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Abstract

This projectis aboutinferencein BayesianNetwork(BN). Two inferencemethod,Enumeration for exactreasoningandMarkov
Chain MonteCarlo (MCMC) for samplingwill be implementedto solve somequerysto a simpleBN.
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I . INTRODUCTION

BAYESIAN Network is a probabilistic graphicalmodel whose nodesrepresentrandom variablesand connectingarcs
representdirect relationshipsbetweenthe variables.Basically, in a BN, by giving someevidences,which standsfor

observation of somenodes,one want to know the posteriorprobability of other nodes.Inferencemethodsof BN can be
classi�ed into two categories,exact reasoningandsampling.

Exact reasoningwill give the exact probability of the query. In a simple BN, it' s easyto compute,but in a large BN, it' s
expensive. In our project,we'll usethe moststraightforward exact reasoningmethod,Enumeration,to answerthe queries.

In a complicateBN, it' s always hard to inferenceby exact reasoning.One want to samplethe probability distribution to
�nd the approximatedistribution. MCMC is oneof the samplingmethodthat will be implementedin this project.

I I . BAYESIAN NETWORK OF THIS PROJECT

Let's focus on the problemitself. So we �rst simplify the AsianNetworkto the following equivalentBN, which is shown
in Figure1.

Fig. 1. BayesianNetwork of this Project

I I I . ENUMERATION

Enumerationin our project actually is a exhaustive methodto sum up the Joint Probability and then normalizethe result
probability distribution. First we calculateour joint probability using:

P(A; S;T; L; B ; TOL; X ; D) = P(A)P(S)P(T jA)P(L jS)P(B jS)P(TOL jT; L )P(X jTOL)P(D jTOL) (1)

IV. MCMC SAMPLING

The basicidea of samplingis, when the distribution is hard to �nd, one tries to sampleout the distribution. And Markov
ChainMonte Carlo(MCMC) actually randomwalk andthensampleout the result.Whenthe samplingdistribution converges,
we �nd the approximationof the original distribution. The ideacanbe shown in Figure2.

The assumptionthat we can do randomsamplingby MCMC is the randomvariable is independentto all other random
variables.And this attribute is coming from the correspondingMarkov Blanket. In other words, when one node's Markov
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Fig. 2. MCMC Sampling

Fig. 3. Markov Blanket

Blanket is given, that nodeis independentof all other nodes.The Markov Blanket is de�ned as following formular and can
be demonstratedasFigure3.

M B ) [Parents + Chil dren + Chil dren0sParents] (2)

In our project,we implementthe algorithmwhich is addressedin the JudeaPearl's paperto do the MCMC sampling[1].

V. RESULT AND COMMENTS

A. Enumeration

The enumerationresultsis shown in Table1andTable2.

Query T F Time(Secs)
P (V ) 1.00 99.00 0.002
P (S) 50.00 50.00 0.002
P (T ) 1.04 98.96 0.002
P (L ) 5.50 94.50 0.002
P (B ) 45.00 55.00 0.002
P (T OL ) 6.49 93.51 0.002
P (X ) 11.04 88.96 0.001
P (D ) 43.60 56.40 0.001

TABLE I

ENUMERATION QUERY OF PRIOR PROBABIL ITY

B. MCMC Sampling

The MCMC samplingresult is shown in Table3.
The stopcriteria for MCMC samplingI chooseis:
For 500 consecutive iterations,if the queryvariablehasbeenrandomlyselectedas free variableZ for 50 timesand if the

TRUE probability changedlessthan1 � 10� 6.
The reasonto choose500 is want to make surethe samplingresult is approachingthe exact value.The reasonto add an

extra constrainof Z mustbe the queryvariablefor more than50 (Over 500) times is becauseif the queryvarialbeonly had
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Query T F Time(Secs)
P (SjD = T ) 63.40 36.60 0.005
P (SjL = T ) 90.91 9.09 0.005
P (SjD = T; L = T ) 91.52 8.48 0.005
P (SjD = T; V = T ) 62.59 37.41 0.003

TABLE II

ENUMERATION QUERY OF CONDITIONAL PROBABIL ITY

Query T F Time(Secs) Numberof Iterations
P (SjD = T ) 63.12 36.88 45.137 243993
P (SjL = T ) 91.22 8.78 18.099 104416
P (SjD = T; L = T ) 91.82 8.18 37.303 205820
P (SjD = T; V = T ) 62.91 37.09 62.132 323288

TABLE III

MCMC QUERY OF CONDITIONAL PROBABIL ITY

beenselectedfew times, its ditribution won't have big changein high probability. And 50/500is a reasonablenumbersince
we only have at most 7 free variables.And if underuniform selectionscheme,the chanceof query variablebe selectedout
shouldalways larger than500=7 � 74.

For thequerytime, we canseefor this particularproblem,enumerationis muchfasterthanMCMC sampling.Sincethis BN
is relatively smallandeasyto computetheJointDistribution.And thesamplingneedenoughsamplesto ensuretheconvergence.
But for complicateBN, we can anticipatethat samplingmight be a good approach.Furthermore, if we take a look of the
detailsbetweendifferentMCMC samplings,we can seesharpdistributions are easyto converge than dull distributions.The
reasonis also quite straightforward. Sharpdistribution is much easyto concentratethe samples.So herewe can anticipatea
uniform distribution might be hard to converge.

And for demonstratethenumberof iterationsandcorrespondingconvergencecurve,we plot out oneof thequeryin Figure4.

Fig. 4. Probabilitycurve by numberof Iterations

VI. CONCLUSION

Inferencein BayesianNetwork is averyusefulandinterestingproblem.Exactreasoningapproachwill havegoodpreformance
when BN size is small and structureis relatively simple.When BN getting larger and more complicate,samplingis a good
approach,especiallyMCMC sampling.
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