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Decomposable score
"
m Log data likelihood
log P(D|0,G) =m > I(X; Pax,)—m)» H(X,)

m Decomposable score:
Decomposes over families in BN (node and its parents)
i Signifi | efficiency!!!
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Chow-Liu tree learning algorithm 1
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Maximum likelihood score overfits!

"
Q log P(D]6,G) = mz I(X;, PaXig)—mZ H(X;)
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m Adding a parent always increases score!!!
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Bayesian score
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Bayesian learning for multinomial
" S
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= Conjugate prior for multino is Dirichlet: 'ka.
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Global parameter independence,

d- segaration and local prediction
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Priors for BN CPTs
] ‘more when we talk about structure learning)

m Consider each CPT / L
m Conjugate prior:

Dirichlet(cy-1jy=y>--+» Otx=ku=u) —Dlv‘chl&((omf (x=4, 024
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An example

KL Divergence
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What you need to know about

garameter learning

m Bayesian parameter learning: —
motivation for Bayesian approach
Bayesian prediction
conjugate priors, equivalent sample size
Bayesian learning = smoothing

= Bayesian learning for BN parameters —

Global parameter independence
Decomposition of prediction according to CPTs
Decomposition within a CPT
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Bayesian, a decomposable score

. /09 (D] 9) = Iog/ P(D | G,05)P(05|G)d0g
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m As with last lecture, assume: r A¥

Parameter independence P(9> ﬁ P(@x IPA(.> .&a[ Jkd
Also, prior satisfies parameter modularity: J

If X, has same parents in G and G’, then parameters have same prior
e

m Finally, structure prior P(G) satisfies structure modularity

Product of terms overfam! ies X ?‘H(

E.g., P(G) o clol — C_(Mwurouo(.?as((rﬂ

m Bayesian score decomposes along families!
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PIDIG) = (, 2m\6o) p(610) AD
BIC approximation of Bayesian score
" SN
. e . D\m(Cr)
m Bayesian has difficult integrals

¢ ©

m For Dirichlet prior, can use simple Bayes ;...
information criterion (BIC) apprOX|mat|on)( 5y

In the limit, we can forget prior! 3 .
Theorem: for Diri ,and a BN with Dim(G)
independent parameters as m"PS o
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m Using information theoretic formulation:
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Consistency of BIC and Bayesian
scores

Consistency is limiting behavior, says nothing
about finite sample size!!!

m A scoring function is consistent if, for true model G,
as m—oo, with probability 1

G maximizes the score
All structures not I-equivalent to G™ havg lower score
m Theorem: BIC score is consistent

m Corollary: the Bayesian score is consistent

m What about maximum likelihood score? /\JO
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Priors for general graphs
"
m For finite datasets, prior is important!

m Prior over structure satisfying Wty

m What about prior over parameters, how do we represent it?
K2 prior: fix an g, P(exllpa{) Dirichlet(a,..., o) e
K2 is “inconsistent” | Pan g \ s a,iwwun% SAMPZZ/SI_‘B_
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BDe prior
= JEE

Remember that Dirichlet parameters analogous to “fictitious

samples” -
Pick a fictitious sample size m’

For each possible family, define a prior distribution F/(Xi,PaXi)

u
Represent with a BN @ @ --- 1 ) o
Usually independent (product of marginals) ?()(',/Yc\\“\: P&')JT!? | (76)

m BDe prior: oSt GO X

Niform '
P (O (hmn) v VIricheled (m ?'(\(;:1,?%:“):-—--,'“'F(V(FK:P%:@

m Has “consisten perty”:
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Score equivalenca
"

If G and G’ are I-equivalent then they have same score
p——

Theorem 1: Maximum likelihood score and BIC score satisfy
score equivalence

Theorem 2:
If P(G) assigns same prior to I-equivalent structures (e.g., edge countin
(G) assig p q ures (e.g., edg 9)

and parameter prior is dirichlet ~
then Bayesian score satisfies score eguivalencprior
over par“am_/t__e ers represented as a BDe prior!!llll
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Chow-Liu for Bayesian score
* JE

m Edge weight wy; ,,; is advantage of adding X; as parent for X;
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m Now have a directed graph, need directed spanning forest

Note that adding an edge can hurt Bayesian score — choose forest not tree
Maximum spanning forest algorithm works
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