR we generally model a phone with more than one HMM state most com-
mon configuration is to use three HMM states, a beginningdieichnd end state. Each
phone thus consists of 3 emitting HMM states instead of ohes(fvo non-emitting
mopEL  states at either end), as shown in Fig. 9.6. It is common &rveghe wordnodel or
pHonEMoDEL  phone modelto refer to the entire 5-state phone HMM, and use the viitiviM state
HMM STATE (or juststatefor short) to refer to each of the 3 individual subphone HMIskss.

Figure 9.6 A standard 5-state HMM model for a phone, consisting of tleestting
states (corresponding to the transition-in, steady staid,transition-out regions of the
phone) and two non-emitting states.

To build a HMM for an entire word using these more complex ghorodels, we
can simply replace each phone of the word model in Fig. 9.4 wiB-state phone
HMM. We replace the non-emitting start and end states foh gdmmne model with
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transitions directly to the emitting state of the precedind following phone, leaving
only two non-emitting states for the entire word. Fig. 9.@wh the expanded word.

Figure 9.7 A composite word model for “six”, [s ih k s], formed by conca&ting four
phone models, each with three emitting states.

In summary, an HMM model of speech recognition is paramsterby:

Q=0102...0n a set ofstatescorresponding tsubphones

A=ap1a02...an1...a8nn  atransition probability matrix A, eacha;j rep-
resenting the probability for each subphone of
taking aself-loopor going to the next subphone.

B="hi(o) A set of observation likelihoods; also called
emission probabilities each expressing the
probability of a cepstral feature vector (observa-
tion o) being generated from subphone state

Another way of looking at thé probabilities and the staté€3is that together they
represent dexicon: a set of pronunciations for words, each pronunciation isting
of a set of subphones, with the order of the subphones sgkbifithe transition prob-
abilitiesA.

We have now covered the basic structure of HMM states foresepiting phones
and words in speech recognition. Later in this chapter wesei further augmenta-
tions of the HMM word model shown in Fig. 9.7, such as the usgiphone models
which make use of phone context, and the use of special phonssdel silence. First,
though, we need to turn to the next component of HMMs for spe&ecognition: the
observation likelihoods. And in order to discuss obseovalikelihoods, we first need
to introduce the actual acoustic observations: featurtovecAfter discussing these in
Sec. 9.3, we turn in Sec. 9.4 the acoustic model and detadbsrvation likelihood
computation. We then re-introduce Viterbi decoding andshow the acoustic model
and language model are combined to choose the best sentence.

9.3 FEATURE EXTRACTION: MFCC VECTORS

FEATURE VECTORS

MFCC
MEL FREQUENCY

COEFFICIENTS
CEPSTRUM

Our goal in this section is to describe how we transform tipeiinvaveform into a se-
gquence of acoustieature vectors each vector representing the information in a small
time window of the signal. While there are many possible daakure representations,
by far the most common in speech recognition isfeCC, themel frequency cep-
stral coefficients These are based on the important idea ofaestrum. We will
give a relatively high-level description of the process xif&ction of MFCCs from a
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Figure 9.8  Extracting a sequence of 39-dimensional MFCC feature vedtom a quantized digitized wave-
form

SAMPLING

SAMPLING RATE

NYQUIST
FREQUENCY

TELEPHONE-
BANDWIDTH

WIDEBAND

QUANTIZATION

waveform; we strongly encourage students interested iremetail to follow up with
a speech signal processing course.

We begin by repeating from Se®@? the process of digitizing and quantizing an
analog speech waveform. Recall that the first step in proggspeech is to convert
the analog representations (first air pressure, and thdogakectric signals in a mi-
crophone), into a digital signal. This processaoflog-to-digital conversionhas two
steps:sampling and quantization. A signal is sampled by measuring its amplitude
at a particular time; theampling rate is the number of samples taken per second. In
order to accurately measure a wave, it is necessary to hésasatwo samples in each
cycle: one measuring the positive part of the wave and onsunieg the negative part.
More than two samples per cycle increases the amplitudeacygbut less than two
samples will cause the frequency of the wave to be completaged. Thus the maxi-
mum frequency wave that can be measured is one whose fregisdmalf the sample
rate (since every cycle needs two samples). This maximuguénecy for a given sam-
pling rate is called thé&yquist frequency. Most information in human speech is in
frequencies below 10,000 Hz; thus a 20,000 Hz sampling ratddibe necessary for
complete accuracy. But telephone speech is filtered by thieling network, and only
frequencies less than 4,000 Hz are transmitted by teleghdreis an 8,000 Hz sam-
pling rate is sufficient fotelephone-bandwidthspeech like the Switchboard corpus.
A 16,000 Hz sampling rate (sometimes caNeideband) is often used for microphone
speech.

Even an 8,000 Hz sampling rate requires 8000 amplitude memsunts for each
second of speech, and so it is important to store the amplinehsurement efficiently.
They are usually stored as integers, either 8-bit (valuma f128—127) or 16 bit (values
from -32768-32767). This process of representing realecahumbers as integers is
calledquantization because there is a minimum granularity (the quantum siztafn
values which are closer together than this quantum sizeespresented identically.

We refer to each sample in the digitized quantized wavefasxrd, wheren is
an index over time. Now that we have a digitized, quantizeaesentation of the
waveform, we are ready to extract MFCC features. The seems sif this process are
shown in Fig. 9.8 and individually described in each of théfeing sections.

9.3.1 Preemphasis

The first stage in MFCC feature extraction is to boost the arhofienergy in the
high frequencies. It turns out that if we look at the spectfanmvoiced segments like
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SPECTRAL TILT

NON-STATIONARY

STATIONARY

FRAME
FRAME SIZE
FRAME SHIFT

vowels, there is more energy at the lower frequencies thahitiher frequencies. This
drop in energy across frequencies (which is cadlpectral tilt) is caused by the nature
of the glottal pulse. Boosting the high frequency energy@sakformation from these
higher formants more available to the acoustic model andorgs phone detection
accuracy.
This preemphasis is done by using a fittEig. 9.9 shows an example of a spectral

slice from the first author’s pronunciation of the single eb\Jaa] before and after
preemphasis.

204 20,

level (dB/ Hz)
°

Sound pressure level (dB/ Hz)

Sound pressure

Frequency (Hz) Frequency (Hz)

(@) (b)

Figure 9.9 A spectral slice from the vowel [aa] before (a) and after (@gmphasis.

9.3.2 Windowing

Recall that the goal of feature extraction is to provide sjaédeatures that can help
us build phone or subphone classifiers. We therefore domit tweeextract our spectral
features from an entire utterance or conversation, bedhesgpectrum changes very
quickly. Technically, we say that speech is@n-stationary signal, meaning that its
statistical properties are not constant across time. ddst®@e want to extract spectral
features from a smallvindow of speech that characterizes a particular subphone and
for which we can make the (rough) assumption that the signsthtionary (i.e. its
statistical properties are constant within this region).

We'll do this by using a window which is non-zero inside soragion and zero
elsewhere, running this window across the speech signdiesnacting the waveform
inside this window.

We can characterize such a windowing process by three p&gsnéowwide is
the window (in milliseconds), what is tleéfsetbetween successive windows, and what
is theshapeof the window. We call the speech extracted from each windérarae,
and we call the number of milliseconds in the framefitagne sizeand the number of
milliseconds between the left edges of successive windoafsame shift.

The extraction of the signal takes place by multiplying tladue of the signal at

1 For students who have had signal processing: this preernsgiites is a first-order high-pass filter. In the
time domain, with inpuk[n] and 09 < a < 1.0, the filter equation ig[n] = x[n] — ax[n—1].
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(9.9)

RECTANGULAR

HAMMING

(9.10)

(9.11)

FRAME
SHIFT
10 ms

FRAME SIZE
25 ms

Figure 9.10 The windowing process, showing the frame shift and frame, sigsuming
a frame shift of 10ms, a frame size of 25 ms, and a rectangutatomw. After a figure by
Bryan Pellom.

timen, g[n], with the value of the window at time, w[n|:

Figure 9.10 suggests that these window shapes are recéangjote the extracted
windowed signal looks just like the original signal. Indebd simplest window is the
rectangular window. The rectangular window can cause problems, howbeeeause
it abruptly cuts of the signal at its boundaries. These disnaities create problems
when we do Fourier analysis. For this reason, a more commidiom used in MFCC
extraction is theHamming window, which shrinks the values of the signal toward
zero at the window boundaries, avoiding discontinuitieg. .11 shows both of these
windows; the equations are as follows (assuming a windotishaframes long):

1 0<n<L-1
rectangular  wn] = { 0 otherwise
_ _ [ 054-046c0$2™) 0<n<L-1
hamming wn| = { 0 otherwise

9.3.3 Discrete Fourier Transform

The next step is to extract spectral information for our vewdd signal; we need to
know how much energy the signal contains at different fregydands. The tool for
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Figure 9.11 Windowing a portion of a pure sine wave with the rectangutad Blam-
ming windows.

extracting spectral information for discrete frequencpdmfor a discrete-time (sam-
pled) signal is thd®iscrete Fourier Transform or DFT.

The input to the DFT is a windowed signdh]...x[m|, and the output, for each of
N discrete frequency bands, is a complex nunijét representing the magnitude and
phase of that frequency component in the original signalwdfplot the magnitude
against the frequency, we can visualize spectrumthat we introduced in Ch. 7. For
example, Fig. 9.12 shows a 25 ms Hamming-windowed portioa efgnal and its
spectrum as computed by a DFT (with some additional smog}hin

We will not introduce the mathematical details of the DFTeh@xcept to note that
Fourier analysis in general relies &uler’s formula:

el® = cosh + jsind

As a brief reminder for those students who have already lggéhsprocessing, the DFT
is defined as follows:

N-1

X[k = Zox[n]efizﬁk“

A commonly used algorithm for computing the DFT is the Haest Fourier Trans-
form or FFT. This implementation of the DFT is very efficient, but only nke for
values of N which are powers of two.
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Figure 9.12 (a) A 25 ms Hamming-windowed portion of a signal from the vbiixg
and (b) its spectrum computed by a DFT.

Sound pressure level (dB/ Hz)
o

9.3.4 Melfilter bank and log

The results of the FFT will be information about the amountnérgy at each fre-
quency band. Human hearing, however, is not equally seesitiall frequency bands.
It is less sensitive at higher frequencies, roughly abov@19ertz. It turns out that
modeling this property of human hearing during featureamtion improves speech
recognition performance. The form of the model used in MF@&Qs warp the fre-
quencies output by the DFT onto theel scale mentioned in Ch. 7. &el (Stevens
et al., 1937; Stevens and Volkmann, 1940) is a unit of pitdindd so that pairs of
sounds which are perceptually equidistant in pitch arersépa by an equal number of
mels. The mapping between frequency in Hertz and the med sséhear below 1000
Hz and the logarithmic above 1000 Hz. The mel frequemayan be computed from
the raw acoustic frequency as follows:

f
700

During MFCC computation, this intuition is implemented brgating a bank of fil-
ters which collect energy from each frequency band, with li€r§i spaced linearly be-
low 1000 Hz, and the remaining filters spread logarithmycaliove 1000 Hz. Fig. 9.13
shows the bank of triangular filters that implement this idea

Finally, we take the log of each of the mel spectrum valuegeneral the human
response to signal level is logarithmic; humans are lessitdento slight differences
in amplitude at high amplitudes than at low amplitudes. Idigain, using a log makes
the feature estimates less sensitive to variations in ifpuexample power variations
due to the speaker’s mouth moving closer or further from tiophone).

mel(f) =1127In1+

9.3.5 The Cepstrum: Inverse Discrete Fourier Transform

While it would be possible to use the mel spectrum by itsel &eature representation
for phone detection, the spectrum also has some problems a4l see. For this rea-
son, the next step in MFCC feature extraction is the comjmutaf thecepstrum. The
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Figure 9.13  The Mel filter bank, after Davis and Mermelstein (1980). Ea@mgular
filter collects energy from a given frequency range. Fileesspaced linearly below 1000
Hz, and logarithmically above 1000 Hz.

cepstrum has a number of useful processing advantagessansighificantly improves
phone recognition performance.

One way to think about the cepstrum is as a useful way of sépgréne source
andfilter. Recall from Sec?? that the speech waveform is created when a glottal
source waveform of a particular fundamental frequency ssed through the vocal
tract, which because of its shape has a particular filterlmyacteristic. But many
characteristics of the glottaburce(its fundamental frequency, the details of the glottal
pulse, etc) are not important for distinguishing differphibnes. Instead, the most
useful information for phone detection is tfiker, i.e. the exact position of the vocal
tract. If we knew the shape of the vocal tract, we would knoviclviphone was being
produced. This suggests that useful features for phoneta®ievould find a way to
deconvolve (separate) the source and filter and show us balydcal tract filter. It
turns out that the cepstrum is one way to do this.
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Figure 9.14 PLACEHOLDER FIGURE. The magnitude spectrum (a), the log mitage spectrum (b), and

the cepstrum (c). From Taylor (2008). The two spectra haveaothed spectral enveloped laid on top of them to

help visualize the spectrum.

For simplicity, let's ignore the pre-emphasis and mel-irsgghat are part of the
definition of MFCCs, and look just at the basic definition of ttepstrum. The cep-
strum can be thought of as tlspectrum of the log of the spectrumhis may sound
confusing. But let's begin with the easy part: thg of the spectrumThat is, the cep-
strum begins with a standard magnitude spectrum, such asér a vowel shown
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(9.15)

in Fig. 9.14(a) from Taylor (2008). We then take the log, replace each amplitude
value in the magnitude spectrum with its log, as shown in Gifg4(b).

The next step is to visualize the log spectragif itself were a wavefornin other
words, consider the log spectrum in Fig. 9.14(b). Let's imagemoving the axis
labels that tell us that this is a spectrum (frequency on thagig) and imagine that we
are dealing with just a normal speech signal with time on ta&is. Now what can we
say about the spectrum of this ‘pseudo-signal’? Notice tiate is a high-frequency
repetitive component in this wave: small waves that repleatis8 times in each 1000
along the x-axis, for a frequency of about 120 Hz. This higdgfiency component is
caused by the fundamental frequency of the signal, andseptgthe little peaks in the
spectrum at each harmonic of the signal. In addition, thexesame lower frequency
components in this ‘pseudo-signal’; for example the erpelor formant structure has
about four large peaks in the window, for a much lower freqyen

Fig. 9.14(c) shows theepstrum: the spectrum that we have been describing of
the log spectrum. This cepstrum (the warepstrum is formed by reversing the first
letters ofspectrum) is shown withsamplesalong the x-axis. This is because by taking
the spectrum of the log spectrum, we have left the frequenayaih of the spectrum,
and gone back to the time domain. It turns out that the comeitbf a cepstrum is the
sample.

Examining this cepstrum, we see that there is indeed a laegk pround 120,
corresponding to the FO and representing the glottal pulseere are other various
components at lower values on the x-axis. These representoital tract filter (the
position of the tongue and the other articulators). Thuseifare interested in detecting
phones, we can make use of just the lower cepstral values.e lane interested in
detecting pitch, we can use the higher cepstral values.

For the purposes of MFCC extraction, we generally just taleefirst 12 cepstral
values. These 12 coefficients will represent informatiolelgcabout the vocal tract
filter, cleanly separated from information about the glattaurce.

It turns out that cepstral coefficients have the extremesfulgroperty that the
variance of the different coefficients tends to be uncoteelaThis is not true for the
spectrum, where spectral coefficients at different freqgudrands are correlated. The
fact that cepstral features are uncorrelated means, asliewin the next section, that
the Gaussian acoustic model (the Gaussian Mixture Modé&b\k) doesn’t have to
represent the covariance between all the MFCC features;hwhigely reduces the
number of parameters.

For those who have had signal processing, the cepstrum ssfawnally defined as
theinverse DFT of the log magnitude of the DFT of a signaglhence for a windowed
frame of speech(n:

) J%{fkn

The extraction of the cepstrum via the Inverse DFT from thevious section results
in 12 cepstral coefficients for each frame. We next add aetiirth feature: the energy

e JWkn

_jimg(

9.3.6 Deltas and Energy
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ENERGY

(9.16)

DELTA
VELOCITY
DOUBLE DELTA
ACCELERATION

(9.17)

from the frame. Energy correlates with phone identity ant souseful cue for phone
detection (vowels and sibilants have more energy than stips Theenergyin a
frame is the sum over time of the power of the samples in thadrdhus for a signat
in a window from time samplg to time sampléy, the energy is:

t2

Energy= S *?[t]
I;l

Another important fact about the speech signal is that ibisconstant from frame
to frame. This change, such as the slope of a formant at itsitians, or the nature
of the change from a stop closure to stop burst, can provideeéulicue for phone
identity. For this reason we also add features related tahhege in cepstral features
over time.

We do this by adding for each of the 13 features (12 cepstelifes plus en-
ergy) adelta or velocity feature, and @ouble deltaor accelerationfeature. Each of
the 13 delta features represents the change between frarttes ¢orresponding cep-
stral/energy feature, while each of the 13 double deltaifeatrepresents the change
between frames in the corresponding delta features.

A simple way to compute deltas would be just to compute thiedihce between
frames; thus the delta valuit) for a particular cepstral valugt) at timet can be
estimated as:

d(t) = c(t+1);c(t—1)

Instead of this simple estimate, however, it is more commanadke more sophis-
ticated estimates of the slope, using a wider context of éiam

9.3.7 Summary: MFCC

After adding energy, and then delta and double-delta featiorthe 12 cepstral features,
we end up with 39 MFCC features:

12 cepstral coefficients

12 delta cepstral coefficients

12 double delta cepstral coefficients
1 energy coefficient

1 delta energy coefficient

1 double delta energy coefficient
39 MFCC features

Again, one of the most useful facts about MFCC features isttieacepstral coef-
ficients tend to be uncorrelated, which will turn out to make acoustic model much
simpler.
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9.4 (COMPUTING ACOUSTICLIKELIHOODS

VECTOR
QUANTIZATION
vaQ

CODEBOOK
PROTOTYPE VECTOR
CODEWORD

CLUSTERING

The last section showed how we can extract MFCC featuressepting spectral infor-
mation from a wavefile, and produce a 39-dimensional veateryel0 milliseconds.
We are now ready to see how to compute the likelihood of thegeife vectors given
an HMM state. Recall from Ch. 6 that this output likelihoodcemputed by the8
probability function of the HMM. Given an individual statg and an observatiog,
the observation likelihoods iB matrix gave ugp(ot|qi), which we called (i).

For part-of-speech tagging in Ch. 5, each observatiois a discrete symbol (a
word) and we can compute the likelihood of an observatiorm# part-of-speech tag
just by counting the number of times a given tag generategemgibservation in the
training set. But for speech recognition, MFCC vectors ad-valued numbers; we
can’t compute the likelihood of a given state (phone) getiregaan MFCC vector by
counting the number of times each such vector occurs (siacke ene is likely to be
unique).

In both decoding and training, we need an observation hikeld function that can
computep(o|qi) on real-valued observations. In decoding, we are given aarehtion
o; and we need to produce the probabilige; |g;) for each possible HMM state, so we
can choose the most likely sequence of states. Once we hawdtervation likelihood
B function, we need to figure out how to modify the Baum-Weldjoaithm of Ch. 6
to train it as part of training HMMs.

9.4.1 \ector Quantization

One way to make MFCC vectors look like symbols that we coulagntas to build a
mapping function that maps each input vector into one of dismeber of symbols.
Then we could just compute probabilities on these symbolsdunting, just as we
did for words in part-of-speech tagging. This idea of mappinput vectors to discrete
quantized symbols is callagctor quantization or VQ (Gray, 1984). Although vector
quantization is too simple to act as the acoustic model inanodVCSR systems, it is
a useful pedagogical step, and plays an important role iowsiareas of ASR, so we
use it to begin our discussion of acoustic modeling.

In vector quantization, we create the small symbol set bypimgpeach training
feature vector into a small number of classes, and then wesept each class by a
discrete symbol. More formally, a vector quantization sgstis characterized by a
codebook aclustering algorithm, and adistance metric

A codebookis a list of possible classes, a set of symbols constitutivacabulary

V = {vi,Va,...,vn}. For each symboly in the codebook we list arototype vector,

also known as aodeword, which is a specific feature vector. For example if we choose
to use 256 codewords we could represent each vector by afvalued to 255; (this
is referred to as 8-bit VQ, since we can represent each vbgtarsingle 8-bit value).
Each of these 256 values would be associated with a protéégbere vector.

The codebook is created by usinglastering algorithm to cluster all the feature
vectors in the training set into the 256 classes. Then weechaspresentative feature
vector from the cluster, and make it the prototype vectoraategvord for that cluster.
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K-MEANS
CLUSTERING

DISTANCE METRIC

EUCLIDEAN
DISTANCE

(9.18)

K-means clusteringis often used, but we won'’t define clustering here; see Hutalg e
(2001) or Duda et al. (2000) for detailed descriptions.

Once we've built the codebook, for each incoming featurdoreee compare it to
each of the 256 prototype vectors, select the one which sestaby somelistance
metric), and replace the input vector by the index of this prototygetor. A schematic
of this process is shown in Fig. 9.15.

The advantage of VQ is that since there are a finite numbeae$ek, for each class
Vi, We can compute the probability that it is generated by agfiielM state/sub-phone
by simply counting the number of times it occurs in some fragrset when labeled by
that state, and normalizing.

Codebook of 256

I |
2
MMM 3
Input Feature Vector 4
(NN
IIIIIINININNILD ..
(AN
NI
144 1 44
Compare to Codebook MMM -
P O Of“;p“‘ index
I ©* best vector
IO

Figure 9.15 Schematic architecture of the (trained) vector quantra{V Q) process
for choosing a symbolq for each input feature vector. The vector is compared to each
codeword in the codebook, the closest entry (by some distaratric) is selected, and th
index of the closest codeword is output.

%

Both the clustering process and the decoding process eequiistance metric
or distortion metric, that specifies how similar two acoustic feature @ectre. The
distance metric is used to build clusters, to find a prototygeor for each cluster, and
to compare incoming vectors to the prototypes.

The simplest distance metric for acoustic feature vecwEuclidean distance
Euclidean distance is the distance in N-dimensional spateden the two points de-
fined by the two vectors. In practice we use the phrase ‘Eeahdlistance’ even though
we actually often use the square of the Euclidean distankas given a vectox and
a vectory of length D, the (square of the) Euclidean distance betwleemtis defined
as:

D
deyclidea®y) = _Z(Xi -yi)?
=
The (squared) Euclidean distance described in (9.18) (aodrs for two dimen-
sionsin Fig. 9.16) is also referred to as the sum-squared arrd can also be expressed
using the vector transpose operator as:
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(9.19)

MAHALANOBIS
DISTANCE

(9.20)

(9.21)

deuclideasy) = (X=y)" (x—y)

A
y
Y,
d(x.y)
X
X
2
X, Y
Figure 9.16 Euclidean distance in two dimensions; by the Pythagoreaorém,
the distance between two points in a plaxe= (x1,yl) andy = (x2,y2) d(x,y) =
Vxa—x2)? + (y1 —¥2)2.

The Euclidean distance metric assumes that each of the diamenof a feature
vector are equally important. But actually each of the disi@ms have very different
variances. If a dimension tends to have a lot of variance) the'd like it to count
less in the distance metric; a large difference in a dimenwith low variance should
count more than a large difference in a dimension with higiange. A slightly more
complex distance metric, tHdahalanobis distance takes into account the different
variances of each of the dimensions.

If we assume that each dimensibaf the acoustic feature vectors has a variance
o, then the Mahalanobis distance is:

D

(X —yi)?
d i&Y) =
mahalanobig i; 02
For those readers with more background in linear algebraih#re general form
of Mahalanobis distance, which includes a full covarian@érin (covariance matrices
will be defined below):

dmahalanobigsy) = (X=Y)TZ H(x—y)

In summary, when decoding a speech signal, to compute arstictkelihood of
a feature vectoo; given an HMM statey; using VQ, we compute the Euclidean or
Mahalanobis distance between the feature vector and edbb df codewords, choose
the closest codeword, getting the codeword index\Ve then look up the likelihood of
the codeword indey, given the HMM statg in the pre-computeB likelihood matrix
defined by the HMM:
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(9.22)
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(9.23)

(9.24)

(9.25)

6,- (or) = bj(v) s.t. v is codeword of closest vector tp

Since VQ is so rarely used, we don’t use up space here giviegduations for
modifying the EM algorithm to deal with VQ data; instead, wefat discussion of
EM training of continuous input parameters to the next sectivhen we introduce
Gaussians.

9.4.2 Gaussian PDFs

Vector quantization has the advantage of being extremslytesecompute and requires
very little storage. Despite these advantages, vectortpadion turns out not to be a
good model of speech. A small number of codewords is insaffidb capture the wide
variability in the speech signal. Speech is simply not agm@teal, symbolic process.

Modern speech recognition algorithms therefore do not estov quantization to
compute acoustic likelihoods. Instead, they are based mpuating observation prob-
abilities directly on the real-valued, continuous inpudtfee vector. These acoustic
models are based on computingmbability density function or pdf over a contin-
uous space. By far the most common method for computing &icdikelihoods is
the Gaussian Mixture Model (GMM ) pdfs, although neural networks, support vector
machines (SVMs) and conditional random fields (CRFs) are@sd.

Let's begin with the simplest use of Gaussian probabilitinestors, slowly build-
ing up the more sophisticated models that are used.

Univariate Gaussians

The Gaussiandistribution, also known as theormal distribution , is the bell-curve
function familiar from basic statistics. A Gaussian disiition is a function parame-
terized by anean or average value, andvariance, which characterizes the average
spread or dispersal from the mean. We will yséo indicate the mean, and? to
indicate the variance, giving the following formula for au@aian function:

2

1 (X—H)
f(x|u,0) = ——=exp—
( “‘lv ) /—27_[0_2 q 20—2 )
Recall from basic statistics that the mean of a random vizriglis the expected
value ofX. For a discrete variabl¥, this is the weighted sum over the values<offor
a continuous variable, it is the integral):

N
H=E(X) :_;p(mm

The variance of a random variab¥ is the weigthed squared average deviation
from the mean:

N
0f =EX~E(X))*= 5 pX)(§ ~E(X))*

When a Gaussian function is used as a probability densitstiom, the area under
the curve is constrained to be equal to one. Then the pratyahiht a random variable
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Figure 9.17  Gaussian functions with different means and variances.

takes on any particular range of values can be computed bynswgrthe area under
the curve for that range of values. Fig. 9.18 shows the piitityedxpressed by the area
under an interval of a Gaussian.
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Figure 9.18 A Gaussian probability density function, showing a regiamf O to 1 with
a total probability of .341. Thus for this sample Gaussiae, firobability that a value on
the X axis lies between 0 and 1 is .341.
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(9.26)

(9.27)

(9.28)

(9.29)

(9.30)

We can use a univariate Gaussian pdf to estimate the pritpahat a particular
HMM state j generates the value of a single dimension of a feature vbgtassuming
that the possible values of (this one dimension of the) alasien feature vectos; are
normally distributed. In other words we represent the oketérn likelihood function
bj (o) for one dimension of the acoustic vector as a Gaussian. akinthe moment,
our observation as a single real valued number (a singldére¢fssature), and assuming
that each HMM statg has associated with it a mean valugand variances?, we
compute the likelihoot;(o) via the equation for a Gaussian pdf:

bj(or) =

2

1 exp<— (o I;J) )
\/2m0? 20;

Equation (9.26) shows us how to compinéo; ), the likelihood of an individual
acoustic observation given a single univariate Gauss@n &tatej with its mean and
variance. We can now use this probability in HMM decoding.

But first we need to solve the training problem; how do we cotathis mean and
variance of the Gaussian for each HMM stgt@ Let'’s start by imagining the simpler
situation of a completely labeled training set, in whichleacoustic observation was
labeled with the HMM state that produced it. In such a trairéet, we could compute
the mean of each state by just taking the average of the viduescho; that corre-
sponded to state as show in (9.27). The variance could just be computed fiwn t
sum-squared error between each observation and the mesmwas in (9.28).

1 T
b = = Ziot s.t.q is statel

TZ
. 14 . .
6% = = (0 — phi)? s.t. q is statel

t=

But since states are hidden in an HMM, we don’t know exactlycllobservation
vectoro; was produced by which state. What we would like to do is assaph ob-
servation vectoo to every possible staig prorated by the probability that the HMM
was in state at timet. Luckily, we already know how to do this prorating; the prob-
ability of being in staté at timet was defined in Ch. 6 a&§(i), and we saw how to
computeé; (i) as part of the Baum-Welch algorithm using the forward anckbacd
probabilities. Baum-Welch is an iterative algorithm, anel will need to do the prob-
ability computation of; (i) iteratively since getting a better observation probabbit
will also help us be more sure of the probabilityof being in a state at a certain time.

Thus we give equations for computing an updated mean ananesiji ando:

g = deél)o

D Y0
52 Y1 &(i)(o — )2
! Sia &)

Equations (9.29) and (9.30) are then used in the forwaréveaa (Baum-Welch)training
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(9.31)

(9.32)

(9.33)

DIAGONAL

of the HMM. As we will see, the values pf andg; are first set to some initial estimate,
which is then re-estimated until the numbers converge.

Multivariate Gaussians

Equation (9.26) shows how to use a Gaussian to compute astactkelihood for a
single cepstral feature. Since an acoustic observatiowvéstr of 39 features, we'll
need to use a multivariate Gaussian, which allows us to mssjgrobability to a 39-
valued vector. Where a univariate Gaussian is defined by ameand a variance
02, a multivariate Gaussian is defined by a mean veftaf dimensionality D and

a covariance matrix, defined below. As we discussed in the previous section, for a
typical cepstral feature vector in LVCSR, D is 39:

F(RL,) = —1<x—u>Tzl<x—u>)

e
—=——exp
(2m) 2|52 2

The covariance matriX captures the variance of each dimension as well as the
covariance between any two dimensions.

Recall again from basic statistics that the covariance of tmndom variableX
andyY is the expected value of the product of their average deviatirom the mean:

N
Z=E[X-EX)(Y-E(Y)]) = ;p(XiYi)(N —EX)(Yi—E(Y))

Thus for a given HMM state with mean vectpy and covariance matriX;, and a
given observation vectay, the multivariate Gaussian probability estimate is:

. _# _1' —uN's Yo — u:
b,(ot)—(ZH)%|z|%exp< 50— ) 2 (o u1)>

The covariance matriX;j expresses the variance between each pair of feature di-
mensions. Suppose we made the simplifying assumption eélatifes in different di-
mensions did not covary, i.e., that there was no correldietween the variances of
different dimensions of the feature vector. In this casecaeld simply keep a dis-
tinct variance for each feature dimension. It turns out Ke@ping a separate variance
for each dimension is equivalent to having a covarianceirmttat is diagonal, i.e.
non-zero elements only appear along the main diagonal ofngteix. The main di-
agonal of such a diagonal covariance matrix contains thiavees of each dimension,
0%,02,...03;

Let's look at some illustrations of multivariate Gaussigiogusing on the role of
the full versus diagonal covariance matrix. We'll explorsimple multivariate Gaus-
sian with only 2 dimensions, rather than the 39 that are afjicASR. Fig. 9.19 shows
three different multivariate Gaussians in two dimensiofke leftmost figure shows
a Gaussian with a diagonal covariance matrix, in which thiéawaes of the two di-
mensions are equal. Fig. 9.20 shows 3 contour plots comelsipgto the Gaussians in
Fig. 9.19; each is a slice through the Gaussian. The leftgragth in Fig. 9.20 shows
a slice through the diagonal equal-variance Gaussian. [ideeis circular, since the
variances are equal in both the X and Y directions.
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(a) (b) (c)

Figure 9.19 Three different multivariate Gaussians in two dimensionghe first
two have diagonal covariance matrices, one with equal negidan the two dimensions

{é ﬂ the second with different variances in the two dimensi({ng (2)} and the

third with non-zero elements in the off-diagonal of the atavace matrix:{ }3 '1 } .

The middle figure in Fig. 9.19 shows a Gaussian with a diagomadriance matrix,
but where the variances are not equal. It is clear from thigéigand especially from
the contour slice show in Fig. 9.20, that the variance is rtfzaia 3 times greater in one
dimension than the other.

| 2 2
pt 3 1]
o o o

Bl = -

= -2 2

o

@) (b) (c)

Figure 9.20 The same three multivariate Gaussians as in the previougfifuom left
to right, a diagonal covariance matrix with equal varianitagonal with unequal variance
and and nondiagonal covariance. With non-diagonal cavegiaknowing the value on
dimension X tells you something about the value on dimen¥ion

The rightmost graph in Fig. 9.19 and Fig. 9.20 shows a Gawssith a non-
diagonal covariance matrix. Notice in the contour plot ig.M.20 that the contour
is not lined up with the two axes, as it is in the other two pl&scause of this, know-
ing the value in one dimension can help in predicting theeaiithe other dimension.
Thus having a non-diagonal covariance matrix allows us tdehcorrelations between
the values of the features in multiple dimensions.

A Gaussian with a full covariance matrix is thus a more powlerfodel of acoustic
likelihood than one with a diagonal covariance matrix. Andeed, speech recognition
performance is better using full-covariance Gaussians diegonal-covariance Gaus-
sians. But there are two problems with full-covariance Gaus that makes them
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(9.34)

(9.35)

(9.36)
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(9.37)

difficult to use in practice. First, they are slow to compufefull covariance matrix
hasD? parameters, where a diagonal covariance matrix has@niyhis turns out to
make a large difference in speed in real ASR systems. Seaduoli covariance matrix
has many more parameters and hence requires much more tiaia than a diagonal
covariance matrix. Using a diagonal covariance model meansan save room for
using our parameters for other things like triphones (cardependent phones) to be
introduced in Sec??.

For this reason, in practice most ASR systems use diagonaliemce. We will
assume diagonal covariance for the remainder of this sectio

Equation (9.33) can thus be simplified to the version in (Pud4vhich instead of a
covariance matrix, we simply keep a mean and variance fdr éamsension. Equation
(9.34) thus describes how to estimate the likelihbp@) of a D-dimensional feature
vectoro; given HMM statej, using a diagonal-covariance multivariate Gaussian.

J_l 1/27102 exp< Tjg?

Training a diagonal-covariance multivariate Gaussiansergle generalization of
training univariate Gaussians. We’'ll do the same Baum-Watining, where we use
the value ofé& (i) to tell us the likelihood of being in staieat timet. Indeed, we’ll
use exactly the same equation as in (9.30), except that ncavendealing with vectors
instead of scalars; the observatians a vector of cepstral features, the mean vector

[l is a vector of cepstral means, and the variance veaq?o'rs a vector of cepstral
variances.

g = 2eél)o
D M X()

52 _ 2ia&@—pm)(o— )"
| Se1&()

Gaussian Mixture Models

The previous subsection showed that we can use a multigdBiatissian model to as-
sign a likelihood score to an acoustic feature vector oladEm. This models each
dimension of the feature vector as a normal distributiont @particular cepstral fea-
ture might have a very non-normal distribution; the assuompdf a normal distribu-
tion may be too strong an assumption. For this reason, wa oftelel the observation
likelihood not with a single multivariate Gaussian, butwatweighted mixture of mul-
tivariate Gaussians. Such a model is calle@aussian Mixture Model or GMM .
Equation (9.37) shows the equation for the GMM function;résulting function is the
sum ofM Gaussians. Fig. 9.21 shows an intuition of how a mixture aisS&ns can
model arbitrary functions.

f(Xpu,z) = z < |Zk expl(x— k) "= (x— k)]
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(9.38)

(9.39)

(9.40)

(9.41)

Figure 9.21  An arbitrary function approximated by a mixture of 3 gaussia

Equation (9.38) shows the definition of the output likeliddanctionb; (o)

i 1 Tg-1
bJ (Ot) nglclm \/mexq(x “Jm) ij (Ot UJm)]

Let’s turn to training the GMM likelihood function. This magem hard to do; how
can we train a GMM model if we don’t know in advance which mhetis supposed to
account for which part of each distribution? Recall thatrgks multivariate Gaussian
could be trained even if we didn’t know which state accourite@ach output, simply
by using the Baum-Welch algorithm to tell us the likelihoddeing in each stat¢ at
timet. It turns out the same trick will work for GMMs; we can use Badfelch to tell
us the probability of a certain mixture accounting for thes@lyation, and iteratively
update this probability.

We used the& function above to help us compute the state probability. B3l@gy
with this function, let's definé;m(]) to mean the probability of being in statat time
t with the mth mixture component accounting for the output observationWe can
computeéim(j) as follows:

Eunl]) = Zi1Nat1(j()xiij(<;j;wbjm(0t)ﬁt(j)

Now if we had the values of from a previous iteration of Baum-Welch, we can
useéim(j) to recompute the mean, mixture weight, and covariance ukmpllowing
equations:

fo — _Scaém(o
Y13 hea &ml(i)
o i &m(i)

0
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LOGPROB

(9.43)

(9.44)

(9.45)

(9.46)
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9.4.3 Probabilities, log probabilities and distance funabns

Up to now, all the equations we have given for acoustic moddtiave used probabil-
ities. It turns out, however, thatlag probability (or logprob) is much easier to work
with than a probability. Thus in practice throughout sperssdognition (and related
fields) we compute log-probabilities rather than prob&bdi

One major reason that we can’t use probabilities is numerdetflow. To com-
pute a likelihood for a whole sentence, say, we are multigiyinany small prob-
ability values, one for each 10ms frame. Multiplying manyplmabilities results in
smaller and smaller numbers, leading to underflow. The log sinall number like
.0000000%= 108, on the other hand, is a nice easy-to-work-with-number-iige A
second reason to use log probabilities is computationadspkstead of multiplying
probabilities, we add log-probabilities, and adding istdagshan multiplying. Log-
probabilities are particularly efficient when we are usinguSsian models, since we
can avoid exponentiating.

Thus for example for a single multivariate diagonal-coaace Gaussian model,
instead of computing:

o) = b1 exp(_}(otd—lljd)2>
(!:ll \ /27'[01-2d 2 szd
we would compute

D

logbj (o) =3 > (Qa— o) _“jd)zl

[Iog(Zn) + on + g
jd
With some rearrangement of terms, we can rewrite this egu#di pull out a constant
Cs
logbj (o) =C— = dz 2“ io)”
Oj4
where C can be precomputed:

C= 19 log(2 2
__Egl(Og( m+0jy)

In summary, computing acoustic models in log domain meansaarsimpler com-
putation, much of which can be precomputed for speed.

The perceptive reader may have noticed that equation (f2dk3 very much like
the equation for Mahalanobis distance (9.20). Indeed, aetavthink about Gaussian
logprobs is as just a weighted distance metric.

A further point about Gaussian pdfs, for those readers vatbutus. Although the
equations for observation likelihood such as (9.26) aravatad by the use of Gaus-
sian probability density functions, the values they reforrthe observation likelihood,
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bj (o), are not technically probabilities; they may in fact be geeghan one. This is
because we are computing the valudq(io) at a single point, rather than integrating
over a region. While the total area under the Gaussian PDFgsiconstrained to one,
the actual value at any point could be greater than one. (magvery tall skinny
Gaussian; the value could be greater than one at the celtherygh the area under the
curve is still 1.0). If we were integrating over a region, weukd be multiplying each
point by its widthdx, which would bring the value down below one. The fact that the
Gaussian estimate is not a true probability doesn’t mattectioosing the most likely
HMM state, since we are comparing different Gaussians, ebefnich is missing this

dx factor.

In summary, the last few subsections introduced Gaussiaelsfor acoustic train-
ing in speech recognition. Beginning with simple univagi@aussian, we extended
first to multivariate Gaussians to deal with the multidinienality acoustic feature
vectors. We then introduced the diagonal covariance sfivgion of Gaussians, and
then introduced Gaussians mixtures (GMMSs).

9.5 THE LEXICON AND LANGUAGE MODEL

Since previous chapters had extensive discussions dbfram language model (Ch. 4)
and the pronunciation lexicon (Ch. 7), in this section we prgfly recall them to the
reader.

Language models for LVCSR tend to be trigrams or even foangrgood toolkits
are available to build and manipulate them (Stolcke, 20029 et al., 2005). Bigrams
and unigram grammars are rarely used for large-vocabulgplications. Since tri-
grams require huge amounts of space, however, languagdsifiodmemory-constrained
applications like cell phones tend to use smaller contextsige compression tech-
niques). As we will discuss in Ch. 24, some simple dialogugliegtions take ad-
vantage of their limited domain to use very simple finiteestat weighted-finite state
grammars.

Lexicons are simply lists of words, with a pronunciation é&ach word expressed
as a phone sequence. Publicly available lexicons like théJGNttionary (CMU,
1993) can be used to extract the 64,000 word vocabulariesooty used for LVCSR.
Most words have a single pronunciation, although some wawdl as homonyms and
frequent function words may have more; the average numbprasfunciations per
word in most LVCSR systems seems to range from 1 to 2.5.%4n.Ch. 10 discusses
the issue of pronunciation modeling.

9.6 SEARCH AND DECODING

We are now very close to having described all the parts of apbete speech recog-
nizer. We have shown how to extract cepstral features farad; and how to compute
the acoustic likelihood; (o) for that frame. We also know how to represent lexical
knowledge, that each word HMM is composed of a sequence dighwdels, and
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DECODING

(9.47)

LMSF

(9.48)

WORD INSERTION
PENALTY

each phone model of a set of subphone states. Finally, in @Gle.ghowed how to use
N-grams to build a model of word predictability.

In this section we show how to combine all of this knowledgsdtve the problem
of decoding combining all these probability estimators to producertteest probable
string of words. We can phrase the decoding question asefGivstring of acoustic
observations, how should we choose the string of words whastthe highest posterior
probability?’

Recall from the beginning of the chapter the noisy channelehfor speech recog-
nition. In this model, we use Bayes rule, with the result thatbest sequence of words
is the one that maximizes the product of two factors, a lagguaodel prior and an
acoustic likelihood:

likelihood prior

~ — ~
W = argmaxP(O|W) P(W)
WeZ
Now that we have defined both the acoustic model and languagielmve are

ready to see how to find this maximum probability sequenceatia: First, though,
it turns out that we'll need to make a modification to Equati®i7), because it relies
on some incorrect independence assumptions. Recall thatamed a multivariate
Gaussian mixture classifier to compute the likelihood of dipalar acoustic observa-
tion (a frame) given a particular state (subphone). By campgwseparate classifiers
for each acoustic frame and multiplying these probabditteget the probability of the
whole word, we are severely underestimating the probglafieach subphone. This
is because there is a lot of continuity across frames; if weevte take into account
the acoustic context, we would have a greater expectatiom diven frame and hence
could assign it a higher probability. We must therefore iigivethe two probabilities.
We do this by adding in &anguage model scaling factoior LMSF, also called the
language weight This factor is an exponent on the language model probgBi{lV).
Becausd®(W) is less than one and the LMSF is greater than one (between Bsaird
many systems), this has the effect of decreasing the valtieedfM probability:

W = argmaP(OW)P(W)-MSF
Wez
Reweighting the language model probabifV) in this way requires us to make
one more change. This is becal®®V) has a side-effect as a penalty for inserting
words. It's simplest to see this in the case of a uniform laggumodel, where every
word in a vocabulary of sizf/| has an equal probabilit?%. In this case, a sentence

with N words will have a language model probability‘éf for each of theN words,

for a total penalty of of%. The large is (the more words in the sentence), the more

times this\% penalty multiplier is taken, and the less probable the seetevill be. Thus
if (on average) the language model probability decreasess(ing a larger penalty), the
decoder will prefer fewer, longer words. If the language elquobability increases
(larger penalty), the decoder will prefer more shorter vgoithus our use of a LMSF to
balance the acoustic model has the side-effect of deciggtmnword insertion penalty.
To offset this, we need to add back in a sepavaied insertion penalty:
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(9.49) W = argmaP(OW)P(W)-MSFw PN
WeZ

Since in practice we use logprobs, the goal of our decoder is:

(9.50) W = argmaxogP(O|W) 4+ LMSFx logP(W) + N x logWIP
WeZ

Now that we have an equation to maximize, let's look at howaoadle. It's the job
of a decoder to simultaneously segment the utterance intdsasnd identify each of
these words. This task is made difficult by variation, botleirms of how words are
pronounced in terms of phones, and how phones are artidulat@coustic features.
Just to give an intuition of the difficulty of the problem imag a massively simplified
version of the speech recognition task, in which the decisdgven a series of discrete
phones. In such a case, we would know what each phone was eviiécpaccuracy,
and yet decoding is still difficult. For example, try to deedtie following sentence
from the (hand-labeled) sequence of phones from the Swatnttbcorpus (don’t peek
ahead!):

[aydihshherdsahmthihngaxbawmuhvihngrihsenlih]

The answer is in the footnofe The task is hard partly because of coarticulation
and fast speech (e.qg., [d] for the first phonéusti). But it’s also hard because speech,
unlike English writing, has no spaces indicating word bautes. The true decoding
task, in which we have to identify the phones at the same timmea identify and
segment the words, is of course much harder.

For decoding, we will start with the Viterbi algorithm thaevntroduced in Ch. 6,
in the domain ofligit recognition, a simple task with with a vocabulary size of 11 (the
numbersonethroughnine pluszeroandoh).

Recall the basic components of an HMM model for speech ratiogn

Q=0102...0n a set ofstatescorresponding tsubphones

A=agiagz...an1...ann  atransition probability matrix A, eacha;j rep-
resenting the probability for each subphone of
taking aself-loopor going to the next subphone.
Together,Q and A implement apronunciation
lexicon, an HMM state graph structure for each
word that the system is capable of recognizing.

B=nhi(o) A set of observation likelihoods; also called
emission probabilities each expressing the
probability of a cepstral feature vector (observa-
tion o) being generated from subphone state

The HMM structure for each word comes from a lexicon of wordrmumciations.
Generally we use an off-the-shelf pronunciation dictigreuch as the free CMUdict
dictionary described in Ch. 7. Recall from page 9 that the HstMcture for words in

2 | just heard something about moving recently.
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speech recognition is a simple concatenation of phone HMidsh phone consisting
of 3 subphone states, where every state has exactly twatioass a self-loop and a
loop to the next phones. Thus the HMM structure for each eligitd in our digit rec-
ognizer is computed simply by taking the phone string fromdittionary, expanding
each phone into 3 subphones, and concatenating togethaddition, we generally
add an optional silence phone at the end of each word, alipthie possibility of paus-
ing between words. We usually define the set of st@ideom some version of the
ARPAbet, augmented with silence phones, and expandeddtedtaee subphones for
each phone.

The A andB matrices for the HMM are trained by the Baum-Welch algoritimm
the embedded training procedure that we will describe in Sec. 9.7. For now we’'ll
assume that these probabilities have been trained.

Fig. 9.22 shows the resulting HMM for digit recognition. Kdhat we've added
non-emitting start and end states, with transitions froengthd of each word to the end
state, and a transition from the end state back to the stde &t allow for sequences
of digits. Note also the optional silence phones at the erahol word.

Digit recognizers often don’t use word probabilities, sric many digit situations
(phone numbers or credit card numbers) each digit may hawesjaal probability of
appearing. But we've included transition probabilitietoirrach word in Fig. 9.22,
mainly to show where such probabilities would be for othedksi of recognition tasks.
As it happens, there are cases where digit probabilitiesaltem such as in addresses
(which are often likely to end in 0 or 00) or in cultures wheoen® numbers are lucky
and hence more frequent, such as the lucky number ‘8’ in Gline

Now that we have an HMM, we can use the same forward and Viggoirithms
that we introduced in Ch. 6. Let's see how to use the forwagdrithm to generate
P(O|W), the likelihood of an observation sequer@eiven a sequence of wordlg;
we'll use the single word “five”. In order to compute this likeod, we need to sum
over all possible sequences of states; assurimedas the states [f], [ay], and [v], a
10-observation sequence includes many sequences suehfafidtving:

ay ay ay ay v .V Vv
ay ay ay ay v Vv
f f ay ay ay ay
ay ay ay ay ay ay
ay ay ay ay ay ay ay
ay ay ay ay ay v Vv

—h —h —h —h —h —h

—h —h —h —h —h
< << <

< << << <

The forward algorithm efficiently sums over this large numbg sequences in
O(N?T) time.

Let's quickly review the forward algorithm. It is a dynamicogramming algo-
rithm, i.e. an algorithm that uses a table to store interatedialues as it builds up the
probability of the observation sequence. The forward dligor computes the obser-
vation probability by summing over the probabilities of ptissible paths that could
generate the observation sequence.

Each cell of the forward algorithm trellig (j) or forward(t, j] represents the proba-
bility of being in statej after seeing the firgtobservations, given the automatonThe
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Figure 9.22 An HMM for the digit recognition task. A lexicon specifies tiphone
sequence, and each phone HMM is composed of three subphaclesvéh a Gaussian,
emission likelihood model. Combining these and adding dional silence at the end of
each word, results in a single HMM for the whole task. Notetthasition from the End
state to the Start state to allow digit sequences of arpiteangth.
value of each celix; (j) is computed by summing over the probabilities of every path
that could lead us to this cell. Formally, each cell expresise following probability:
(9.51) ai(j) =P(01,02...0, 0 = j[A)
Hereq; = j means “the probability that thh state in the sequence of states is state
j”. We compute this probability by summing over the extensiofall the paths that
lead to the current cell. For a given stafeat timet, the valuea () is computed as:
N
(9.52)

ai(j) = _Zlatfl(i)aijbj (o)

The three factors that are multiplied in Eq” 9.52 in extegdhre previous paths to
compute the forward probability at tinteare:
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(9.53)

a;-1(i) theprevious forward path probability from the previous time step
aij thetransition probability from previous state; to current state;

bj(o)  thestate observation likelihoodof the observation symbak given
the current statg

The algorithm is described in Fig. 9.23.

function FORWARD(observationf len T, state-graphof len N) returns forward-prob

create a probability matriforward[N+2,T]

for each statsfrom 1to N do ;initialization step
forwards, 1]« ags * bs(01)
for each time stepfrom 2to T do ;recursion step

for each statsfrom 1to N dg
forward[s,t] — Z forward[s,t — 1] « ag s * bs(o;)
=1

N
forwardgr,T] z forward[s, T] * asgq. ; termination step

s=1
return forward[gr, T]

Figure 9.23 The forward algorithm for computing likelihood of obserieat sequence
given a word modelas, s'] is the transition probability from current statéo next states,
andb[s, o] is the observation likelihood & giveno:. The observation likelihooH[s, o]
is computed by thacoustic model

Let's see a trace of the forward algorithm running on a sifigdiHMM for the
single wordfive given 10 observations; assuming a frame shift of 10ms, thises to
100ms. The HMM structure is shown vertically along the Iéffiy. 9.24, followed by
the first 3 time-steps of the forward trellis. The comple#dlis is shown in Fig. 9.25,
together withB values giving a vector of observation likelihoods for eamfe. These
likelihoods could be computed by any acoustic model (GMMstber); in this exam-
ple we've hand-created simple values for pedagogical mapo

Let's now turn to the question of decoding. Recall the Vitelbcoding algorithm
from our description of HMMs in Ch. 6. The Viterbi algorithraturns the most likely
state sequence (which is not the same as the most likely vegnaesice, but is often a
good enough approximation) in tin@(N>T).

Each cell of the Viterbi trellisy;(j) represents the probability that the HMM is in
state| after seeing the first observations and passing through the most likely state
sequencey;...0t—1, given the automatoA. The value of each celk(j) is computed
by recursively taking the most probable path that could lesitb this cell. Formally,
each cell expresses the following probability:

Wt (j) = P(do,d1---Gt-1,01,02...01, G = j|A)
Like other dynamic programming algorithms, Viterbi fillsabacell recursively.
Given that we had already computed the probability of bemguery state at time
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Figure 9.24  The first 3 time-steps of the forward trellis computation tfee wordfive
TheA transition probabilities are shown along the left edge Blobservation likelihoods
are shown in Fig. 9.25.

\% 0 0 0.008| 0.0093| 0.0114 | 0.00703| 0.00345| 0.00306| 0.00206| 0.00117
AY 0 0.04 | 0.054| 0.0664| 0.0355 0.016 0.00676 | 0.00208| 0.000532| 0.000109
F 0.8 | 0.32| 0.112| 0.0224| 0.00448| 0.000896| 0.000179| 4.48e-05| 1.12e-05| 2.8e-06
Time[| 1 | 2 [ 3 [ 4 | 5 | 6 | 7] 8 ] 9 | 10 |
f 08 f 08 f 07/f 04°f 0.4 f 0.4 f 0.4 f 0.5 f 0.5 f 0.5
ay 0. ay 0. ay 0.3 ay 0.8ay 0.8 ay 0.8 ay 0.8 ay 0.6 ay 0.5 ay 0.4
B v 06gv 06v 04v 03vVv 0.3 v 0.3 v 0.3 v 0.6/ v 0.8 v 0.9
p 04p 04p 02p O04p 0.4 p 0.1 p 0.4 p 0.1 p 0.3 p 0.3
iy 0.1l iy 0.1{iy 0.3/ iy 0.6/iy 0.6 iy 0.6| iy 0.6| iy 0.5| iy 0.5 iy 0.4

Figure 9.25 The forward trellis for 10 frames of the wofide, consisting of 3 emitting statef &y, v), plus non-
emitting start and end states (not shown). The bottom hali@table gives part of thB observation likelihood
vector for the observation at each framep(o|q) for each phone. B values are created by hand for pedagodjical

purposes. This table assumes the HMM structurefif@ shown in Fig. 9.24, each emitting state having a .5
loopback probability.

(9.54)

t—1, We compute the Viterbi probability by taking the most mble of the extensions
of the paths that lead to the current cell. For a given sjage timet, the valuex(j) is
computed as:

w(i) = maxi_.()aj bj(o)

The three factors that are multiplied in Eq. 9.54 for extegdhe previous paths to
compute the Viterbi probability at tinteare:

vi—1(i) theprevious Viterbi path probability from the previous time step
aij thetransition probability from previous state; to current state;

bj(o) thestate observation likelihoodof the observation symba given
the current stat¢

Fig. 9.26 shows the Viterbi algorithm, repeated from Ch. 6.
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function VITERBI(observation®f len T,state-graptof len N) returns best-path

create a path probability matrisiterbi[N+2,T]
for each statsfrom 1to Ndo ;initialization step
viterbi[s, 1]« ag s * bs(01)
backpointefs,1]< 0
for each time stepfrom 2to T do ;recursion step
for each statsfrom 1to N do

viterbi[s,t]Hrg’\éx viterbi[g,t — 1] * ag s * bs(0t)
-1 )

backpointe[s,t]garg'lynax viterbi[s,t — 1] x ag g
g=1

o N o —
viterbi[gr, T] « malx viterbi[s, T] * asge ; termination step
o

backpointefgr,T] arg’?lnax viterbi[s, T] * agg: ; termination step

s=1
return the backtrace path by following backpointers to states bactime from
backpointefgr, T]

Figure 9.26  Viterbi algorithm for finding optimal sequence of hiddentega Given
an observation sequence of words and an HMM (as defined by @red B matrices),
the algorithm returns the state-path through the HMM whig$igns maximum likelihood
to the observation sequencas’, g is the transition probability from previous stafeto
current state, andbs(ot) is the observation likelihood afgivenot. Note that states 0 and
F are non-emitting start and end states.

Recall that the goal of the Viterbi algorithm is to find the tetate sequencg=
(010203 .- O7) given the set of observatioms= (010203...07). It needs to also find
the probability of this state sequence. Note that the Mit@idorithm is identical to the
forward algorithm except that it takes the MAX over the poaid path probabilities
where forward takes the SUM.

Fig. 9.27 shows the computation of the first three time-siefke Viterbi trellis
corresponding to the forward trellis in Fig. 9.24. We havaiagised the made-up
probabilities for the cepstral observations; here we a#lo common convention in
not showing the zero cells in the upper left corner. Note ¢iméy the middle cell in the
third column differs from Viterbi to forward. Fig. 9.25 shewhe complete trellis.

Note the difference between the final values from the Vit forward algo-
rithms for this (made-up) example. The forward algorithmegi the probability of
the observation sequence as .00128, which we get by sumherfgnal column. The
Viterbi algorithm gives the probability of the observatggguence given the best path,
which we get from the Viterbi matrix as .000493. The Viterbolpability is much
smaller than the forward probability, as we should expeutesiviterbi comes from a
single path, where the forward probability is the sum oviepaths.

The real usefulness of the Viterbi decoder, of course, heissiability to decode
a string of words. In order to do cross-word decoding, we rnteeaugment theA
matrix, which only has intra-word state transitions, witle inter-word probability of
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Figure 9.27 The first 3 time-steps of the viterbi trellis computation fbe wordfive

TheA transition probabilities are shown along the left edge;Blabservation likelihoods
are shown in Fig. 9.28. In this computation we make the sifyiplj assumption that the|
probability of starting in state 1 (phone [f]) is 1.0

\% 0 0 0.008| 0.0072| 0.00672| 0.00403| 0.00188| 0.00161| 0.000667| 0.000493
AY 0 0.04 | 0.048| 0.0448| 0.0269| 0.0125 | 0.00538| 0.00167| 0.000428| 8.78e-05
F 0.8 | 0.32| 0.112| 0.0224| 0.00448| 0.000896| 0.000179| 4.48e-05| 1.12e-05| 2.8e-06
Timel[ 1 | 2 [ 8 [ 4 | | | | | [ 10 |
f 08 f 08 f 07/f 04°f 0.4 f 0.4 f 0.4 f 0.5 f 0.5 f 0.5
ay 0. ay 0. ay 0.3 ay 0.8ay 0.8 ay 0.8 ay 0.8 ay 0.6 ay 0.5 ay 0.4
B v 06gv 06v 04v 03vVv 0.3 v 0.3 v 0.3 v 0.6| v 0.8 v 0.9
p 04p 04p 02p O04p 0.4 p 0.1 p 0.4 p 0.1 p 0.3 p 0.3
iy 0.1/ iy 0.1{iy 0.3/iy 0.6/iy 0.6 iy 0.6| iy 0.6| iy 0.5| iy 0.5 iy 0.4

Figure 9.28  The Viterbi trellis for 10 frames of the woffil’e, consisting of 3 emitting statef &y, v), plus non-
emitting start and end states (not shown). The bottom hali@table gives part of thB observation likelihood
vector for the observation at each framep(o|q) for each phone. B values are created by hand for pedagodjical
purposes. This table assumes the HMM structurefif@ shown in Fig. 9.24, each emitting state having & .5
loopback probability.

transitioning from the end of one word to the beginning oftaeo word. The digit
HMM model in Fig. 9.22 showed that we could just treat eachdaas independent,
and use only the unigram probability. Higher-ortkegrams are much more common.
Fig. 9.29, for example, shows an augmentation of the digitMiivith bigram proba-
bilities.

A schematic of the HMM trellis for such a multi-word decoditagk is shown
in Fig. 9.30. The intraword transitions are exactly as shawhig. 9.27. But now
between words we've added a transition. The transitiongdodity on this arc, rather
than coming from theA matrix inside each word, comes from the language model
P(W).

Once the entire Viterbi trellis has been computed for theratice, we can start
from the most-probable state at the final time step and fotlmvbacktrace pointers
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p(one | one)

p(zero | zero)

Figure 9.29 A bigram grammar network for the digit recognition task. Thigrams
give the probability of transitioning from the end of one @ado the beginning of the next
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Figure 9.30 The HMM Viterbi trellis for a bigram language model. The atrord

transitions are exactly as shown in Fig. 9.27. Between waadgotential transition is
added (shown as a dotted line) from the end state of each wditbtbeginning state of]
every word, labeled with the bigram probability of the woirdrp

backwards to get the most probable string of states, ancettrenost probable string
of words. Fig. 9.31 shows the backtrace pointers beingvatbback from the best
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state, which happens to bewt, eventually throughvy andw;, resulting in the final
word stringwiwy - - - Wo.
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Time

=

Figure 9.31 Viterbi backtrace in the HMM trellis. The backtrace starttie final state,
and results in a best phone string from which a word stringeis/dd.

The Viterbi algorithm is much more efficient than exponditieunning the for-
ward algorithm for each possible word string. Nonetheliss,still slow, and much
modern research in speech recognition has focused on sgegdlithe decoding pro-
cess. For example in practice in large-vocabulary recagnite do not consider all
possible words when the algorithm is extending paths from state-column to the
next. Instead, low-probability paths goeuned at each time step and not extended to
the next state column.

This pruning is usually implemented vieeam search(Lowerre, 1968). In beam
search, at each timg we first compute the probability of the best (most-probpble
state/pathD. We then prune away any state which is worse tBahy some fixed
threshold beam width) 6. We can talk about beam-search in both the probability
and negative log probability domain. In the probability domany path/state whose
probability is less thar® x D is pruned away; in the negative log domain, any path
whose cost is greater thént D is pruned. Beam search is implemented by keeping for
each time step aactive list of states. Only transitions from these words are extended
when moving to the next time step.

Making this beam search approximation allows a significaees-up at the cost
of a degradation to the decoding performance. Huang et @01(2suggest that em-
pirically a beam size of 5-10% of the search space is suflicBh95% of the states
are thus not considered. Because in practice most impleiens of Viterbi use beam
search, some of the literature uses the tbeam searchor time-synchronous beam
searchinstead of Viterbi.
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9.7 BVIBEDDED TRAINING

We turn now to see how an HMM-based speech recognition syistérained. We've
already seen some aspects of training. In Ch. 4 we showed dhéonain a language
model. In Sec. 9.4, we saw how GMM acoustic models are traiyerligmenting the
EM algorithm to deal with training the means, variances, aeijhts. We also saw
how posterior AM classifiers like SVMs or neural nets coulditaéned, although for
neural nets we haven't yet seen how we get training data inlwdech frame is labeled
with a phone identity.

In this section we complete the picture of HMM training by sty how this aug-
mented EM training algorithm fits into the whole process aiirting acoustic models.
For review, here are the three components ofat@ustic model

Q=q102-.-On thesubphonesrepresented as a setsihtes

A=apap2...an1...-a8nn  a subphone transition probability matrix A,
eacha; representing the probability for each
subphone of taking aelf-loop or going to the
next subphone. Togethe@ and A implement
a pronunciation lexicon, an HMM state graph
structure for each word that the system is capa-
ble of recognizing.

B="hi(o) A set of observation likelihoods; also called
emission probabilities each expressing the
probability of a cepstral feature vector (observa-
tion o;) being generated from subphone state

We will assume that the pronunciation lexicon, and thus #sdHMM state graph
structure for each word, is pre-specified as the simple fitdM structures with
loopbacks on each state that we saw in Fig. 9.7 and Fig. 9.82%yeheral, speech
recognition systems do not attempt to learn the structutteeahdividual word HMMs.
Thus we only need to train thB matrix, and we need to train the probabilities of
the non-zero (self-loop and next-subphone) transitiorthéA matrix. All the other
probabilities in theA matrix are set to zero and never change.

The simplest possible training method,hand-labeled isolated wordtraining,
in which we train separate tH& and A matrices for the HMMs for each word based
on hand-aligned training data. We are given a training cogfudigits, where each
instance of a spoken digit is stored in a wavefile, and wittsthe and end of each word
and phone hand-segmented. Given such a hand-labeled siataleecan compute tiige
Gaussians observation likelihoods andAtteansition probabilities by merely counting
in the training data! Thé\ transition probability are specific to each word, but Bie
Gaussians would be shared across words if the same phoneestzumultiple words.

Unfortunately, hand-segmented training data is rarelg uséraining systems for
continuous speech. One reason is that it is very expensivegtdiumans to hand-label
phonetic boundaries; it can take up to 400 times real timee (400 labeling hours
to label each 1 hour of speech). Another reason is that humam$ do phonetic
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labeling very well for units smaller than the phone; peopie lbad at consistently
finding the boundaries of subphones. ASR systems arenéritibin humans at finding
boundaries, but their errors are at least consistent bettheetraining and test sets.

For this reason, speech recognition systems train eacleghigiM embedded in an
entire sentence, and the segmentation and phone alignneedbae automatically as
part of the training procedure. This entire acoustic mo@éhing process is therefore
calledembedded training Hand phone segmentation do still play some role, however,
for example for bootstrapping initial systems for discrative (SVM; non-Gaussian)
likelihood estimators, or for tasks like phone recognition

In order to train a simple digits system, we’ll need a tragn@orpus of spoken digit
sequences. For simplicity assume that the training corpegparated into separate
wavefiles, each containing a sequence of spoken digits. &br wavefile, we’'ll need
to know the correct sequence of digit words. We'll thus aisgeavith each wavefile a
transcription (a string of words). We'll also need a proriation lexicon and a phone-
set, defining a set of (untrained) phone HMMs. From the tnapi$en, lexicon, and
phone HMMs, we can build a “whole sentence” HMM for each secée as shown in
Fig. 9.32.

Transcription ‘

Nine four oh two two Wavefile JW'WM

wahn
me {hu‘rNi LIL L IL L L L
Lexicon | 1% 1Y T 1 T
eight eyt YT YT yT yT vty
nine nayn
zer0  ziyrow .
oh ow Feature Extraction

naynfaorowtuwtuw rrrrvivov

o $53454445- 580888 T prEERIEEEAD

Figure 9.32 The input to the embedded training algorithm; a wavefile aksp digits with a corresponding
transcription. The transcription is converted into a rawMMeady to be aligned and trained against the cepstral
features extracted from the wavefile.

We are now ready to train the transition matrix A and outpkellhood estimator B
for the HMMs. The beauty of the Baum-Welch-based paradigreficbedded training
of HMMs is that this is all the training data we need. In paréc, we don't need
phonetically transcribed data. We don’t even need to knoere/leach word starts and
ends. The Baum-Welch algorithm will sum over all possiblgnsentations of words
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FLAT START

VITERBI TRAINING

FORCED ALIGNMENT

and phones, using; (t), the probability of being in statpat timet and generating the
observation sequence O.

We will, however, need an initial estimate for the transitand observation prob-
abilities a;j andbj(o;). The simplest way to do this is withftat start. In flat start,
we first set to zero any HMM transitions that we want to be @tnally zero’, such as
transitions from later phones back to earlier phones. fipmbability computation in
Baum-Welch includes the previous valuesgf, so those zero values will never change.
Then we make all the rest of the (non-zero) HMM transitiongigigpbable. Thus the
two transitions out of each state (the self-loop and thestt@m to the following sub-
phone) each would have a probability of 0.5. For the Gaussefiat start initializes
the mean and variance for each Gaussian identically, toltmbmean and variance
for the entire training data.

Now we have initial estimates for theandB probabilities. For a standard Gaus-
sian HMM system, we now run multiple iterations of the Baureldli algorithm on
the entire training set. Each iteration modifies the HMM pagters, and we stop when
the system converges. During each iteration, as discuss€t.i6, we compute the
forward and backward probabilities for each sentence dgiverinitial A andB proba-
bilities, and use them to re-estimate thandB probabilities. We also apply the various
modifications to EM discussed in the previous section toamly update the Gaussian
means and variances for multivariate Gaussians. We witudis in Sec??in Ch. 10
how to modify the embedded training algorithm to handle omgtGaussians.

In summary, the basiembedded training procedureis as follows:

Given: phoneset, pronunciation lexicon, and the tranedribavefiles
1. Build a*“whole sentence” HMM for each sentence, as show#ign9.32.

2. Initialize A probabilities to 0.5 (for loop-backs or for the correct next
subphone) or to zero (for all other transitions).

3. Initialize B probabilities by setting the mean and variance for each
Gaussian to the global mean and variance for the entirdrigpget.

4. Run multiple iterations of the Baum-Welch algorithm.

The Baum-Welch algorithm is used repeatedly as a comporigheembedded
training process. Baum-Welch compuig$i), the probability of being in stateat
time t, by using forward-backward to sum over all possible patlas were in state
i emitting symbolo; at timet. This lets us accumulate counts for re-estimating the
emission probabilitpj(o;) from all the paths that pass through statat timet. But
Baum-Welch itself can be time-consuming.

There is an efficient approximation to Baum-Welch trainingttmakes use of the
Viterbi algorithm. InViterbi training , instead of accumulating counts by a sum over
all paths that pass through a stgtat timet, we approximate this by only choosing
the Viterbi (most-probable) path. Thus instead of runnindg & every step of the
embedded training, we repeatedly run Viterbi.

Running the Viterbi algorithm over the training data in thiay is calledforced
Viterbi alignment or justforced alignment In Viterbi training (unlike in Viterbi
decoding on the test set) we know which word string to assigeatch observation
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(9.55)

(9.56)

sequence, So we can ‘force’ the Viterbi algorithm to passubh certain words, by
setting theajjs appropriately. A forced Viterbi is thus a simplificationtbe regular
Viterbi decoding algorithm, since it only has to figure o ttorrect state (subphone)
sequence, but doesn’t have to discover the word sequeneeesilt is dorced align-
ment: the single best state path corresponding to the trainisgriation sequence. We
can now use this alignment of HMM states to observations¢amalate counts for re-
estimating the HMM parameters. We saw earlier that forghalient can also be used
in other speech applications like text-to-speech, whewednave a word transcript and
a wavefile in which we want to find boundaries.

The equations for retraining a (non-mixture) Gaussian feoviiterbi alignment are
as follows:

1 T
b = = ZLOt s.t.q is statel
T4

~2
0j

14 . :
= Zl(ot — 1ti)? s.t.q is statel
t=

We saw these equations already, as (9.27) and (9.28) on ageh2n we were
‘imagining the simpler situation of a completely labelegining set'.

It turns out that this forced Viterbi algorithm is also usadhe embedded training
of hybrid models like HMM/MLP or HMM/SVM systems. We begintivian untrained
MLP, and using its noisy outputs as tBealues for the HMM, perform a forced Viterbi
alignment of the training data. This alignment will be queteorful, since the MLP
was random. Now this (quite errorful) Viterbi alignment gius a labeling of feature
vectors with phone labels. We use this labeling to retragnM.P. The counts of the
transitions which are taken in the forced alignments cansieel to estimate the HMM
transition probabilities. We continue this hill-climbiqpgocess of neural-net training
and Viterbi alignment until the HMM parameters begin to cenge.

9.8 EVALUATION: WORD ERRORRATE

WORD ERROR

The standard evaluation metric for speech recognitioresystis thevord error rate.
The word error rate is based on how much the word string retlihy the recognizer
(often called theéhypothesizedword string) differs from a correct aeferencetran-
scription. Given such a correct transcription, the firspstecomputing word error is
to compute thaninimum edit distance in words between the hypothesized and cor-
rect strings, as described in Ch. 3. The result of this coatpmrt will be the minimum
number of wordsubstitutions, wordinsertions, and worddeletionsnecessary to map
between the correct and hypothesized strings. The word ext® (WER) is then de-
fined as follows (note that because the equation includestioss, the error rate can
be greater than 100%):

Insertionst Substitutions+ Deletions
Total Words in Correct Transcript

Word Error Rate= 100x
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We sometimes also talk about the SER (Sentence Error Rat@hells us how
many sentences had at least one error:

# of sentences with at least one word error
total # of sentences

Sentence Error Rate= 100x

ALIGNMENTS Here is an example of thalignments between a reference and a hypothesized
utterance from the CALLHOME corpus, showing the counts usempute the word
error rate:

REF: i ** * UM the PHONE IS i LEFT THE portable **** PHONE UPSRIRS last night
HYP: i GOT IT TO the **** FULLEST i LOVE TO portable FORM OF ST®ES last night
Eval: | I S D S S S I S S

This utterance has six substitutions, three insertiors ome deletion:

Word Error Rate= 100%;1 =76.9%

The standard method forimplementing minimum edit distaammbcomputing word
error rates is a free script callext| i t e, available from the National Institute of
Standards and Technologies (NIST) (NIST, 2008¢. i t e is given a series of ref-
erence (hand-transcribed, gold-standard) sentences aralching set of hypothesis
sentences. Besides performing alignments, and computing @rror rate, sclite per-
forms a number of other useful tasks. For example, it givesulisnformation for
error analysis, such as confusion matrices showing which words are oftasnetdg-
nized for others, and gives summary statistics of words whie often inserted or
deletedscl i t e also gives error rates by speaker (if sentences are labmlisgéaker

SENTENCEERROR  jd), as well as useful statistics like tkentence error rate the percentage of sentences
with at least one word error.

Finally, scl i t e can be used to compute significance tests. Suppose we make
some changes to our ASR system and find that our word errohestelecreased by
1%. In order to know if our changes really improved things,need a statistical test
to make sure that the 1% difference is not just due to chanke.sfandard statistical
test for determining if two word error rates are differentie Matched-Pair Sentence
Segment Word Error (MAPSSWE) test, which is also availabledl! i t e (although

mcNemaRTEST  the McNemar testis sometimes used as well).

The MAPSSWE test is a parametric test that looks at the diffee between the
number of word errors the two systems produce, averagedsanmumber of segments.
The segments may be quite short or as long as an entire wégiargeneral we want to
have the largest number of (short) segments in order tdyukg normality assumption
and for maximum power. The test requires that the errorsérsegment be statistically
independent of the errors in another segment. Since ASRragdend to use trigram
LMs, this can be approximated by defining a segment as a rdgianded on both
sides by words that both recognizers get correct (or tuerance boundaries).

Here’s an example from NIST (2007) with four segments, lath@ roman numer-
als:
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(9.57)

(9.58)

| 11 11 IV

REF: |it was|the best|of|tinmes it|was the worst|of tines| |it was
I I [ I I (.

SYS A |ITS |the best|of|tinmes it|IS the worst |of tinmes|OR it was

I I (. I I [
SYS B:|it was|the best| |tinmes it|WON the TEST |of times| |it was

In region |, system A has 2 errors (a deletion and an inséraon system B has
0; in region Il system A has 1 (substitution) error and sygst has 2. Let's define
a sequence of variablésrepresenting the difference between the errors in the two
systems as follows:

N,k the number of errors made on segmieloy systemA
NiB the number of errors made on segmieloy systenB
z Ny —N&,i = 1,2,---,nwheren is the number of segments

For example in the example above the sequencéé\@flues is{2,—1,—1,1}. In-
tuitively, if the two systems are identical, we would expha average difference, i.e.
the average of th& values, to be zero. If we call the true average of the diffeesn
mu,, we would thus like to know whethenu, = 0. Following closely the original pro-
posal and notation of Gillick and Cox (1989), we can estinthagéetrue average from
our limited sample ag, = S, Zi/n.

The estimate of the variance of tAgs is:

n
5 1
0, = ——

Let

4 az/ v
For a large enough (> 50) W will approximately have a normal distribution with tini
variance. The null hypothesis iy : 4z = 0, and it can thus be rejected ik®(Z >
|w|) < 0.05 (two-tailed) ofP(Z > |w|) < 0.05 (one-tailed). wherg is standard normal
andw is the realized valu®V; these probabilities can be looked up in the standard
tables of the normal distribution.

Could we improve on word error rate as a metric? It would be rficr example, to
have something which didn’t give equal weight to every waethaps valuing content
words likeTuesdaymore than function words lika or of. While researchers generally
agree that this would be a good idea, it has proved difficugmee on a metric that
works in every application of ASR. For dialogue systems, &y, where the desired
semantic output is more clear, a metric calbethcept error ratéhas proved extremely
useful, and will be discussed in Ch. 24 on p&§e

9.9 SUMMARY

Together with Ch. 4 and Ch. 6, this chapter introduced thedmmental algorithms for
addressing the problem barge Vocabulary Continuous Speech Recognition
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e The input to a speech recognizer is a series of acoustic waleswaveform,
spectrogramandspectrumare among the visualization tools used to understand
the information in the signal.

e In the first step in speech recognition, sound wavessarapled quantized,
and converted to some sortgectral representation A commonly used spec-
tral representation is themel cepstrum or MFCC which provides a vector of
features for each frame of the input.

¢ GMM acoustic models are used to estimateghenetic likelihoods(also called
observation likelihoodg of thesefeature vectorsfor each frame.

e Decodingor searchor inferenceis the process of finding the optimal sequence
of model states which matches a sequence of input obsamgatf@he fact that
there are three terms for this process is a hint that speeogméion is inherently
inter-disciplinary, and draws its metaphors from more tbaa field;decoding
comes from information theory, arsarchandinferencefrom artificial intelli-
gence).

e We introduced two decoding algorithms: time-synchronWiterbi decoding
(whichis usually implemented with pruning and can then bieddeam search
andstackor A* decoding. Both algorithms take as input a sequence of @pstr
feature vectors, a GMM acoustic model, andNugram language model, and
produce a string of words.

e Theembedded trainingparadigm is the normal method for training speech rec-

ognizers. Given an initial lexicon with hand-built proniatton structures, it will
train the HMM transition probabilities and the HMM obseteatprobabilities.

BIBLIOGRAPHICAL AND HISTORICAL NOTES

The first machine which recognized speech was probably a esoiah toy named
“Radio Rex” which was sold in the 1920s. Rex was a celluloid tftat moved (via
a spring) when the spring was released by 500 Hz acoustiggn8ince 500 Hz is
roughly the first formant of the vowel [eh] in “Rex”, the dogeseed to come when he
was called (David and Selfridge, 1962).

By the late 1940s and early 1950s, a number of machine speeanition systems
had been built. An early Bell Labs system could recognizedrthe 10 digits from
a single speaker (Davis et al., 1952). This system had 1(kepeapendent stored
patterns, one for each digit, each of which roughly represkthe first two vowel
formants in the digit. They achieved 97-99% accuracy by simgothe pattern which
had the highest relative correlation coefficient with thpun Fry (1959) and Denes
(1959) built a phoneme recognizer at University Collegendan, which recognized
four vowels and nine consonants based on a similar patemwgnition principle. Fry
and Denes’s system was the first to use phoneme transitidralpitities to constrain
the recognizer.

The late 1960s and early 1970s produced a number of impgréaatigm shifts.
First were a number of feature-extraction algorithms,udelthe efficient Fast Fourier
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Transform (FFT) (Cooley and Tukey, 1965), the applicatiboapstral processing to
speech (Oppenheim et al., 1968), and the development of bP€péech coding (Atal
and Hanauer, 1971). Second were a number of ways of handinging; stretching
or shrinking the input signal to handle differences in sjregkate and segment length
when matching against stored patterns. The natural atgoffior solving this problem
was dynamic programming, and, as we saw in Ch. 6, the algontls reinvented
multiple times to address this problem. The first applicatmspeech processing was
by Vintsyuk (1968), although his result was not picked up Hyeo researchers, and
was reinvented by Velichko and Zagoruyko (1970) and SakadeCiriba (1971) (and
(1984)). Soon afterward, Itakura (1975) combined this dyicgprogramming idea
with the LPC coefficients that had previously been used omlyspeech coding. The
resulting system extracted LPC features for incoming wamils used dynamic pro-
gramming to match them against stored LPC templates. Theraiyabistic use of
dynamic programming to match a template against incomiegdapis calledlynamic
time warping.

The third innovation of this period was the rise of the HMMdHéen Markov Mod-
els seem to have been applied to speech independently altenatories around 1972.
One application arose from the work of statisticians, irtipalar Baum and colleagues
at the Institute for Defense Analyses in Princeton on HMMd #reir application to
various prediction problems (Baum and Petrie, 1966; BaudnEagon, 1967). James
Baker learned of this work and applied the algorithm to shemocessing (Baker,
1975) during his graduate work at CMU. Independently, FrieeJelinek, Robert
Mercer, and Lalit Bahl (drawing from their research in infation-theoretical mod-
els influenced by the work of Shannon (1948)) applied HMMspeesh at the IBM
Thomas J. Watson Research Center (Jelinek et al., 1975).’sIBMI Baker's sys-
tems were very similar, particularly in their use of the Bsige framework described
in this chapter. One early difference was the decoding dlgor Baker's DRAGON
system used Viterbi (dynamic programming) decoding, wihieeIBM system applied
Jelinek’s stack decoding algorithm (Jelinek, 1969). Baken joined the IBM group
for a brief time before founding the speech-recognition pany Dragon Systems. The
HMM approach to speech recognition would turn out to congiyeiominate the field
by the end of the century; indeed the IBM lab was the drivingédn extending sta-
tistical models to natural language processing as welludicg the development of
class-basetll-grams, HMM-based part-of-speech tagging, statisticaihimee transla-
tion, and the use of entropy/perplexity as an evaluationmimet

The use of the HMM slowly spread through the speech commuittye cause
was a number of research and development programs sporisotieel Advanced Re-
search Projects Agency of the U.S. Department of DefenséPfARThe first five-
year program starting in 1971, and is reviewed in Klatt ()97he goal of this first
program was to build speech understanding systems basedeanspeakers, a con-
strained grammar and lexicon (1000 words), and less than séi¥@ntic error rate.
Four systems were funded and compared against each otleSydiem Develop-
ment Corporation (SDC) system, Bolt, Beranek & Newman (BBMWIM system,
Carnegie-Mellon University’s Hearsay-Il system, and @aie-Mellon’s Harpy sys-
tem (Lowerre, 1968). The Harpy system used a simplified warsf Baker's HMM-
based DRAGON system and was the best of the tested systetnsceording to Klatt
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the only one to meet the original goals of the ARPA projectifvai semantic accuracy
rate of 94% on a simple task).

Beginning in the mid-1980s, ARPA funded a number of new speesearch pro-
grams. The first was the “Resource Management” (RM) taskéRtial., 1988), which
like the earlier ARPA task involved transcription (recatipn) of read-speech (speakers
reading sentences constructed from a 1000-word vocabudaryhich now included a
component that involved speaker-independent recognitiater tasks included recog-
nition of sentences read from the Wall Street Journal (W®djriming with limited
systems of 5,000 words, and finally with systems of unlimiedabulary (in prac-
tice most systems use approximately 60,000 words). Lateaprecognition tasks
moved away from read-speech to more natural domains; thed8est News domain
(LDC, 1998; Graff, 1997) (transcription of actual news licasts, including quite
difficult passages such as on-the-street interviews) am@tritchboardCALLHOME,
CALLFRIEND, and Fisher domains (Godfrey et al., 1992; Cieri et al., 2@04tural
telephone conversations between friends or strangersk. AlihTraffic Information
System (ATIS) task (Hemphill et al., 1990) was an earlieregbeunderstanding task
whose goal was to simulate helping a user book a flight, by arieg/questions about
potential airlines, times, dates, and so forth.

Each of the ARPA tasks involved an approximately anrhake-off at which all
ARPA-funded systems, and many other ‘volunteer’ systems florth American and
Europe, were evaluated against each other in terms of woodrate or semantic error
rate. In the early evaluations, for-profit corporations dat generally compete, but
eventually many (especially IBM and ATT) competed regylaThe ARPA compe-
titions resulted in widescale borrowing of techniques agntabs, since it was easy
to see which ideas had provided an error-reduction the puswear, and were prob-
ably an important factor in the eventual spread of the HMMagaym to virtual ev-
ery major speech recognition lab. The ARPA program alsoltexsun a number of
useful databases, originally designed for training antingsystems for each evalua-
tion (TIMIT, RM, WSJ, ATIS, BN, CALLHOME, Switchboard, Figr) but then made
available for general research use.

Speech research includes a number of areas besides speaghition; we already
saw computational phonology in Ch. 7, speech synthesis i8Cimd we will discuss
spoken dialogue systems in Ch. 24. Another important arspdaker identification
and speaker verification, in which we identify a speaker (for example for security
when accessing personal information over the telephorngjr(®ds and Rose, 1995;
Shriberg et al., 2005; Doddington, 2001). This task is egldblanguage identifica-
tion, in which we are given a wavefile and have to identify whichglaage is being
spoken; this is useful for automatically directing callerfiuman operators that speak
appropriate languages.

There are a number of textbooks and reference books on spEmxdnition that are
good choices for readers who seek a more in-depth undenstpofdthe material in this
chapter: Huang et al. (2001) is by far the most compreheiasidaip-to-date reference
volume and is highly recommended. Jelinek (1997), Gold andysin (1999), and Ra-
biner and Juang (1993) are good comprehensive textbookdagtitwo textbooks also
have discussions of the history of the field, and togethdr thi¢ survey paper of Levin-
son (1995) have influenced our short history discussionigctmapter. Our description
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of the forward-backward algorithm was modeled after Rab{®89), and we were
also influenced by another useful tutorial paper, Knill amdiivg (1997). Research in
the speech recognition field often appears in the procesdihthe annual INTER-
SPEECH conference, (which is called ICSLP and EUROSPEECiténnate years)
as well as the annual IEEE International Conference on Aas)$Speech, and Signal
Processing (ICASSP). Journals inclugigeech CommunicatiogBomputer Speech and
Language the IEEE Transactions on Audio, Speech, and Language Proagssitd
the ACM Transactions on Speech and Language Processing

EXERCISES

LOGPROB

9.1 Analyze each of the errors in the incorrectly recognizeddcaiption of “um the
phoneis | leftthe...” on page 46. F