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Inference in factor graphdBayesnets:
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(1) Incorporate evidence:
P(M, Ra=F, O, WW=Tkq) .. . .

(2) Eliminate nuisance nodes:
P(W, Ra=RUTE) S, 22 ... = # (1)
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(3) Normalize: . .
P(W | Ra=FRW=T) =¢(\»’>/%¢ (W=w)
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Benefits of factored representations:
Aefficient inference (5o rims)
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Last time: maximum likelihood
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Are we learning?

Task: probasilidy, tarmabion (prodickion)
Performance measureiicoiesy
Experience: tiunbiac foasag
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Are we learning?
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Maximum likelihood estimation

A expected log likelihood
maximized byrue distribution

A average log likelihood of data
approximates=xpected log likelihood

GREAT!

Bayesian approach

initial belief over values of
e.g." ~uniform over[0,1]
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Bayesian approach

", N parameters
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Priors and posteriors ¢-sww <4 (™

posterior: posterior:
prior: p(d) p(d| heads=1, tails=1) p(d| heads=1, tails=2)

posterior:
p(d| heads=20, tails=30) tole o6 S
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