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Sampling from a multi-variable distribution
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Sampling from a multi-variable distribution
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Solution 1: Using Chain Rule
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Sampling from a Bayesian Network
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Sampling from a Bayesian Network
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Ancestral Sampling
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Inference using samples

Samples: (A1,B1,C1,DLED), (A2,B2,C2D%E?), ..., (A™B™,C™ D™ E™)

P(E=0) ~ #(E'=0) / m



Inference using samples

Samples: (A1,BL,C1,D!,EY), (A%,B2,C%D%E?), .., (A™B™,C™ D™ E™)

P(E=0) ~ #(E'=0) / m



Inference with evidence

Samples: (A1,B1,C1,DLE), (A2B2C?DE?), ...,

(A™ B™ Cm DM E™)

P(D=0|E=1)~#(D'=0,E'=1) / #(E = 1)
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Inference with evidence
Samples: (AL,B1,C!,DLEY), (A2,B%C%D%E?), ..., (A™B™,C™ D™ EM)
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Inference with evidence
Samples: (AL,B1,C!,DLEY), (A2,B%C%D%E?), ..., (A™B™,C™ D™ EM)
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Need exponentially large number of samples as
the number of query variables grow.
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Sampling challenges

e How to efficiently sample from a Bayes Net with
evidence?

e How fo sample from a Markov Random Field?
o Can we use chain rule?
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Bayes Net with evidence as an MRF
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Bayes Net with evidence as an MRF
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I't boils down to sampling from an
MRF
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Sampling Using a Markov Chain
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Sampling Usi
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Sampling Usi
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Sampling Using a
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Sampling Usi

ng a Markov Chain (Koller )
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State Transition Graph
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