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Machine Learning - 10601

Probability Density Estimation

Geoff Gordon, MiroslavDudík
(partly based on slides of Carlos Guestrinand Tom Mitchell)

http://www.cs.cmu.edu/~ggordon/10601/

September 14, 2009 

[ŀǎǘ ǘƛƳŜΧ

Inference in factor graphs/Bayesnets:

P(M,Ra,O,W,Ru)    ˒ (M) ˒ (Ra) ˒ (O) ˒ (Ra,O,W) ˒ (M,W,Ru)

P(W | Ra=F, Ru=T) = ?

(1) Incorporate evidence:

P(M, Ra=F, O, W, Ru=T)

(2) Eliminate nuisance nodes:

P(W, Ra=F, Ru=T)

(3) Normalize:

P(W | Ra=F, Ru=T) =
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[ŀǎǘ ǘƛƳŜΧ

Benefits of factored representations:

Åefficient inference

Åfewer parameters to estimate

Last time: maximum likelihood

heads w/probʻ

N tosses
Hheads

p(H | N, ̒ ) = 
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Are we learning?

Task:

Performance measure:

Experience:

Are we learning?
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Maximum likelihood estimation

Åexpected log likelihood
maximized by true distribution

Åaverage log likelihood of data
approximates expected log likelihood

GREAT!

Bayesian approach

initial belief over values of ̒

e.g. ̒ uniform over[0,1]

p( )̒ = 1, 
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Bayesian approach

,̒ N parameters

H data,

p( )̒ 

p(    | ̒ , N)

p( |̒    , N)

Priors and posteriors

prior: p(ɗ)

posterior:

p(ɗ| heads=1, tails=2)

posterior:

p(ɗ| heads=1, tails=1)

posterior:

p(ɗ| heads=20, tails=30)




