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An example

◮ One of many sources of ambiguity in natural language
understanding: speech acts Austin (1962)

◮ “It’s cold in here” is ambiguous in its intended illocutionary
(communicative) force

◮ It could simply be a statement of the speaker’s current feeling

◮ Alternatively, it could be a request to the listener to
ameliorate their condition

◮ In natural language understanding, many aspects of
contextcontext may be useful in accurately identifying the
intended message
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◮ In the rest of this course we will see a number of directed
acyclic graphical models (DAGs, also called“Bayes nets”)

◮ We’ll illustrate the current example as a DAG



An example

F :
request?

U: “it’s
cold”

G : looking
at window



DAGS/Bayes Nets as constraints on dependencies

F :

request?

U: “it’s

cold”

G: looking

at window

◮ Informal statement of semantics of a Bayes Net:

Any node Xi is conditionally independent of its

non-descendants given its parents.

◮ If nodes X1 . . .Xk are“upstream”of node Y , but only nodes
X1 . . .Xj are parents of Y , then
P(Y |X1 . . .Xk) = P(Y |X1 . . .Xj)

◮ Thus P(F ,U,G ) = P(F )P(U|F )P(G |F ) in this Bayes Net
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◮ The comprehensive criterion for assessing conditional
independence is known as D-separation.

◮ A path between two disjoint node sets A and B is a sequence
of edges connecting some node in A with some node in B

◮ Any node on a given path has converging arrows if two edges
on the path connect to it and point to it.

◮ A node on the path has non-converging arrows if two edges on
the path connect to it, but at least one does not point to it.

◮ A third disjoint node set C d-separates A and B if for every
path between A and B, either:

1. there is some node on the path with converging arrows which
is not in C ; or

2. there is some node on the path whose arrows do not converge
and which is in C .



Major types of d-separation

C d-separates A and B if for every path between A and B, either:

1. there is some node on the path with converging arrows which is not in C ;

or

2. there is some node on the path whose arrows do not converge and which

is in C .

Common-cause
d-separation

Intervening
d-separation

Explaining away:
no d-separation

D-separation in
the absence of
knowledge of C
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C

A B

C



Back to our example

F :

request?

U: “it’s

cold”

G: looking

at window



Back to our example

F :

request?

U: “it’s

cold”

G: looking

at window

◮ In the absence of knowledge about F , hearing U might
increase the probability that the speaker is looking at the
window



Back to our example

F :

request?

U: “it’s

cold”

G: looking

at window

◮ In the absence of knowledge about F , hearing U might
increase the probability that the speaker is looking at the
window

◮ But if we already knew that the speaker wanted me to open
the window (e.g., our mutual friend told me so), this effect
would likely disappear→knowing F d-separates U and G



Back to our example

F :

request?

U: “it’s

cold”

G: looking

at window

◮ In the absence of knowledge about F , hearing U might
increase the probability that the speaker is looking at the
window

◮ But if we already knew that the speaker wanted me to open
the window (e.g., our mutual friend told me so), this effect
would likely disappear→knowing F d-separates U and G



An example of explaining away

There are several causes of disfluency, including:

◮ An upcoming word is difficult to produce (e.g., low frequency,
astrolabe)

A reasonable graphical model:

W: hard

word?

A:

attention

distracted?

D:

disfluency?



An example of explaining away

There are several causes of disfluency, including:

◮ An upcoming word is difficult to produce (e.g., low frequency,
astrolabe)

◮ The speaker’s attention was distracted by something in the
non-linguistic environment

A reasonable graphical model:

W: hard
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D:
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An example of explaining away

W: hard

word?

A:

attention

distracted?

D:

disfluency?

◮ Without knowledge of D, there’s no reason to expect that W
and A are correlated

◮ But hearing a disfluency demands a cause

◮ Knowing that there was a distraction explains away the
disfluency, reducing the probability that the speaker was
planning to utter a hard word
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Summary

◮ DAGs are a broad class of models for specifying probability
distributions with conditional independencies

◮ They are conceptually intuitive and have nice mathematical
properties (modularity)

◮ We’ll use them to explain a number of upcoming models in
class

◮ Classic references: Pearl (1988, 2000); Jordan (1998); Russell
and Norvig (2003, Chapter 14); Bishop (2006, Chapter 8).



References I

Austin, J. L. (1962). How to do Things with Words. Cambridge, MA:
Harvard University Press.

Bishop, C. M. (2006). Pattern Recognition and Machine Learning.
Springer.

Jordan, M. I., editor (1998). Learning in Graphical Models. Cambridge,
MA: MIT Press.

Pearl, J. (1988). Probabilistic Reasoning in Intelligent Systems. Morgan
Kaufmann, 2 edition.

Pearl, J. (2000). Causality: Models, Reasoning, and Inference.
Cambridge.

Russell, S. and Norvig, P. (2003). Artificial Intelligence: a Modern

Approach. Prentice Hall, second edition.


	References

