Note to other teachers and users of these slides.
Andrew would be delighted if you found this source
material useful in giving your own lectures. Feel free
to use these slides verbatim, or to modify them to fit
your own needs. PowerPoint originals are available. If
you make use of a significant portion of these slides in
your own lecture, please include this message, or the
following link to the source repository of Andrew's
tutorials: http://www.cs.cmu.edu/~awm/tutorials .
Comments and corrections gratefully received.
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Reminder: A Bayes Net
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Two Forms of Bayes Net Learning
from Data

e Given structure, determine probability tables
e Straightforward

e Determine the structure as well as the
probability tables

e Much harder

* Involves trying to estimate when conditional
independence is or is not likely based on the
data

» Also requires estimating the probability tables
e May also involve adding new nodes

Bayes Net Learning: Slide 3

Estimatin
- J Pls) =7 P(J) =?
Probability .
Tables
P@L1JAS)=? Y PR =2 e,
PLIJAS)? N P(R | ~J)=2 \@
P(L | ~JAS)=?
P(L | ~JA~8)=2
. R P(T 11)=?
Estimate
P(L | JA~8) as P(T1~L)=?
Dataset....
C(L=TJ=T5=F) @ JIL[R[S]T
Cinsey e o

k ) True |False | False | True |False
False | True | True | False | False
True |True | Falsze | True | True

Bayes Net Learning: Slide 4




Estimating . -
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N. Friedman and Z. Yakhini, On the sample —

Score = complexity of learning Bayesian networks,
Proceedings of the 12th conference on

|og R Uncertainty in Artificial Intelligence, Morgan
Kaufmann, 1996
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Scoring a ©\®/@\® ©\® SN
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redundant (D (D*

T )

Sums over all the L
rows in the prob- B
ability table for X;

parameters defining
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#Records
The parent values

in the k’'th row of
X;'s probability
table

num combinations
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\ All these values estimated from data
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Scoring a &2~ & . & O

This is called a BIC (Bayes Information B

structure Criterion) estimate

|-This part is a penalty for too many
" | parameters

This part is the training set log-
likelihood

B;IC asymptotically tries to get the M

'-".SU'U cture rlght (There’s a lot of heavy emotional debate
| about whether this is the best scoring criterion)

Fim cor;;l;ir;;;;ons
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Simulated annealing with random
restarts.

Each change requires re-evaluation of
one or nmore contingency tables.
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Adding New Nodes

Requires 78 parameters Requires 708 parameters

Good news: Allowing the learning process to generate new
nodes may lead to simpler, easier-to-fit models

Bad news: Makes the search space even bigger
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What you should know

e That there exist methods for trying to learn
Bayes nets from data
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