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TN WEME ey,..,64
Fori=1,2, ..., n

o KA X; A P(X; | parents(X)))
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Return (x4, X5, ..., X;,)
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HAMETKFE  (Gibbs sampling)
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Gibbs Sampling S fo e

= Procedure: keep track of a full instantiation x,, x, ..., x.. [EIEMNZETERY
B, fEMTEHITHEVINE. BRXEEFE— I RIRTE, FFeiH
ITREFEEEEHMTENRE, EE2FRFNETEMEERE. 281X
— IR RATEL.

Property: in the limit of repeating this infinitely many times Z5ERAVEZAS
BSFREFTFNRERND E—EL

Rationale: XJ_EiiF0 NI ERURIEEPIEE T IR(E.

In contrast: likelihood weighting only conditions on upstream evidence,
and hence weights obtained in likelihood weighting can sometimes be
very small. Sum of weights over all samples is indicative of how many
“effective” samples were obtained, so we want high weight.
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Gibbs Sampling Example: P( S | +r)

= Step 2: Initialize other variables

= Randomly

= Step 1: Fix evidence

= R=+r

= Steps 3: Repeat
= Choose a non-evidence variable X
= Resample X from P( X | all other variables)

e&@o&@ 9%@ 9&@

Sample from P(S|+ ¢,—w,+r)  Sample from P(C|+ s, —w,+r) Sample from P(W|+ s,+c,+1)
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Gibbs Sampling

" How is this better than sampling from the
full joint?

"In a Bayes’ Net, sampling a variable given all the
other variables (e.g. P(R|S,C,W)) is usually much
easier than sampling from the full joint
distribution

= Only requires a join on the variable to be sampled (in this case, a join on
R)

= The resulting factor only depends on the variable’s parents, its children,
and its children’s parents (this is often referred to as its Markov blanket)
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= Sample from P(S | +c, +r, -w)
P(S, +c,+r, —w)
P(+c,+r, —w)

 P(S,+ec,+r, —w)

N >, P(s,+c,+r, —w)

_ P(+c)P(S| +c)P(+r| + c) P(—w|S, +1)

- 2 P(Ho)P(s| + o) P(+r| + c) P(~wls, +7)
P(+c)P(S| + ¢)P(+7| + ¢)P(—w|S, +7)

-~ P(+o)P(+r|+¢) 32, P(s| + ) P(—wls, +7)

_ P(S|+c)P(—wl|S, +r)

N > P(s|+¢c)P(—w|s,+r)

P(S|+c¢,+r,—w) =

= Many things cancel out —only CPTs with S remain!

= More generally: only CPTs that have resampled variable need to
be considered, and joined together
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Markov Chain Monte Carlo

BMCMC & TREMIL B LS, HTFAE—MERIPRES= AR, &
AL T 7 s JE R )
B REBREE = — A BENLE R FIRES (“BENLIE Prandom
walk”), FARES L2 FZ B T — M IRE
B RIS FEE Monte Carlo = —FhELyE (GEE A TBENLERE) |
A= — AN IE A ] e (RE=R)

BMCMC = BENLE L —2, PRI & 2R 1F
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Further Reading on Gibbs Sampling*®

= Gibbs sampling produces sample from the query distribution P(Q | e )
in limit of re-sampling infinitely often

= Gibbs sampling is a special case of more general methods called
Markov chain Monte Carlo (MCMC) methods

= Metropolis-Hastings is one of the more famous MCMC methods (in fact, Gibbs
sampling is a special case of Metropolis-Hastings)

" You may read about Monte Carlo methods — they’re just sampling



	人工智能导论�
	近似推理：采样
	采样（Sampling）
	从一个离散分布中采样
	贝叶斯网络里的采样
	先验采样
	先验采样
	先验采样
	例如
	拒绝采样Rejection Sampling
	拒绝采样
	似然性加权（采样）
	似然性加权采样
	似然性加权（采样）
	似然性加权采样
	似然性加权
	吉布斯采样(Gibbs Sampling)
	吉布斯采样 （Gibbs sampling）
	Gibbs Sampling吉布斯采样 
	Gibbs Sampling Example: P( S | +r)
	吉布斯采样举例: P( S | r)
	为什么这样做？
	Gibbs Sampling
	如何进行采样？
	对一个变量的快速重采样
	贝叶斯网络采样技术小结
	马尔科夫蒙特卡洛 理论�Markov Chain Monte Carlo
	为什么这种方法有效? 
	随机漫步（随机游走）(Random Walk)
	随机漫步（随机游走）(Random Walk)
	Further Reading on Gibbs Sampling*

