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Modeling with Bayesian Networks

goal isto map a high-dimension data space
to alow-dimension function and parameter
space
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Bayesian networks have alvantages
— explanatory power (cause and eff ect)

— distribution functions depend only on
immediate neighbors
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but....

The “curse of dimensionality”
extends to parameter spaces

for anetwork of dichotomous
variables, parameters multi ply

— Xy, X,, Xy eadh have 1
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What if we just....



...reverse the arrows!

e take advantage of symmetry in
Bayes Theorem
P(Y | X) — P(X |Y)P(Y)
P(X)
e map into new space
(m()18,) e (m()e,)
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e an embedded Bayesian network

clasgfier obeys

P(Y[X,m,08_)=P(Y|X,m',0 )



New Parameters for Old

 H&M outline transformations to a lower-dimensional parameter space
e gpaceisnonlinea in parameters

o first step uses A parameters of softmax regression
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o datisticianscdl thislogistic regression



Using the Marginal Likelihood

EBNCs can be used to more dficiently cdculate marginal likelihood
of adatabase, given a model

nP(oIm()=§.6)- LN L6)=FinPls, 1pa, .m()
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B-A-0
Formis smilar to Schwartz’ Bayesian Information Criterion, a
measure of model fit

By seleding model with maximum likelihood, can perform feature
selection



Comments

flipping the arowsisanea trick -- easy to think of, hard to do
discusson of mapping to lower-D parameter spacewas opaque

use of non-standard jargon (softmax regression, etc.) obscured
relationship to existing models and tedhnigques

BIC and fedure seledion are not speafic to EBNCs

rating: % % (out of 4)




