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ApplicationofCS-PSOalgorithminBayesian
networkstructurelearning①

LIJun-wu,LIGuo-ning,ZHANGDing
(SchoolofAutomationandElectricalEngineering,LanzhouJiaotongUninversity,Lanzhou730070,China)

Abstract:InviewoftheshortcomingsoftraditionalBayesiannetwork(BN)structurelearningalgorithm,suchaslow
efficiency,prematurealgorithmandpoorlearningeffect,theintelligentalgorithmofcuckoosearch(CS)andparticleswarm
optimization(PSO)isselected.CombinedwiththecharacteristicsofBNstructure,aBNstructurelearningalgorithmofCS-
PSOisproposed.Firstly,theCSalgorithmisimprovedfromthefollowingthreeaspects:themaximumspanningtreeisusedto
guidetheinitializationdirectionoftheCSalgorithm,thefitnessofthesolutionisusedtoadjusttheoptimizationandabandoning
processofthesolution,andPSOalgorithmisusedtoupdatethepositionoftheCSalgorithm.Secondly,accordingtothe
structurecharacteristicsofBN,theCS-PSOalgorithmisappliedtothestructurelearningofBN.Finally,chestclinic,credit
andcardiagnosisclassicnetworkareutilizedasthesimulationmodel,andthemodelingandsimulationcomparisonofgreedy
algorithm,K2algorithm,CSalgorithmandCS-PSOalgorithmarecarriedout.TheresultsshowthattheCS-PSOalgorithm
hasfastconvergencespeed,highconvergenceaccuracyandgoodstabilityinthestructurelearningofBN,anditcangetthe
accurateBNstructuremodelfasterandbetter.
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0 Introduction
 Bayesiannetwork(BN)appliesprobabilitytheory
tocomplexsystemsandcarriesoutuncertainty
reasoninganddataanalysis.Thecombinationof
graphtheoryandprobabilitytheoryisoneofthe
mostclassicalandeffectivemethodsofuncertainty
knowledgerepresentationandmodeling[1-2].SinceBN
has powerful diagnostic reasoning, knowledge
expressionabilityandgreatinfluence,ithasbecome
ahottopicincurrentresearchandhasbeenappliedto
manyfields,suchasfaultdiagnosis,reliability
analysis,decisionsupport,etc.[3-5].ThecoreofBN
is structural learning,and the foundation of
parameterlearningisstructurallearningmodel.
 Atpresent,therearetwo waystolearnBN
through sample data:independence constraint
methodandsearchscoringmethod.Thelatterisa
commonmethod,whichcandrawamoreaccurate
networkstructurethroughdatalearning.Withthe
continuousimprovementofthedata,thelearned
structureiscontinuouslyaccurate,butwhenthe
structureismorecomplicated,thesearchcomplexity
ofthealgorithm willbelarge,andthelearning

efficiency ofthe algorithm will be also low.
Supposingthatthesampledatacontainnvariables,
throughstructurelearning,the number ofthe
existingnetworksisexpressedas

f(n)=∑
n

i=1
(-1)i+1 n!

i!(n-i)!2
i(n-1)f(n-i).(1)

 The complexity of network modelstructure
increasesexponentiallywiththenumberofnodesn,
andBNstructurelearningisalsoconsideredasaNP-
hard problem[6]. Therefore,selecting effective
algorithmbecomesthekeyofresearch.
 Inrecentyears,thestructurelearningofBN
mainlyfocusesontheresearchofdatamodelingbased
onheuristicalgorithm.InRefs.[7-9],thestructure
ofBNnetworkisstudiedbyusingcolonyalgorithm,
unconstrainedoptimizationcombined withgenetic
algorithm and ant colony algorithm. Heuristic
algorithms have achieved great results in BN
structurelearning.However,therearestillmany
shortcomingsinthecomplexityandlearningeffects
ofthealgorithm.Theeffectisgeneralintheprocess
ofoptimizationandmodeling.
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 Thecuckoosearch (CS)algorithmisanew
heuristic algorithm. The algorithm has few
parameters,strongversatility,andexcellentglobal
searchability,itissimpleandeasytoimplement,
andtheoverallperformanceissuperiortothatof
otherintelligentalgorithms.Ithasbeen widely
studiedandhassolvedmanyrealproblemsinsome
fields. However,the algorithm also has the
disadvantagesofrandomblindnessandlowprecision
inthesearchprocess.Therefore,CSischosenasthe
structuralmodelingalgorithmofBN,andtheCS
algorithmisoptimizedfromthreeaspectstoimprove
theperformanceofalgorithmmodeling.
 Aiming at the randomness of cuckoo nest
establishmentintheinitialization processofCS
algorithm parameters,weintroducethe mutual
informationamongnodestoestablishthemaximum
supporttreetoguidetheupdatedirectionofthe
algorithm.Accordingtotheoptimizationofthe
solution and the randomness ofthe discarding
process,thefitnessofthesolutionisintroduced.
Becauseoftheupdatemechanismofthesolution
during Levy flight has randomness and slow
convergence,theparticleswarmalgorithm(PSO)is
introduced to update the position of the CS
algorithm.Accordingtothestructuralcharacteristics
ofBN,aBNstructurelearningalgorithmofCS-PSO
isproposed,whichprovidesanewideaforBNmodel
constructionandhascertainpracticalvalue.

1 PrincipleofCS-PSOalgorithm
1.1 Cuckoosearch
 TheCSalgorithmisanewheuristicintelligent
algorithminspiredbythecuckoonestlayingbehavior
andtheLevyflight[10].Yangetal.putforwardthree
hypothesesbysimulatingthebreedinghabitsof
cuckoo[11]:(1)thecuckooselectesonebird’snestat
randomandproducesonlyoneeggatatime;(2)the
bestqualityinthenestsofthecuckoo willbe
inheritedtothenextgeneration;(3)thetotalnest
amountisfixed,andthehostwillfindtheeggsofthe
cuckoointhenestinacertainprobability.
 CSusesLevyflightmechanismtorandomlysearch
thenest,andtheoptimalpositionandpathupdate
equationare

xt+1
i =xt

i+α􀱇L(β),1≤i≤n, (2)

wheretrepresentsthelocation ofnesti; 􀱇
representspointmultiplication;Nrepresentsthesize
ofthebird’snest;αrepresentsthestepfactor;L(β)

represents the Levy distribution obeying the
parameterβas

L(β)=0.01 u
|v|

(xt
i-xt

b), (3)

Levy(β)~μ=t-β,1<β≤3, (4)

whereu ~ N (0,δ2u);v ~ N (0,1);σu =
Γ(1+β)sin(πβ/2)
2(β-1)/2Γ(1+β)/2)β  

-1/β
;ΓrepresentstheGamma

function;xt
brepresentstheoptimalpositionofthet

generationnest.

1.2 Particleswarmoptimization
 PSOalgorithm[12-13]isinspiredbytheforaging
behaviorofbirds.Itisderivedfromarandomsearch
optimizationalgorithmproposedbythestudyofbird
predationbehavior.Eachparticleinthealgorithm
movestowardstheglobaloptimum andthebest
positioncurrentlysearched.Ifthecurrentpositionof
theparticlesearchisbetterthanthatoftheprevious
location,thepositionisreplacedasthecurrent
optimumoftheparticle.Intheiterationprocess,its
speedandlocationupdateareexpressedas

Vk+1
i =ωVk

i+c1r1(pBesti-xk
i)+c2r2(gBest-xk

i),

(5)

xk+1
i =xk

i+Vk+1
i , (6)

wherec1representsself-learningfactor;c2represents
grouplearningfactors;r1andr2arethefollowing
numbersof[0,1];pBestirepresentsthehistorical
optimalvalueofparticlei;gBestrepresentsthe
populationglobaloptimalvalue;xk

iandvk
irepresent

theposition and speed oftheparticleinthek
iteration,respectively;ω representstheinertia
weight.

1.3 Cuckoosearch-particleswarmoptimization
 1)Whenthebird’snestisinitialized,thenestis
randomlygeneratedandtherelationshipbetweenthe
nestisuncertain.Therefore,inordertoimprovethe
searchefficiencyofthealgorithm and makethe
searchmoretargeted,themaximumspanningtreeis
establishedthroughmutualinformationamongnodes
toguidetheupdatingdirectionofthealgorithm.For
example,ifXiandXjarerandomvariables,the
mutualinformationbetweenthevariablesis

I(Xi,Xj)=∑
n

i=1
∑
n

j=1
p(Xi,Xj)log p(Xi,Xj)

p(Xi)p(Xj)
,

(7)
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wherep(Xi,Xj)representsjointprobabilityof
variableXiandXj.I(Xi,Xj)>0indicatesthatthere
isanundirectedsideXi-XjbetweenvariablesXiand
Xj.ThelargertheI(Xi,Xj),thehigherthe
dependencybetweenthevariables.Onthecontrary,
itshowsthatvariablesXiandXjareindependentof
each other. The construction process of the
maximumsupporttreeisasfollows:atreenetwork
structureisobtainedbytraversingallthenode
variables,preserving the undirected sides with
maximummutualinformationamongthenodes.
 2)Thereisrandomnessinthesolutionand
rejectionstrategyofCSalgorithm.Theabandoning
probabilitypa isafixed value.Thealgorithm
generatesarandomnumberrbetween[0,1].Ifr>
pa,thesolutionisfoundandanewsolutionisgot
througharandomwalkofpreference.Otherwise,it
isretained.Thisrandomnessleadstotheabandoning
ofgoodfitnesssolutions,whilethesolutionofthe
differencefitnessispreserved,whichaffectsthe
convergencespeedandthequalityofthealgorithm.
Therefore,thefitnessofthesolutionisintroducedas
ameasureofwhetherornottodiscardthesolution.
Theimprovedabandoningprobabilityofthesolution
is

p'
a= Fiti-gBestF

gWorstF-gBestF×pa, (8)

whereFitirepresentsthefitnessofnesti;gBestF
representsthefitnessoftheglobaloptimalsolution;
gWorstFrepresentsthefitnessoftheglobalworst
solution.
 3)IntheCSalgorithm,thehighrandomnessof
Levycanmakethesearchprocessjumpfromone
regiontoanother,expandthesearchrangeand
increasethediversityofthepopulation.Buthigh
randomnessofthesearch willalso bringshigh
blindness,whichleadstoslowconvergenceandlow
searchefficiency.Therefore,thelocationupdating
ideaofPSOalgorithmisintroducedinthelocation
updatingofCSalgorithm.
 The CS-PSO algorithm has made three
improvementstotheCSalgorithm.Itavoidsthe
shortcomingsoftheCSalgorithmandcombinesthe
advantagesofboth.Intheprocessofoptimization,
theCS-PSOalgorithmcan makethebird’snest
updateliketheparticleinsearchofthecurrent
optimalsolutionandglobaloptimalsolution,keep
theoptimalsolutionsearchrandomnessandreduce
theblindnessofthesearch.Intheprocessof
updatingthepositionofthebird’snestwiththePSO

positionupdatingidea,theLevyflightandrandom
elimination mechanism of its self-body also
strengthensthevitalityofbird’snestrenewal,
improvestheglobalsearchabilityofthealgorithm,
andacceleratestheconvergencespeedandsearch
efficiency.TheflowchartoftheCS-PSOalgorithmis
showninFig.1.

Fig.1 FlowchartofCS-PSOalgorithm

2 BNstructurelearningbasedonCS-
PSOalgorithm

2.1 Expressionandinitializationofbird’s
nest

 Inthispaper,the BN networkstructureis
representedbytherelationmatrixbetweennodes.
Eachbird’snestrepresentsanodestate,andthe
nest’slocationis0or1onthematrixdimension.It
isrepresentedbymatrixE=C(n,n),nisthenest
number,andthematrixelementCijisdefinedas

Cij =
1, nodeiistheparentmodeofnodej,

0, others. 
(9)
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 TheBNstructuremodelisconvertedtothenode
relationalmatrix,asshowninFig.2.

Fig.2 BNstructurematrixconversiondiagram

 Initializationofthecuckoopopulationprocessisas
follows:theNbird’snestsareinitializedrandomly
accordingtothesampledata,andallthebird’snests
aretraversed.Themutualinformationbetweenthe
birds’nestsiscalculatedbyEq.(7),theundirected
sides of the variables with maximum mutual
informationareretained,andthemaximumsupport
treenetworkstructureisestablishedtoobtainthe
mutualinformation matrix,atthe sametime,
ensuringthatthe maximum supporttree after
establishmentisadirectedacyclicgraph(DAG).
2.2 Bird’snestlocationupdatingofPSO

algorithm
 InthePSO algorithm,particlesupdatetheir
positionsaccordingtotheirownandnearparticle
velocity,andgettheircurrentoptimallocationand

groupglobaloptimalposition.Thevelocityofthe
particleisconsistentwiththepositionofthebird’s
nest,anditisrepresentedbymatrix.Itsmatrix
elementVijisexpressedas

Vij =

1, addthesideofnodejtonodei,

0, remainunchanged,

-1, deletenodejtotheedgeofnodei.

􀮠

􀮢
􀮡

􀪁􀪁
􀪁􀪁

(10)

 Theparticlevelocityis normalized by using
Eq.(11),andthevelocityvalueistransformedinto
theparticlevelocityprobabilityas

P(Vij)= 1
1+exp(Vij)

. (11)

 Thevelocitymatrix[13]isupdatedbythebinary
PSOoptimizationtheoryas

Xij =
1, P(Vij)>Rand(),

0, others. (12)

 Afterthebird’snestisinitialized,thePSO
algorithmisintroducedtoupdatetheidea,whichis
equivalentto theinitialization matrix,such as
increasingside,reducingsideandreverseside.When
theparticleisflyingfromCtoC'atthespeedofv,
theupdateprocessisshowninFig.3.

Fig.3 PSOalgorithmparticlepositionupdatediagram

2.3 CSalgorithmLevyflightofbird’snest
locationupdate

 Levyflightisasearchmethodcombiningshort-
range exploration and occasional long-distance
conversion,whichcangreatlyimprovetherangeof
search,jumpoutofthelocaloptimalsolution,and
theglobalsearcheffectisexcellent.Inthispaper,
theLevyflightofCSalgorithmisusedtostudythe
structureofBN.TheessenceofLevyflightupdating
thelocationofbird’snestistoincreaseside,reduce
sideandreversesideoperationbetweennodes.The
continuousLevyflightspacebinarytransformation
ruleisgivenby[14]

Sig(α,L(β))=
1- 2
1+exp(-α,L(β))

,L(β)≤0,

2
1+exp(-α,L(β))

-1,L(β)>0, (13)

Ct+1
ij =

0, L(β)≤0∩Rand()≤Sig(α,L(β)),
1, L(β)>0∩Rand()≤Sig(α,L(β)),
Ct

ij,others, (14)

whereCt
ijrepresentslocationupdatevaluesofnodei

andnodejaftertiterations.Theaboverulesare
usedtoupdatelocationsbetweenanytwonodesin
theBNstructure.

2.4 Adaptivefunctionrepresentationofbird’s
nestinBNstructurelearning

 Correspondingtothe BN structure modeling
process,thechoiceofthefitnessfunctionofcuckoo
bird’snestistheselectionofBNscoringfunction.
ThescorefunctionofBNrepresentsthematching
similaritybetweenthetrainingdatasetandtheBN
model structure. The commonly used scoring
functionsincludeBDescore,BICscoreand MDL
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score.Inthispaper,BICscoreisusedasthefitness
functionofcuckoonestas

BIC(δ|η)≈logP(δ|η,θ*)-d
2logm

,(15)

whereδrepresentstrainingdataset;ηrepresents
modelstructure;θ* representsnetworkstructure
parameters;thelatter(d/2)logmoftheBICscore
functionisthecomplexitycorrectionfunctionofthe
modelstructure,whichcangreatlyreducetheover
fittingofthenetwork,and maketheestablished
networkmodelmorestreamlinedandefficient.

2.5 IllegalmodelinBNstructurelearning
 BNisadatabaseavailabilitygroup(DAG).Inthe
BNstructurelearning,especiallyintheposition
updateofthePSOalgorithmandthepositionupdate
oftheCSalgorithmLevyflight,theillegalnetwork
structurewillappearinthelearningoperationof
increasingside,reducingsideandreversesideofthe
BN.Thiswillleadtoinaccuratelearningofnetwork
structure.Thefollowingthreecategoriesofillegal
structuresmayappear.
 1)Nodeself-loopstructure:thereisadirectedarc
A→Apointingtoitself,asshowninFig.4.

Fig.4 Nodeself-circulationBNstructurediagram

 2)Nodebidirectionalcyclestructure:thereisa
A→Bdirectedarcbetweennodes,andthereisa
directedarcB→A,whichformsabidirectional
circulararc,asshowninFig.5.

Fig.5 NodebidirectionalcircularBNstructurediagram

Fig.6 Nodeself-loopcycleBNstructurediagram

 3)Selfloopstructure:therearemorethanthree
directed arcsin the network structure, which
constitutealoopcircuit.ThethreesidesA→B,B→

CandC→Aconstitutetheloopofdeterioration,as
showninFig.6.

2.6 BN’sillegalmodelringremovaloperation
 Therearethreewaystodealwithillegalstructures
aboveBN:randomlyremoveanillegalsideand
updatethenetworkstructurebyequalprobability,
regeneratetheBNstructure,checkthelegality,and
formalegitimateDAG.Thespecificoperationsteps
areasfollows:
 1)Obtainthenoderelationmatrixcorresponding
totheBNstructure;
 2)Tochecktheillegalelementsinthenode
relationmatrix,ifthemaindiagonalelementsofthe
matrixare1,thesymmetricelementsofthematrix
areall1,theclosedloopelementsofthematrixare
all1,andtheelementsaretheillegalelementsofthe
matrix;
 3)Electanillegalelementinthematrixtozero
operation;
 4)Loopupdatematrixuntilthereisnoillegal
elementinthenoderelationmatrix.

3 Experimentandsimulationanalysis
 Inthispaper,Win7operatingsystemandMatlab
(R2014a) simulation software are used as
experimentalenvironment.ThroughtheFull-BNT
toolboxofBN,thealgorithmismodeled,simulated
andverified.Intheprocessofexperiments,three
classicnetworks,cardiagnosis,chestclinicand
credit,whichareprovidedby GeNIeand Netica
software,areselectedassamplenetworks.Thedata
ofdifferentsizesareselectedfromthethreenetworks
asthesampledataofmodelingandsimulationto
evaluatethedegreeoftheBayesiannetworkstructure
learningalgorithm.Thedatastructuresofthethree
networksareshowninTable1.

Table1 ThreeclassicalBNdatastructures

BNstructure Numberofnodes Numberofsides

Cardiagnosis 20 22

Chestclinic 8 8

Credit 12 12

 Inthispaper,theCS-PSOalgorithmisusedto
learnthestructureoftheBNmodel.Theparameters
aresetasfollows:steplengthadjustmentparameter
α=0.01;Levydistributionparameterβ=1.5;
probability of discovery Pa = 0.4; maximum
exploratorystepnumberK=130;CuckoonestsN=
50;particlelearningparametersc1=c2=2;weight
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coefficientω=0.9.
 1)Selecting500,1000,2000samplesofchest
clinicnetwork,usingCS-PSOalgorithmtostudyBN
structureofchestclinicnetwork,inordertoincrease

theaccuracyoftheexperiment,eachgroupofsample
dataarestudied10times,andtheoptimalnetwork
structureistakenasthefinallearningstructure
model,asshowninFig.7.

Fig.7 ChestClinicnetworkstructurediagramstudiedundervariousconditions

 AsseenfromFig.7,whenthenumberofsamples
is500,thereareonlyonereversesidecomparedwith
thestandardstructure,andtheerroris1.The
learningnetworkstructureisclosetothestandard
structure.Whenthenumberofsamplesis1000,the
errorrateis0,andthestandardnetworkstructure
canbelearnedbythisalgorithm.
 2) Greedy algorithm, K2 algorithm, CS
algorithm,andCS-PSOalgorithmareusedtostudy
thestructureofBNforthesampledataofthree
classicalnetworksofcardiagnosis,chestclinic,
credit,respectively.Thelearningresultsareshown

inTables2,3and4.Amongthem,thenumberof
multi-sidesisexpressedbyNmulti,thenumberof
minor-sidesisexpressedbyNmin,thenumberofanti-
sidesisexpressedbyNanti,andtheaveragenumberof
wrongsidesisexpressedbyNave.
 ItcanbeseenfromTables2,3and4thatinthe
chestclinic network with low complexity,the
proposedalgorithmislearnedbyBNstructurewhen
numbersofthesamplesare500,1000,2000,5000
and10000,respectively,andtheaverageerrorvalue
ofthelearningnetworkstructureislowerthanthat
oftheotheralgorithms.

Table2 Chestclinicnetworklearningeffectcomparison

Algorithm
500samples 1000samples 2000samples 5000samples 10000samples

Nmulti Nmin Nanti Nmulti Nmin Nanti Nmulti Nmin Nanti Nmulti Nmin Nanti Nmulti Nmin Nanti
Nave

Greedy 0.3 0.2 0.2 0.3 0.2 0.1 0.2 0.1 0.2 0.2 0.2 0 0.2 0.2 0 0.52

K2 0.4 0.2 0.3 0.4 0.2 0.3 0.4 0.2 0.2 0.3 0.2 0.1 0.3 0.2 0 0.74

CS 0.2 0.2 0.2 0.2 0.2 0.1 0.2 0.2 0.1 0.2 0.1 0.1 0.2 0 0.1 0.46

CS-PSO 0.2 0 0.2 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0 0.1 0.2 0 0 0.28

99         LIJun-wu,etal./ApplicationofCS-PSOalgorithminBayesiannetworkstructurelearning



Table3 Creditnetworklearningeffectcomparison

Algorithm
500samples 1000samples 2000samples 5000samples 10000samples

Nmulti Nmin Nanti Nmulti Nmin Nanti Nmulti Nmin Nanti Nmulti Nmin Nanti Nmulti Nmin Nanti
Nave

Greedy 1 2 2 1 2 2 1 2 1 1 1 1 1 1 1 4
K2 4 3.2 3 3.5 3 2.5 3 3 2.5 2 1.5 1 2 1 1 7.24
CS 1 2 2 1 1 2 1 1 2 1 0 2 1 0 1 3.6

CS-PSO 1 0 1 1 1 0 1 0 0 0 0 0 0 0 0 1

Table4 CarDiagnosistnetworklearningeffectcomparison

Algorithm
500samples 1000samples 2000samples 5000samples 10000samples

Nmulti Nmin Nanti Nmulti Nmin Nanti Nmulti Nmin Nanti Nmulti Nmin Nanti Nmulti Nmin Nanti
Nave

Greedy 5.3 5.2 7 5.3 5.6 7.1 4.1 5.3 6.1 4.1 4.5 5.3 3.5 3.5 4.2 15.22
K2 5.6 5.1 6.3 5 6.3 6 5.5 5.1 5.3 4 5 5 4 3.1 3.2 14.9
CS 5 4 3.5 4 3 3 3.5 3 3 4 2.5 3 2 3 2 9.7

CS-PSO 3 3.2 3 3 3 2.5 2.5 2.5 2.5 1 1 1 0 0 2 6.04

 Inthemediumcomplexitycreditnetwork,the
samelearningeffectisbetterthanthatoftheother
algorithms.Whenthenumberofsamplesreaches
5000,thenetworkstructurehaszeroerror.Inthe
cardiagnosisnetwork withhighcomplexity,the
errorofthenetworkstructureobtained bythe
proposedCS-PSOalgorithmisverylow,especially
whenthenumberofsamplesreaches5000,the
learningnetworkstructureandthestandardnetwork
structureareveryclose.
 ThereasonisthattheK2algorithm needsto
predictthenumberofnodesandthe maximum
numberofnodesinadvance,thereforeitisstillquite
different to learn BN structure in ideal
circumstances.Greedyalgorithmiseasytofallinto
localoptimum when the network structure is
complex,andthesearchaccuracyislow.IntheCS
algorithm,therandomnessofLevyflightwillleadto
slowsearchspeedandlowprecision,whichlimitsthe
abilityofthealgorithmtooptimize.
 3)TheBICscoreofthenetworkstructureisan
indexforevaluatingthequalityofBN,anditnot
onlycanreflecttheadaptabilityofthesamplestothe
network structures,but also can evaluate the
advantages and disadvantages of the learning
network.Bysampling1000samplesfromtheabove
threeclassicalnetworks,the BN structures of
differentalgorithmsarelearned,andtheBICscores
areobtained,asshowninTable5.

Table5 BICscorescomparisonofBNstructurelearning

BN Greedy K2 CS CS-PSO Standard

Car -6455.2 -6532.1 -6440.7 -6432.1 -6428.9

Chest -2214.0 -2245.4 -2214.0 -2216.9 -2217.4

Credit -8108.6 -8154.9 -8104.2 -8098.5 -8099.4

 Itcanbeconcludedfrom Table5thattheBN
modelestablishedbytheproposedalgorithmhasthe
highestBICscore,andcanfindtheBNstructure
withthebestBICscore.TheBICscoreandtheBIC
scoreofthestandardnetworkstructurearethe
closest.Itshowsthatthealgorithm proposedis
optimalcomparedtootheralgorithms.
 4)Select1000setsofexperimentaldatafromthe
cardiagnosisnetworkandsetthemaximumnumber
ofiterationstobe50.Modeldataaremodeledusing
fouralgorithms.Thenumberofiterationsandthe
correspondingmaximumBICscoreofthepopulation
arerecorded.Theexperimentalresultsareshownin
Fig.8.

Fig.8 Algorithmconvergencecomparisondiagram

 ItcanbeseenfromFig.8thatasthenumberof
iterations increases, the BIC score increases
continuously,andthelearningeffectisgettingbetter
andbetter.TheCS-PSOalgorithmtendstoconverge
atabout20times,whiletheotherthreealgorithms
tendtoconvergeataround30times.TheCS-PSO
algorithmhasaBICscoreof-6432.1,whichisthe
highest score.It can be concluded that the
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convergenceoftheproposedalgorithmissignificantly
betterthanthatofotherthreealgorithmsandcan
learnabetternetworkstructure,andthefinal
learningeffectisalsothebest.
 5)Inthispaper,2000datafromcardiagnosis
networkareselectedassampledata.Thenumberof
iterationsofthealgorithm,therunningtimeofthe
greedy algorithm,the K2 algorithm,the CS
algorithm and the CS-PSO algorithm modeling
programarecompared,asshowninFig.9.

Fig.9 Algorithmrunningtimecomparisondiagram

 AsshowninFig.9,therunningtimesofthefour
modeling algorithms increase linearly with the
numberofiterations.CS-PSOmodelingalgorithmin
thenumberofiterations10,20,30,40and50
times,thealgorithm’srunningtimeislessthan
otheralgorithms.Especiallywhenthenumberof
iterationsreaches40times,theadvantageisvery
obvious.
 Themainreasonsareasfollows:theCSalgorithm
usestheLevyflight,theglobalsearchabilityis
strong,andithasbetterconvergencespeedthanthe
other algorithms. Moreover,it combines the
advantagesofthePSOalgorithmandimprovesthe
globaland local search capability of the CS
algorithm.

4 Conclusion
 Inthispaper,theCSalgorithmisusedtooptimize
fromthreeaspects.Combinedwiththestructural
characteristics of BN,a BN structurelearning
algorithmforCS-PSOisproposed.Thesimulation
experimentsandevaluationsofthealgorithm are
carriedoutbyselectingthreeclassicnetworksof
differentscales.Thenetworkstructureandthe
standardnetworkstructurearecompared,andthe
numberofmulti-sides,minor-sidesandanti-sidesare

compared.TheBICscoresofBNarecompared.The
fourindexesofconvergenceofdifferentalgorithms
andprogramrunningtimearecompared.Atthesame
time,thegreedy algorithm,K2 algorithm,CS
algorithmandCS-PSOalgorithmarecomparedand
analyzed.Experiments show thatthe proposed
algorithm has fast convergence speed, high
convergenceprecision and good stabilityin BN
structurelearning.Fordifferentcomplexitynetwork
structures,thestandardnetworkstructurecanbe
efficientlylearnedthroughlesssampledata.The
learningeffectisbetterthanthatofotherthree
algorithms.
 ThroughtheBNstructurelearningofCS-PSO
algorithm,theaccurateBNnetworkstructuremodel
canbeobtainedfasterandbetter.However,theCS-
PSO algorithm itselfisgreatlyaffected bythe
parametersettings.The settings ofthe model
parametersinthispaperaregivenaccordingtothe
experimentalexperience.Theparameterselectionis
notnecessarilyoptimal,sohowtooptimizethe
parametersettingsisthefocusofthenextstep.
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CS-PSO算法在贝叶斯网络结构学习中的应用

李俊武,李国宁,张 钉

(兰州交通大学 自动化与电气工程学院,甘肃 兰州730070)

摘 要: 针对传统的贝叶斯网络(Bayesiannetwork,BN)结构学习算法运行效率低、算法易早熟、学习效

果不理想等缺点,选取布谷鸟(Cuckoosearch,CS)和粒子群(Particleswarmoptimization,PSO)智能算法,
结合BN结构特点,提出了一种CS-PSO的BN结构学习算法。首先,对CS算法从以下三个方面进行改进:
利用最大支撑树来指导CS算法的初始化方向,利用解的适应度来调节解的寻优及舍弃过程,利用PSO算

法来进行CS算法的位置更新。其次根据BN的结构特征,将CS-PSO算法应用于BN的结构学习。最后采用

chestclinic、credit和cardiagnosis三种经典网络作为仿真模型,进行贪婪算法、K2算法、CS算法和CS-
PSO算法的建模和仿真比较。结果表明,CS-PSO算法在BN的结构学习中,收敛速度快、收敛精度高且稳

定性好,可以更快、更优地得到精确的贝叶斯网络结构模型。
关键词: 贝叶斯网络;结构学习;CS-PSO算法
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