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ChapterlIntroduction

TheessentialofEngEneerlngliesinoptlmizationandinvention,WhiletheessentialofScience

istodiscoverthelawofNbture･TheoptlmizationintheenglneennglStOPrOducesomething

moresuitable,mOrePreCise,andspeedier･InthegrowlngCOmPlexhumansociety,eSpeCially,

industryandcommerce,theconceptofoptlmizationisverylmPOrtantforproductdesign,

resourceallocation,Plantlocation,manufactunngscheduling,andsoon･Withtheprogressof

COmPutlngPOWer,theoptlmizationhasbeenrecentlydonebyuslngCOmPutationaltechnology,

thoughthepreviousoptlmizationhadbeendonebyhumanknowledgeofexperts･Infact,the

COmPuterCOntributesgreatlytothecurrenthumansociety,andthecomputerpowerkeeps

increaslngWhilethesizeandcostofthecomputerkeepdecreaslng･Asaresult,WeCanSOIve

Variouscomplexproblemsquicklyandefftctivelyandtherebre,Werequlrethepowerfu1and

quicksolutionmethods･Thischapterbrieflypresentsoptlmizationmethodsandtherelated

fieldssuchasoperationsresearch,artincialintelligence,eVOlutionarycomputation,SOft

COmPutlng,andarti缶ciallift.

1･1BackgroundonOptimization

OptimizationplaysaverylmPOrtantrOleinvariousneldsandtodayltSaPplicationcanbe

Seeninbusiness,education,gOVernment,industry,andsoon･ThereforetheorlglnOfthe

OPtlmizationcanberetracedthehistoryofalltheBeldssuchasenglneenng,SCience,eCOnOmics

andsociology･FromthehistoricalpolntOfview,thedevelopmentofthecomputercanbethe

latestrevolutionfbrtheoptlmization･Thecomputerprovidesusquickcomputlng,advanced

infbrmationprocessing,andnumerousdatastoring[1].

BeforethedeveloprnentOfthecomputer,aSyStematicapproachcanberegardedasa

methodologicalrevolution･Thesystemanalysisbylogicalandmathematicalmethodsprovides

usefftctivesolutionsandinsightsforlargecomplexproblems･Forexample,OPerations

researchiswell-knownasoneofthesystematicapproach[3,4].Theoperationsresearchwas

nrstsuccessfu11yusedR)rtheanalysISOfmilitaryoperationsatWorldWarII･Theoperations

researchis,ingeneral,theuseofquantitativemethodstoanalyzeandpredictthebehaviorof

SyStemSWhichareinfluencedbyhumandecisions･Infact,theoperationsresearchapplies

OPtlmizationmethodssuchaslinearprogrammlnganddynamicprogrammlngfordecision

-1-
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making.

Whenretraclngthehistoryoftheoptlmizationfurthermore,WeCanreaChthefactthatthe

Optlmizationwasdonebyhumanknowledgeofexperts,andthehumanknowledgeforthe

OPtlmizationwasinheritedfromancestorstooffsprlng･Thiskindofhumanknowledgeis

of[encalledheuristics.Inaddition,therehavebeenalotofhistoricalfactsconcern1ngthe

OPtlmization･Thus,WeCan Seealotoffactsconcernlngtheoptlmizationinthehuman

history.

Tablel.10ptimizationandrelated丘eldsfromthehistoricalpolntSOfview

FuzzySystem/ Computer/ Evolutionary Others

NeuralNetwork Arti丘cialIntelligent Computation

1940 McCulloch-Pitts Programmable Operations

NeuronModel

HebbianLearn1ng

Computer Research

Cybernetics

1950 Perceptron TuringTest

Lisp Machine

Evolution

Metropolis

Algorithm

Dynamic

Programm噂

MonteCalro

Method

1960 FuzzySets GeneralProblem

SoIver

A*SearCh

Evolutionary

Programmlng

Evolution

Strategy

RandomSearch

Branch-And-Bound

Tech血que

1970 Back-Propagation

Algorithm

FuzzyContro11er

NP-Completeness

ExpertSystem

Genetic

Algorithm

Classifier

System

1980 Hop丘eldNetwork

FuzzyModeling

Boltzmann

Machine

BeliefNetwork BucketBrigade

Algorithm

Arti丘cialLift

ImmuneSystem

TabuSearch

1990 Neuro-Fuzzy Qtlalitative
Probabilistic

Network

Genetic

Programmlng

Q-baming

-2-



('/M/汀打/

Ontheotherhand,fromtheviewpolntOfrelatednelds,theoptlmizationhasbeendeveloped

togetherwithoperationsresearch,eVOlutionarycomputation,artificialintelligence,neural

network,fuzzylogic,andsoon(Tablel･1)･Inadditiontothedynamicprogrammingas

mentionedbefore,randommethodssuchasmetropolisalgorithmandMonteCalromethod

WerePrOPOSedin1950s･Furthermore,A*searchandbranch-and-boundtechniquewere

PrOPOSedtosearchfbrsolutionsefftctively･Afterthat,eVOlutionarycomputationsuchas

evolutionaryprogrammlng,eVOlutionstrategy,andgeneticalgorithm,hasbeenappliedto

Variousoptlmizationproblems･Inrecentyears,reinforcementlearnlngSuChastemporal

difftrenceleamingandQ-1eaminghaswe11discussed･Furthermore,thesekindsofoptimization

methodsareaPPliedtoneuralnetwork,fuzzysystem,andsoon･Inthisway,theoptlmization

hasbeendevelopedthroughtheinteractionwiththeserelated丘elds･ThefbllowlngSeCtions

PreSenttheoptlmizationandtheserelated貞eldsinbrief.

1･20ptimization,SystemEnglneerlngandIntelligentManufactunngSystem

Inthissection,WeCOnSiderwhattheroleoftheoptlmizationisintheenglneerlng･The

SyStematicqpproachintheprevioussectionisexplicitlydiscussedinthesystemenglneenng,

thoughthesysternaticapproachisutilizedwidelylnVariousfields･Asystemisgenerally

dennedasanassemblageoffunctional1yinteractlngCOmPOnentS,Whichissatis丘edthefb1lowlng

COnditions:(1)havingtwoormorecomponents,(2)accomplishinganoqectasawhole,and

(3)eachcomponentachieveseachfunction･Infact,theefftctivenessofa11thecomponents

regardedasasystemmaybegreaterthanthesumoftheseparatedeffectivenessofeach

COmPOnentS.

Thesystemenglneerlnghasbeengraduallydevelopedonthebasisofoperationsresearch,

infbrmationtheory,Cybernetics,COmPuterSCience,andsoon･Ir卸rmationtheo77PrOVidesus

theconceptssuchasreliabilityandredundancybasedonentropy[5]･Inadditiontoentropy,

Markovchainisveryusefu1fbrprediction･Cybernetics,WhichwasproposedbyN.Weiner,is

atheoreticalstudyofcommunicationandcontroIprocessesinbiologlCal,meChanical,and

electronicsystemsandtheconceptoffeedbackisveryimportant[6]･Acurrentcomputeris

regardedasTuringmachinebasedontheconceptofautomatonwhichproducessomeoutput

inresponsetoanlnPutaCCOrdingtoitsinternalstate･AndV･Nomanproposedastored

PrOgramCOmPuterbasedontheTuringmachine[1].

-3-
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Figurel･2Systemanalysis‥Examinationbyquantitative/qualitativemethods

Thesystemengineeringhastwoaspectsof(1)systemsynthesisand(2)systemana&sis･The

systemsynthesiscombinesseparatecomponentstofbrmacoherentsystem(Figurel･1)･The

systemanalysISeXaminesmethodicallybyuslngbothquantitativemethodsandqualitative

methods(Figurel.2).Ingeneral,thesystemsynthesisisfarmoredifficultthanthesystem

analysISSincethesystemsynthesisrequlreSSyStemdesign,Simulation,OPtlmizationand

evaluation･Infact,WhenaproblemisglVen,theproceduretodevelopasystemforthe

PrOblemisasfbllows:

Stepl.De丘nitionandfbrmulation

Step2.Developmentofalternativesolutions

Step3.Modelingofalternativesolutions

Step4･Determinationoftheevaluationfunction

Step5.Optimizationandevaluation

Instepl,Wede丘neandfbrmulizetheproblemtoclarifythestruCture･Second,Wedevelop

somealternativesolutionsfbrsoIvingtheproblem･Next,Webuildmodelsofalternative

solutionsfromtheresultsofthecause-efftctanalysISOftheproblem･Next,Wedeterminethe

evaluationfunctionandevaluationcriterionfortheproblem[7].Finally,WeOPtimizeeach

modelandcomparetheevaluationresult･Asaresult,WeCanObtainadesiredsystem･Thus,

theoptlmizationplaystheimportantroles,andthedecisionmakingselectlngthebestalternative

dependsontheoptlmizationresults･Ingeneral,anOPtlmizationproblemisdennedasfbllows,
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minimize(maximize)f(x)

Su叫ectto
(～=1,L,り

(ノ=1,L,椚)
(1.1)

Wherexisasetofdecisionvariables,f(X)iscalledobjectivefunction,Whichincludes

efftctivenessandcostfunctions,andgi(x),hj(X)arecalledconstraints･Inaminimization

PrOblem,theoptlmizationisto丘ndthedecisionvariablesx*whichsatisfiestheR)1lowlng-

equation,

′(ズ*)≦′(ズ) (1.2)

Theo句ectiveoftheoptlmizationis,ingeneral,tOObtainthebestvalueswhichmaximizethe

efftctivenessandwhichminimizethecostatthesametime･However,theoptlmization

problemusuallyhassometrade-0ffbetweentheeffectivenessfunctionandthecostfunction.

Itistherefbreverydifficulttooptlmizetheohjectivefunction.Ingeneral,mOStOfproblems

tobedealtwithinenglneenng,SCienceandsociology,CanreSultinthiskindofoptlmization

PrOblems･Forexamples,aCurrentmanufacturlngSyStemhasmanycomplexoptlmization

PrOblemssuchasproductdesign,reSOurCea1location,Plantlocation,manufactunngscheduling

SincethecurrentmanufacturlngSyStemhasalotofconstraintssuchasspacecapaclty,

machiningabilityandtimerestriction[2]･Mostoftheseoptimizationproblemsbelongto

ill-dennedand/orill-StruCturedproblems･Todealwiththesekindofcomplexproblems

efftctively,intelligentmanufacturingsystemhasbeendiscussedrecently[2].

TheintelligentmanufactunngsystemcompnsesanewconceptfbrcoplngWithalargenumber

Ofproductsandmanufactunngprocesses,anditsefftctivenessliesintheprocesslngCaPability

COrreSPOndingtohighvariety･Therefore,theintelligentmanufacturlngSyStemrequlreSthe

POWerfulandquickoptlmizationmethodstocreateanidealmanufacturlngenVironment･In

fact,theinte11igentmanufacturlngSyStemhasvariouscomplexproblemssuchasresource

allocationproblemswithprediction,relocationproblemsofmachiningcenters,Pathplannlng

fbrautomatedguidedvehiclesanddynamicmanufhctunngschedulingproblems･

ー5-
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1･30ptimizationMethods

Varioustypes ofoptlmization methodshavebeendeveloped so farandtheoptlmization

methodscanbedividedintotwocategoriesofexactandapproximatemethods.Theexact

method canobtainoptlmalsolutions uslnglocalinformationpeculiartotheoptlmization

PrOblem,buttheexactmethodneedsmuchcomputationcost.Ontheotherhand,theapproximate

methodcanobtainoptlmalorquasi-OPtlmalsolutionswithlesscomputationcost.Thus,eaCh

OPtlmizationmethodhasatrade-0ffbetweentheperfbrmanceofsolutionandthecomputation

COSt.Therearefourcriteriatoevaluatetheoptlmizationmethods,i.e.,COmPleteness,time

COmPlexity,SPaCeCOmPlexityandoptimality[3].

Ontheotherhand,fromthemathematicalpolntOfview,theoptlmizationmethodscanbe

dividedintothreemain
categories:(1)numericalmethods[8]such as simplexmethods,

bisectionlinesearChandsteepestdecentmethod,(2)enumerationmethods[3,4,9]suchas

dynamicprogrammingandbranch-and-boundalgorithm,and(3)randommethods[10…12]

SuChasMonteCarlomethod,Simulatedannealingandgeneticalgorithm.

ロ

d
■ あ1 :
l l

l
l l

l
l l

し′ ヽ■■ l

!y
′l

l ヽL

0 α0 ズ0 が
′

Figurel.3Bisectionlinesearch

1.3.10ptimizationbyNumericalMethods

Thenumericalmethodsaremainlyknownaslinearprogrammngandnon-1inearprogrammng.

The optlmization methodsbynon-1inearprogrammlnghavebeen studiedheavily so far.

Thesemethods arebasedoniterativehill-Climbingby uslngadescentdirection.Inthis

-6-



C/‡叩励一ノ

SeCtion,Wefbcusonaminimizationproblemofano叫ectivefunction.Oneofthesimplest

techniquesisabisectionlinesearch(Figurel.3)[3].Thebasicideaistosearchforapointx

Satisfyingq(X)/dx=0.First,Weinitializetwostartingpoints,aOand bO.Next,findthe

midpointxO=(aO+bO)/2,andevaluatethederivative･IfthederivativeatapointxOis

POSitive,thentheminimumisbetweenaOandxOandthenextrightpolntbl=XO･Otherwise,

al=XO･Thisprocessisrepeateduntilq(X)/dx=0･Thebisectionlinesearchcanconverge

toaglobalminimumwhentheo句ectivefunctionisconvex.

Figurel.4Steepestdescentmethod

Whenweconsiderano句ectivefunctionwithmorethanonevariables,themostusedmethod

isasteepestdescentmethod(Figurel･4)･Thegradientoftheobiectivefunctionalwayspoints

theascentdirection,andtherefbretheoppositedirectionisadescentoneIbrminimizlngthe

OqeCtivefunction･Consequently,thenextcandidatesolutioniscalculatedbythefbllowlng

equation,

ズf十1=ズf_α.生壁j血
(1.3)

Whereαisastepsizewhichisnon-negative･TheoptlmalvalueofαCanbefbundbysoIving

thefbllowlngequation,

-7一



(-'/山/血･ノ

minimize f(Xi十1)=f(α) (1.4)

thatis,bysoIvingtheequationq(α)/dα=0,WeCanObtaintheoptimalα.Theseprocessis

repeateduntilq(xi十1)/dx=0･However,thesteepestdescentmethodhasproblemsoftrapping

tolocalminimaeasilyandrequiringmanyiterations[7].

Inaddition,Whenwecanusethesecondderivativesoftheouectivefunction,WeCanuSea

Newton'smethod･First,theohjectivefunctionf(x)isapproximatedaccordingtoTaylor

Seriesexpansionuptothesecond-Order,

榊≡如･警ユ(ズーJ∫)+トズ邦(抽-ズ∫)(1･5)

WhereH(x')istheHessianmatrixwhichconsistsofthesecondpartialderivativesoff(X).

Thepointminimizingtheobjectivefunctionf(X)isequaltothefo1lowingpointxi+1by

difftrentiatingeq･(1･5)withrespecttoxandsettingittozero.

(〝-しり
血
+〟(ズ`)(ス∵-∵ズ`)=0 (1.6)

Next,byinsertlngXi+1intox,WeObtaintheminimizationpolntXi+10ftheapproximated

Objectivefunction.

ズ…=ズf一姫)-1廻
(加

(1.7)

Ifthe H(xL)-1exists,WeCanObtainauniquesolution･ThoughtheNewton,smethodcan

Obtainaminimizationpolntbyonlyoneiteration,theNewton,smethodhasproblemsofthe

difficultyofcalculatingaHessianmatrixanditsinversematrix,andnumericalproblemsdue

toround-Offerrors･ToimproveNewton,smethod,quaSi-Newton,smethodsandothershave

beenproposed.

-8-



('/M/〃ぐJ･/

l･3･20ptimizationbyEnumerationMethods

TheenumerationmethodscanfindthebestsolutionbycountlngOutOnebyone,butthe

enumerationmethodsrequlreSmuChcomputationtime･Toreducecomputationcost,dynamic

programrrungandbranch-and-boundalgorithmhavebeenproposed･Thedynamicprogrammlng

isoftenusedfbrsoIvingacertainproblemrequlrlngSequentialdecisionthatmadebeat

Variousstagebasedontheprinc申IeQf岬timalitybyR.Be11man,thatis,

anoptlmalpolicyhasthepropertythatwhateverthecurrentstateanddecisionare,

theremainlngdecisionsmustconstituteonoptlmalpolicywithregardtothestate

resultingfromthecurrentdecision[3].

Ontheotherhand,thebranch-and-boundmethodbasicallydividestheoptlmizationproblem

intosomesubproblemsandsoIvesthesubproblems[3].Theproceduredividingsubproblems

iscalledabranchingoperation･Next,thesubproblem,Whichhasnopossibilityofcontainlng

OPtlmalsolutions,isexcludedh･OmPOSSiblesubproblems･Thisprocedureiscalledabounding

OPeration･Inthebranch-and-boundmethod,thebranchingoperationisverylmPOrtantSince

thenumberofsearchtimesdependsonthebranchingoperation･Ingeneral,therearebest-nrSt

SearCh,breadth-nrStSearChanddepth-nrStSearChinasequenceofsubproblemsthatdifftr

fromoneanother･However,thesemethodsrequlremuChcomputationcostastheproblem

Sizeislarge,thoughthesemethodscanobtainoptlmaWithin丘nitesearchtimes.

1.3.30ptimizationbyRandomMethods

Therandommethodisbasicallyahill-Climbingsearchwhichmovesinthedirectionof

increaslnganeValuationvalueincaseofamaximizationproblem･Therandommethodscan

丘ndglobaloptlmaWithininnnitetimewithouttrapplngtOlocaloptlmainsoIvingnon-COnVeX

OPtimizationproblems[7]･However,theglobalconvergenceisnotimportantbecausethe

enumerationmethodinannitesearchspacecanfindglobaloptlmainnnitetime.The

importanceisthattherandommethodscanobtainquasi-OPtlmaWithlesscomputationcost･

Inaddition,therandommethodshavetwoapproachesoflocalsearchandglobalsearch.The

localsearchselectsanextsearchingpolntOutOftheneighborhoodofthecurrentpolnt,While

theglobalsearchselectsanextsearchingpolntOutOfa11solutionspace･Ingeneral,the

COmPutationtimebrthesearChdependsonhowtodesigntheratiooftheglobalsearchtothe
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localsearch･Thelocalsearchcanfastattainlocaloptlma,Whiletheglobalsearchcanslowly

attainglobaloptlma･Ontheotherhand,randommethodsthatthesearchratioiswelldesigned,

aresimulatedannealing[11]andgeneticalgorithm[12].Thesemethods,Whicharecalled

modemheuristics,areOPtlmizationmethodssimulatlngPhysicalphenomenonandbiologlCal

evolution,reSPeCtively.

Figurel･5Simulatedannealingalgorithm

ThesimulatedannealinglSahill-Climbingmethodwhichcanmoveinthedownhilldirection.

Thesimulatedannealinggeneratesanextpolnt,Xi+1,Withrandomperturbationandthenext

POlntisevaluated･Andthen,thecurrentpolnt,Xi,1SrePlacedwiththenextpolntaCCOrdingto

the Metropolis or equlValent criterion･Metropolis algorithm uses the probability,

max(1,e4F/T),Where4fisthediffbrencebetweenf(Xi.1)and f(xi)･If4f>Othenthe

CurrentPOlntisreplacedwiththenextone･Otherwise,thecurrentpolntisreplacedwiththe

nextonewiththeprobability e4f/T･AnotherfrequentlyusedcriterionistheBoltzmann

PrObabilitydistribution,1/(1+e4F/T)･Consequently,Whileitiseasytomoveinthedownhill

directionwhenthetemperature,T,ishigh,thesearchpolntmOVeOnlylnthehill-Climbing

directionwhenthetemperatureislow･Inaddition,thesearchratiodependsonthecooling

SCheduleofthetemperature･

Ontheotherhand,thegeneticalgorithmsimulatestheprocessofevolutionandgenetic

OPeration･Thenextsectionpresentsthegeneticalgorithmandevolutionarycomputation･

Thus,natureOftenprovidesusefftctiveideasfbrenglneenng･
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l･40ptimizationandEvolution

l･4･1EvolutiononEnglneerlng

LivingthingsinnatureevoIveandadapttotheirexternalenvironments･Ifitispossibleto

Simulateevolutiononacomputer,thenwecanrealizeanadaptlVeSyStem.Firstofall,We

COnSiderthetermSCOnCern1ngEvolutionandA卸tationonEnglneerlng.

gv(‡J〟αfわ乃

ト→R)〃れ
(a)Evaluationofchange

gvαJ〟dfわ〃

(b)Evaluationofadaptation

Figurel･6Evaluationsofchangeandadaptation

･Change･Theprocessorresultofgivlngadifferentformorappearance･=erethe

fbrmincludesfigure,Patternandshapeofcells,function,Organization,Cultureand

environments.Changecanbeevaluatedunderanevaluationcriterionasevolutionor

degeneration.

仇αJ〟dJわ乃=£血血(カr〝Z)

Theevaluationresultdeterminesevolutionordegeneration(Figurel.6.a).

･Evolution:aPrOgreSSionfromasimplebrmtoamorecomplexone･

･Degeneration‥aChangefromacomplexfbrmtoasimplerone･

(1.8)

HerewecannotjudgewhetherornottheevoIvingoneadaptstoitsenvironment

fromtheevaluationresult･Whetherornotoneadaptstoitsenvironment,dependson

theenvironmentalcondition.

●Ad4ptation･Adjustmentin structure or function to a changlng enVironment
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(Figurel.6.b).Adaptation can be evaluated under an evaluation criterion and

environmentalfhctors.

a血加油川=£血血(卸間Og郡わ′0〃∽e扉) (1.9)

Where'c,isanoperator･Theadaptationisnotevaluatedwithoutenvironmental

factorssincetheadaptationisevaluatedastheresultoftheinteractionwiththe

environment.

HeretheimportantpointisthatanevoIvedoneisnotnecessari1ythead叩tedone(Figurel.7),

thoughevolutionisoftenregardedasasubsetoftheadaptationinenglneerlng･Forexample,

humanbeingcanbesaidtoadapttothecurrentenvironmentonearth,buthumanbeinglost

theabilityofgeneratlngVitamininthehumanbodythroughtheprocessofevolution.Thelost

abilitycanbesaidtobedegeneration･Thus,theevolutionanddegenerationoccurinnatureas

theresultsoftheadaptation･Anotherexampleisanumericalcontrol(NC)machineinthe

intelligentmanufacturingsystem･TheNCmachineadaptedtoamachiningenvironmentmay

notadaptittoanotherone･Ontheotherhand,themachinecanbesaidtobeevoIved,ifthe

PrOCeSSlngSPeedofacomputerintheNCmachineishigherthanotherNCmachines.

Consequently,theevolutionandadaptationcannotbeevaluatedunderthesameevaluation

Criterionatthesametime.

Figurel･7Evolutionandadaptation
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Next,WeCOnSidertheprocessofevolutionandadaptation.

●Process･A series ofactions,Changes,Orfunctions bringlng about aresult.The

PrOCeSSincludesinheritanceandleam1ng.

･hheritance･Theprocessoftransmissionofgeneticinfbrmationfromparentsto

Offspnng･AstransmittlngerrOrS,mutationchangesgeneticinfbrmation.

･Leanlng･Theact,prOCeSS,OreXPerienceofgalnlngknowledgeorski11･Learnlng

includeslearningbydiscovefツ,learningbyshowfromparents,and
rei/卸rced

learnlngthroughtheinteractionwiththeenvironment.

1.4･2EvolutionaryComputation

EvolutionarycomputationisaBeldofsimulatingevolutiononacomputer[13～17].As

mentionedbefore,anOPtimizationproblemisde丘nedaseq.(1.1).Consequently,theevolutionary

OPtimizationmethodcanbede自nedasanoptimizationmethodbyusingeq.(1.8)as an

evaluationcriterion,Sincetheoptlmizationproblem,ingeneral,hasneitherlnPutnOrOutPut

fromtheenvironment･However,iftheo切ectiveoftheoptlmizationproblemistomodela

COntrO11erandtoacqulrerulesandskillthroughacomputersimulation,theevolutionary

OPtimizationmethodrequireseq.(1.9).

Figurel･8Evolutionofpopulationingeneticalgorithm
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FromthehistoricalpolntOfview,theevolutionaryoptlmizationmethodsaredividedinto

threemaincategories:geneticalgorithmbyJ･Holland[14],eVOlutionaryprogrammingby

L･Fogel[13],andevolutionstrategybyH･SchweftlandI.Rechenberg[15,16].Thesealgorithms

arefundamentallyiterativegenerationandalternationprocessesoperatlngOnaPOPulationof

Candidatesolutions･Inaddition,theseevolutionaryoptlmizationmethodshavebeenapplied

SuCCeSSfullytovariousoptlmizationproblemssofar･Figurel･8showstheevolutionofa

POPulationinthegeneticalgorithm･Thegeneticalgorithmgeneratesnewcandidatesolutions

byuslnggeneticoperatorsbasedonthecurrentcandidatesolutions,Whiletherandomsearch

randomlygeneratesnewcandidatesolutions･Next,thegeneticalgorithmselectsnextcandidate

SOlutionsaccordingto丘tnessvalue･Inthisway,thefittercandidatesolutionssurviveand

generatebettercandidatesolutions.

1･5Arti丘cialInte11igenceandOptimization

Withtheprogressofcomputationability,Variousmethodsconcernlngartificialintelligence

havebeensuccessfu11yproposed･Thestudyofinte11igencecanberetracedtoveryold

Philosophy･Fromover2000years,reaSOnlngtheoryandlearnlngtheoryhavebeendiscussed

byPlato,SocratesandAristotle[8]･Thefirstworkofartificialintelligenceisamodelof

artificialneuronswhichwasproposedbyMcCullochandPitts･Ontheotherhand,Shannon

andTuringwerewntlngChessprogramfbracomputer,andSamuelwroteacomputerprogram

thateventuallylearnedtoplaycheckers･Atthattime,ahighlevelcomputerlanguage,Lisp,

WaSdeveloped･Theobjectiveofearlyartihcialintelligenceisproblem-SOIving.Oneofthe

attemptswasgeneralproblemsoIver(GPS)byNewellandSimon.ThemainmethodsofGPS

embodytheheuristicsofmeans-endsanalysIS･Afterthat,alotofknowledgerepresentation

method,SearChstrategleSandreasonlngmethodshavebeenproposedfbrproblem-SOIving･

TheultimategoalsoftheartiBcialintelligencearetounderstandthemechanismofbrainand

torealizehumaninte11igenceonamachine･ThegoalsarescientincandenglneenngaPPrOaChes,

respectively･Infact,theproblemofartincialintelligenceistodescribeandbuildanintelligent

agent,Whichperceivesitsenvironment,makeadecision,andperbrmsaction(Figurel.9).

Heretheenvironmentincludesdeterministic,dynamicandcontinuouselements.Theresearches

COnCernlngthearti丘cialintelligencecanbedividedintothree丘elds;
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1.knowledgeacqulSltlOn

2.recognltlOnOfexternalenvironment

3.learn1nganddecisionmaking

However,these丘eldshavemutualdependence･Hereknowledgemeansdataorprocedures

thatareglVenaStruthfbrano句ectiveandalsoincludesthelawofphysicsandmathematics.

TheknowledgeacqulSitionincludeshowtorepresentknowledgeandhowtostoreknowledge･

Therecognlt10nOfexternalenvironmentistoknoworidentifyfromthepastexperienceor

knowledgeonthebasisoftheinputandoutputfromtheenvironment･Learn1nglStheprocess

toacqulreknowledgeorski11basedontheintbrmationacquiredfromexternalenvironment,

andespecially,theleamingistoacquireinftrencerulesasknowledge[18].Oneofknowledge-

basedinftrencesystemsinthearti缶cialinte11igenceisanexpertsystem･Theexpertsystemis

generallydefinedasaprogramthatusesavailableinformation(knowledge),heuristics,and

inftrencetoproposesolutionstoaspecialproblem.

Environments

deterministic?

dynamic?

COntlnuOuS?
Action

<｢~~ →

Intelligentagent

Sensors

Knowledge

representation

Leamlng

Decisionmaking

Infbrence

Prediction

Figurel.9IntelligentagentinteractlngWithvariousenvironments

Asanextstage,thearti丘cialintelligencerequlreSanabilityfbrproblem-SOIvingastheexpert

SyStem･Hereaproblemis,ingeneral,SOIvedbyuslngtheacquiredknowledge,butitis

knownthatthesolutionbytheacquiredknowledgerequlreSmuChtirne･Therefbre,thesolution

methodsbyheuristics,havebeenproposedfbrreducingcomputationtime.Herethehewistics

isdeBnedasusefulknowledgeacquiredbyexperienceinmostcase･Theoptlmizationis

requiredR)rObtainlngOPtlmalknowledgeandski11･Infact,theoptlmizationmethodshave

beenappliedlもracqulrlngtheknowledgesuchasin托rencerulesandfeatureextraction.
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l･6SoftComputlngandOptimization

Softcomputlng,WhichwasproposedbyL･Zadeh,isanewconceptfbrinR)rmationprocesslng

anditsobjectiveistorealizeanewapproachfbranalyzlngandcreatlngflexibleinformation

PrOCeSSlngOfhumansuchassenslng,understanding,1earnlng,reCOgnlZlng,andthinking･In

hct,L.Zadehdescribed,

SoftcomputlnglSanemerglngaPPrOaChtocomputlngWhichparallelstheremarkable

abilityofthehumanmindtoreasonandlearninanenvironmentofuncertainty

andimprecision[22].

Asmethodologicalapproachesofthesof[computing,thereareneuralnetwork[19～22],fuzzy

SyStemS[19,22,23],eVOlutionarycomputation,maChineleaming[18],COnVentionalarti丘cial

intelligenceandsoon.

1.6.1NeuralNetwork

Thehumanbrainprocessesinfbrmationsuper-quicklyandsuper-aCCuratelyasanetwork.

McCu1lochandPittsproposedthatasuitablydennednetworkcouldlearnin1943,andHebb

demonstratedasimpleupdatingrule払rmodifyingtheconnectionstrengthbetweenneurons

Ofnetworkin1949(Hebbianlearning)･Inaddition,Rosenblattproposedperceptronwhich

WaSaPatternClassificationsystemrecognlZlngabstractandgeometricpatternsinthelate

1950s･Afterthat,therediscoveryofback-PrOPagationalgorithmbyRumelhart,POPularized

artincialneuralnetwork,thoughtheback-PrOPagationalgorithmwasdevelopedbyWerbos

[8].

ArtincialneuralnetworksimulatingthebiologlCalbraincanbetrainedtorecognlZePatternS

andtoidentifyincompletepatternS･Thesetrainlngandleam1ngftaturesmakeneuralnetworks

SuitableforapplicationsinpatternClassi丘cation,Signalprocessing,COntrOl,andsoon[19].

Thebasicattributesofneuralnetworkarethearchitectureandthefunctionalproperties;

neuro4ynamics･NeuralnetworkiscomposedofmanylnterCOnneCtedneuronswithinput,

OutPut,SynaPtlCStrength,andactivation･Theneuralnetworkscanbedividedintotwotypes;

fted-fbrwardandrecurrentnetworks･Afeed-払rwardnetworkhaslnPutlayer,hiddenlayer,

OutPutlayerandunidirectionallinksbetweenneurons(Figurel.10),Whiletherecurrentnetwork

hasfヒedbacklinksbetweenneurons(Figurel.11).
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Figurel.10Afted-fbrwardneuralnetwork

二‡∋二→
Figurel.11Arecurrentneuralnetwork

Thelearnlngalgorithmis,ingeneral,determinedbytheteachertypefromtheenvironment･

Theleam1ngalgorithmsfbradjustlngWeightsofsynaptlCStrengthareclassi丘edintosupervised

learnlngWithtargetresponses,unSuPervisedlearnlngWithouttargetresponses,reinforced

learnlngOnlywiththeresponseofsuccessorfailure.Ingeneral,amulti-1ayerneuralnetwork

istrainedbyabackpropagationalgorithmbasedontheerrorfunctionbetweentheoutput

responseandthetargetresponse.However,thebackpropagationalgorithm,Whichisknown

asagradientmethod,Of[enmisleadstolocalminima.Inaddition,thelearnlngabilityofthe

neuralnetworkdependsonthestructureoftheneuralnetworkandinitialweightsofthe

SynaPtlCStrength･Therefore,theoptlmizationofthestructureandthesynaptlCStrengthis

VerylmPOrtantfbrobtainingthedesiredtargetresponse.

OtherartificialneuralnetworksareHop丘eldnetworkand BoltzmannMachine･Hopfield

networkisregardedasanautoassociativefu11yconnectednetworkwhichhassymmetrically

Weightedlinks･BoltzmannMachineisbasedonthesimulatedannealingaccordingtoMetropolis

dynamics.
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1･6･2FuzzySystem

Theconventionalexpertsysteminaprocesscontrollerhasaproblemofhowtorepresent

hurnandecisionmaking･FuzzytheoryandfuzzyloglC,WhichwasproposedbyL.Zadeh,

provideusthelinguisticrepresentationsuchas'slow,and掬st,(Figurel.12).Fuzzinessis

Oftenconfusedwithprobability･Astatementisprobabilisticifitexpressesalikelihoodor

degreeofcertaintyorifitistheoutcomeofclearlydennedbutrandomlyoccurrlngeVentS.

Ontheotherhand,thefuzzyexpressesadegreeoftruth,Whichisrepresentedasagradeofa

membershipfunction･ThefuzzyloglCisapowerfu1toolfbrnonstatisticandill-denned

StruCture.

Membership

10 20 30

S匹ed

Figurel･12Membershipfunctionbrspeed

Fuzzyinftrencesystemisbasedontheconceptoffuzzysettheory,fuzzyif-thenrule,and

fuzzyreasonlng･Thefuzzyreasonlngderivesconclusionsffomasetoffuzzyif-thenrules.

FuzzyinftrencesystemimplementsmapplngfromitslnPutSPaCetOOutPutSpaCebya

numberoffuzzyif-thenrules･ThewidelyusedfuzzyinfbrencesystemsareMamdanifuzzy

modelsandTakagi-Sugenofuzzymodels,Whichareusedasfuzzycontrollers[22].The

ftatureofthefuzzycontrolleristhelocalityofcontrolandtheinterpolationamonglocal

COntrOllaws･Inthefuzzycontroller,thestatespaceofthesystemisdividedintosome

regionsasmembershipfunctionswhichareantecedent,andtheoutput(COnSequenCe)fbrthe

SyStemCOntrOlisdesignedasslngletonsormembershipfunctions･Next,thefuzzyrulesare

interpolatedasaglobalcontroller.

However,fuzzytheoryandfuzzylogichavenotunlngmethodshrfuzzyrulesandhuman

expertshavegeneratedandtunedthemembershipfunctionsandfuzzyru1essofar.Therefore,

WerequlreOPtlmizationandleamlngmethodstoobtainoptlmalfuzzyrules･Thelearn1ngOf
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fuzzysystemscanbebasica11yclassi丘edintothreecategories;(1)structurelearningwhich

OPtimizesthecombinationoffuzzyrules,(2)antecedentpartlearningwhichoptimizesthe

Shapesofinputmembershipfunction,(3)consequencepartlearningwhichoptimizesthe

OutPut Offuzzyif-thenrules frequently defined as slngletons-Ofcourse,thecombined

Optlmizationcanbeconsidered.

1･6･3EmerglngSynthesisonSoftComputlllg

Eachtechniqueplaysthepeculiarroleinthesoftcomputingandrelatedfields(Tablel.2).

However,therearenotcompletetechniquesfbrrealizingallfunctions,andtherefbre,WeCan

integrateandfusesometechniquestoovercomethedisadvantagesofeachtechniques･One

CharacteristicsofneuralnetworksaretorecognlZePatternSandtoclassifyinput,andtoadqpt

themselvestodynamicenvironmentsbylearnlng,buttheneuralnetworkisablackbox.In

addition,fuzzysystemscancopewithhumanknowledgeandperforminftrence,butfuzzy

SyStemSdoesnotfundamental1yhaveleamlngPrOCeSSeS･Nuero-fuzzycomputlnghasdeveloped

fbrovercomingeachdisadvantage[28～33]･Ingeneral,theneuralnetworkpartisusedfbrits

learnlngandclassifying,WhilethefuzzyloglCPartisusedforinfbrenceandcrlSPOutput.

Figurel･13showstheemerglngSynthesisofartincialneuralnetwork,fuzzyloglCandgenetic

山godthm.

Tablel･2Featuresofsoftcomputlngandrelatedfields

Knowledge
･NaturalLanguage,CommunicationLanguage,ProgrammlngLanguage

Representation
･If-ThenRule,FuzzyIf-ThenRule

Infbrence ･ProductionSystem,FuzzyInferenceSystem

･ArtificialNeuralNetwork,Classi丘erSystem,BeliefNetwork

baⅢung
･Back-PropagationLeam1ng,ReinfbrcementLearnlng

･TemporalDifftrenceMethod,Q-Learning,BucketBrigadeAlgorith

Search
･A*Search,Heuristics,Branch-And-BoundMethod,DynamicProgrammlng

･LineSearch,Steq)eStDescentMethod

･Hill-ClimbingSearch,GeneticAlgorithm,SimulatedAnnealing
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Figurel･13Emergingsynthesisofneuralnetwork(NN),fuzzyandgeneticalgorithm(GA)

Ontheotherhand,theevolutionarycomputationasmentionedbefbre,Playstheroleofthe

OPtlmization･Thehybridalgorithmswithevolutionarycomputationontheso氏computlngare

knownasevoIvingartincialneuralnetwork[25,26],Self-tuningfuzzysystem[27],eVOIving

fuzzyneuralnetwork[34,35]･Thesehybridalgorithmscanmakeupfbreachdisadvantageby

theadvantagesofothermethods･Inthisway,theevolutionarycomputationprovidesthe

artincialneuralnetworkandfuzzysystemwithoptlmlZlngability･

l･7Art摘･CialLiftandMolecularComputlng

Livingthingsonearthcanbedividedintofburlevelsfromthestructuralpointofview:(1)

themolecularlevel,(2)thecellularlevel,(3)theorganismlevel,and(4)populationlevel.A

livingthingatanylevelisacomplexadaptlVeSyStememerglngfromtheinteractionofa

largesizeofelementsfromthebelowlevel･Artificiall酔means`1iftmadebyhumansrather

thanbynature･'Thearti丘ciallifthasthreetypesofapproaches:(1)wetwaresystemfromthe

molecularlevel,(2)sof[wareSyStemfromthecellularleveland(3)hardwarelevel丘omthe

Organismlevel[36～39]･Inthewetwaresystem,therearealotofattemptstoartificial

evolutionaryprocesssuchasthemolecularevolutioninthetube.Cellularautomaton,is

knownasoneofsoftwaresystem,isplacedinthegridonthecellspace･Allcellschangeeach

StateaCCOrdingtothepreviousstateofthecellanditscloseneighbors･Thehardwaresystem
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isoftendescribedasanecologicalsystemfbrmulatedbyJ.Holland【14,39].TheHolland's

ecologlCalsystemusesgeneticalgorithmandallowalargerangeofecologlCalinteraction.

Theo叫ectiveoftheecologlCalsystemistostudyhowsimpleinteractionsamongsimple

agentsleadtoemergenthigh-levelphenomena.

fTきC
X=GCTATT

£=CGATAA

Watson-ClickComplements

Figurel.14RepresentationbyuslngDNAmolecules

Ontheotherhand,thereareresearChestosoIveahardcombinatorialoptlmizationproblemby

buildingaDNAbasedcomputer･TheDNAbasedcomputerencodesbinarystrlngSaSDNA

moleculescomposedof(A,T,G,C)(Figurel.14).Thecombinationofstrings'tx'and`yz,is

PrefbrmedbythehybridizationbasedontheWatson-Clickcomplements･ByuslngbiologlCal

OPerations such aspolymerase chainreaction,theDNAmolecules can beextracted and

ampli丘edfbrsymbolicoperations･Theseresearcharecalledmolecularco〝甲uting[40,41].In

fact,L･AdlemanappliedtheDNAcomputertoadirectedHami1tonianpathproblemand

R･LiptonappliedtheDNAcomputertoasatisfactionproblem[40,41].ThoughtheDNA

COmPuterSPerformsanoperationveryslowly(1hourperoperation,Ontheaverage),the

DNAcomputerhasacapabilityofhugepara11elprocessing(1012).Theseresultsindicatesa

PrObabilitythataDNAcomputercanrealizefarmorecomputationthanTuringcomputer･

Therefbr,themolecularcomputlnglSreCentlyfbcusedonasacomputerscienceofthenext

generation･However,therearesomeproblemssuchasthedi托cultyoftheimplementation,

thedimcultytodealwitherrorsinlargescalesystems･

1.8 MotivationandGoals

TheoptlmizationplaysaverylmPOrtantrOleintheenglneerlng,aSPreSentedintheabove

SeCtions･TheenglneerlngrequlreSthepowerfu1andquickoptlmizationmethodfbrcomplex

PrOblemstoobtainthehighperformance･Thequicksolutionoftheproblemenablesthe
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reductionofthecomputationcost･Andthepowerfulsolutionenablestheimprovementofthe

Perfbrmance･Figurel･15showstheoptlmizationtechniquesfromthevariouspolntSOfview.

Theevolutionarycomputationandrandommethodsare,ingeneral,globalandproblem-

independentsearchessincetheydoesnotusetheftaturesoftheoptlmizationproblems,While

thehemisticsandnumericalmethodsusestheftaturespeculiartotheoptlmizationproblems.

Biological

Problem7dependent

Mathematical

Figurel･150ptimizationtechniquesfromvariouspolntSOfview.

(SGA;Standardgeneticalgorithm,SSGA;Steady-Stategeneticalgorithm,

EP;eVOlutionaryprogrammlng,ES;Evolutionstrategy,ASGA;age-StruCturedgenedc

algorithm,Ⅷ以;ViruS-eVOlutionarygeneticalgorithm,SA;Simulatedannealing)

Ontheotherhand,natureOftenglVeSuSeffectiveideas･Infact,humanbeinghaveof[en

Simulatednaturalphenomenatocreatenewtechnology,thoughthecreatedtechnologleSare

SOmetimesdifftrentfromnaturalphenomena･Evolutionaryoptlmizationmethodssimulate

naturalevolutionfromtheviewpolntOfneo-Darwinism,andworkonapopulationofcandidate

SOlutions･Theoperationsbrtheoptlmizationareverysimpleandrequlreneitherthedifftrential

informationnorthecontinultyCOnCernlngtheoqectivefunctionofacomplexoptlmization
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PrOblem,buttheevolutionaryoptlmizationmethodscansoIvethecomplexoptlmization

PrOblemefftctively･However,theevolutionaryoptlmizationmethodshavesornePrOblemsin

SearCh･WethereforeproposebiologlCallylnSPiredevolutionaryoptlmizationmethodsto

improvethesearchingability.

加減血叩拍卿血血

Ge〃emわ那

(a)EvolutionbySGA

加減血叩葎甲血血

Ge〃e和才わ乃∫

(b)EvolutionbyASGA

Figurel･16DifftrenceofevolutionofpopulationsbetweenSGAandASGA

First,WePrOPOSeanage-StruCturedgeneticalgorithm(ASGA)asasimpleextensionfroma

geneticalgorithm･Thestandardgeneticalgorithm(SGA)hasaproblemofprematurelocal

COnVergenCeWhichoccurswhenapopulationofindividualslacksgeneticdiverslty,thatis,

themostofindividualsaresameOne(Figurel･16(a))･TheASGAmaintainsgeneticdiversity

Ofapopulationbyremovingagedindividualsfromthepopulation(Figurel.16(b)).Furthermore,

theASGAisappliedtoaknapsackproblem･

Second,WePrOpOSetWOeVOlutionaryoptlmizationmethodsbasedonvirustheoryofevolution;

Virusevolutionarygeneticalgorithm(VEGA)andvirusevolutionaryalgorithm(VEA),into

Whichvirusinftctionoperatorsareintroduced･TheSGAhasnodirectionalitylnSearChand

there払retheSGAisweakatlocalsearch,SincetheSGAusescrossoveroperatorsrandomly

recombiningsomeindividuals(Figurel.17(a)).Toimprovethisweakness,theVEGAuses

localsearchbyvirusinftctionoperators,WhiletheVEGAbasicallyusesgeneticoperatorsas

globalsearch(Figurel･17(b)).Here virusindividuals havelocalgeneticinformation.

-23-



C力(卿erj

Furthermore,theproposedmethodsareappliedtoconventionalandtraditionaloptlmization

PrOblems:(1)aknapsackproblem,(2)atravelingsalesmanproblem,and(3)afunction

OPtlmizationproblem･Thesimulationresultsindicatethatvirusinfbctionoperatorscan

efftctivelysoIvetheoptlmizationproblemswiththedirectionalitylnSearCh.

gvoJ混血/=?/●押出/d血/1

Ge〃ピタⅥJわ乃∫

(a)EvolutionbySGA

Ge乃emJわ〃∫

(b)EvolutionbyVEGA

Figurel･17DifftrenceofevolutionofpopulationsbetweenSGAandVEGA

Fina11y,theproposedevolutionaryoptlmizationmethodsareappliedtoenglneerlngOPtlmization

PrOblems:(1)trqjectoryplanningproblemsofredundantmanipulatorsastheapplicationto

robotics,(2)apalletallocationprobleminself-Organizingmanufacturingsystemasthe

applicationtointelligentmanufacturingsystem,and(3)aself-tuningfuzzycontrollerfora

Cart-POleproblemasthehybridalgorithminsoftcomputlng･Thesesimulationresultsshow

thattheproposedmethodscanbesuccessfullyappliedtocomplexenglneerlngOPtlmization

PrOblems.

1.90rganizationofthisDissertation

Thisdissertationisorganizedasfollows･Figurel･18showstheoutlineofthisdissertation.

Chapter2presentsevolutionaryoptlmizationrnethodsindetail･Toputitconcretely,the

Chapterpresents naturalevolution,artincialevolution,geneticalgorithm,eVOlutionary
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algorithm,andadvancedevolutionaryoptlmizationalgorithmsandtheirproblems･

Chapter3proposesanage-StruCturedgeneticalgorithmbasedonthepopulationwithage

StruCtureanditsapplicationtoaknapsackproblem･

Chqpter4proposestwoevolutionaryOPtlmizationmethodsbasedonvirustheoryofevolution;

Virusevolutionarygeneticalgorithmandvirusevolutionaryalgorithm･Furthermore,thechapter

PreSentStheirapplicationstoconventionalandtraditionaloptlmizationproblemsandsome

numericalsimulationconcern1ngVirusinftction･

Chapter5presentsthreeapplicationexamplestoenglneenngOPtlmizationproblems･Thenrst

SeCtionproposesahierarchicaltrqectoryplannlngmethodforredundantmanlPulatorsand

PreSentStheapplicationtosometrqectoryplannlngPrOblems･Thesecondsectionproposesa

Self-Organizlngmamfhctunngsystemandpresentstheapplicationtoapal1etallocationproblem･

Thethirdsectionproposesaself-tunlngmethodbrafuzzycontrollerandtheapplicationtoa

Cart-POleproblem.

Chapter6presentstheconclusionsandthefutureworks.
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Figurel.180utlineofthisdissertation
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Chapter2EvolutionaryOptlmizationMethods
●

NatureoftenglVeSuSgOOdideas･Evolutionarycomputationisaneldofsimulatingevolution

OnaCOmPuter･Intheevolutionary.computation,StOChasticoptlmizationmethodssimulate

naturalselectionandworkonasetofcandidatesolutionswithoperatorsbasedonevolution

andgenetics･Thoughevolutionaryoptlmizationmethodhasverysimplearchitecture,butis

VeryPOWerfu1fbroptlmizationproblems.

Thischapterpresentsnaturalevolutionandevolutionaryoptlmizationmethods.Second,a

Simplegeneticalgorithmwhichismostbasicandstandard,and someextended genetic

algorithms,arePreSented･Finally,Otherevolutionaryalgorithms:eVOlutionaryprogrammlng

andevolutionstrategyarepresented.

2･10ptimizationMethodsBasedonEvolutionandGenetics

EvolutionaryoptlmizationmethodisconstructedbasedontheDarwiniantheoryofevolution･

First,thissectionpresentsnaturalevolutionofDarwiniantheoryandnaturalgenetics･Second,

thissectionpresentsartificialcreaturesevoIvinglnanarti丘cialworldbysimulatingnatural

evolution.

2.1.1NaturalEvolution

Whatisnaturalevolution?Thefactthatevolutionoccursinnatureiscertain.However,itis

difnculttoexplaintheprocessofevolutioninnature･Oneofthemostimportantevolutionary

theoryinbiologyisDarwiniantheoryofevolution[42].TheDarwiniantheoryisbasedon

naturalselection･BefbreDarwin,Lamarckarguedthatspecieschangedovertimeintonew

SPeCies.Lamarck'sconceptlOnOfevolutionhastwomechanisms.Oneis"internalfbrces=to

PrOduceoffgpnngslightlydiffbrentfromparentsandthiscausesvisibletransfbrmationsover

generations･The otheris theinheritanceofacquired characteristics.Theinheritanceis

COnVentional1ycalled‖Lamarckianinheritance･=Withaprogressofmolecularbiology,Various

theoriesofevolutionhavebeenproposedsofar.Thereareotherevolutionarytheories[42～46]

SuChasneutraltheoryofmolecularevolution,Imanishi,stheoryofevolution,Serialsymbiosis
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theory,andvirustheoryofevolution･Firstofall,theevolutionaryprocessoftheDarwin

theorylSPreSented.

Darwinproposedtheevolutionarytheoryinthebook"OntheOrigin
ofSpecies"[44].

Evolutionmeanschangeoflivingthings(CreatureS)astheresultofnaturalselectionthrough

generations･Darwincalledevolution"descentwithmodification-T･EvolutionarymOdifications

increaturesdependontheirenvironmentalchangesandrandomgeneticinnovations.Evolution

ismainlycontrolledundernaturalselection･Naturalselectionmeanstheprocessthatthe

CreatureSadaptedtotheirenvironment,tendtosurviveandreproducemoreoffsprlngtOthe

nextgeneration･Naturalselection requlreSthefollowlngCOnditionsinnature,

1･ReproductiontoR)rmaneWgeneration.

2･Heredityoffbaturesfromparents.

3･Variationincharacteristicsofthemembersofthepopulation･

4.Variationinthe"缶tness"ofcreaturesassociatedwiththeirvariouscharacteristics.

Fitnessofacreatureisdefinedastherelativecontributiontothenextgeneration,thatis,

Whenthefitnessishigher,thecreaturecanreproducemoreoffspnng･However,Darwinian

Onglnaltheoryislackofhereditytheory･Inordertoexplainhereditytheory,Neo-Darwinism,

WhichwasproposedassynthesisofDarwiniantheoryandMendel,s"atomistic"theoryof

heredity･BeforeMendel,mOSttheoriesofevolutionwerebasedon‖blending=theory･Ina

blendingmechanism,the=genes=arenotpreserved･Thegenesinheritedfromitsparentsare

Physicallylost,aSthetwoparentalsetsareblendedtogether･Ontheotherhand,inMendelism,

itispossible丘)rthephenotypesoftheparentstobeblendedintheoffspnng,butthegenesdo

notblend(Figure2･1)･Therefore,thecombinatorialchangesofgenescausethechangesof

Phenotype･Next,WePreSentthemechanismofnaturalselectionfromviewpolntSOfmolecular

biologyandpopulationgenetics【42,45,47].

InnatureeachindividualhasacertainnumberofchromosorneSWhicharestructuredofDNA

(deoxyribonucleicacid)･DNAcarriesgeneticinformationusedtobuildanewbodyand

CauSeStheinheritanceofcharaCteristicsfromparenttooffspnng･DNAconsistsofburtypes

Ofbases,G(guanine),C(CytOSine),T(thymine)andA(adenine).Polypeptidechainismade

upoftwochainsofnucleotidestwistedinadoublehelicalstructureandjolnedbyhydrogen

bondsbetweenthecomplementarybases(Figure2.2).Geneisahereditaryunitcomposedof

DNA･Everygeneislocatedataparticularplaceonachromosomeca11edgeneticlocus･A

Chromosomedeterminesanindividualcharacteristicsbasedonthegeneticcompositionofthe
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individualcalledagenotype･Therefbre,agenOtyPedeterminesitsphenotypewhichexpresses

Characteristicsoftheindividual.

~~~~■■

■■■㌶
L.∴~~~1

⊥L
~~~ ■l

(a)Blendingheredity (b)Mendelianheredity

Figure2･1ThedifftrenceofBlendingheredityandMendelianheredity

Pご＼し
S-q⊥

_､ヰミ＼ ヱ
S-G≡≡≡C-S

Figure2.2StructureofDNA:doublehelixmodel

ー29-



C力呼Jer2

ThegenotypeofoffgpnnglS,ingeneral,difftrentfromtheparentsbecauseofarecombination

betweenparentswithdifftrentgenotypes･Recombinationistherearrangementofgenesthat

OCCurSWhenreproductivecellsarefbrmed･Figure2･3illustratesanexampleofrecombination

betweentwochromosomes･First,aPalrOfchromosomelinesup,andsecond,aStrandsofthe

PalrOfchromosomesbreaksatthesamePOlnt,andlast,thestrandsjointogetherandrecombine.

ArecombinationgeneratesoffsprlngWhichhaveacombinationofcharacteristicsdifferent

fromthatoftheirparents.

Whenanindividualreproduces,itsgenesarephysICallyreplicated･However,aCCidental

errorsnaturallyoccuratalowrateduringreplication･Thechangebytheseerrorsiscalled

mutation･Thereare,furthermore,SOmetypeSOfmutationssuchasinversionandtranslocation.

Theinversionreversesasequenceofgenesonachromosome.Intheinversion,aStrandofa

Chromosomebreaksoffandlinksinthereversedirection(Figure2.4.a).Inthetranslocation,

astrandofachromosomeisbrokenoffandrqolnedtothechromosomeatthedifferentlocus

(Figure2･4･b)･Themqjorityofmutationsare,ingeneral,harmfu1toindividuals,butthe

mutationmaylnCreaSeanindividual,sntnesswithaverysmallproportion･Thesesuccessfully

mutatedindividualsspreadoverthepopulationbynaturalselection･Thus,geneticvariations

inspeciesarisebythesemutations.

Tosummarizesimply,eVOlutioniscontrolledundernaturalselectioninDarwinism.However,

SPeCiesneedsnewgenotypetoadaptitsexternalenvironmentalchange･Speciescanadapt

itselftochanglngenVironmentbyrecombinationandmutation.

Figure2.3Recombinationofchromosome

(a)Inversion (b)Translocation

Figure2･4Mutation(inversionandtranslocation)

-30-



C力叩rer2

2.1.2EvolutioninArtincialWorld

LivingthingsevoIveandadapttotheirexternalenvironment,aSmentionedintheprevious

SeCtion･Ifitispossibletosimulateevolutiononacomputer,thenwecanrealizeanadaptlVe

SyStemlikelivingthingsinnature･Thissectionconsiderhowtorealizetheevolutionof

artiBcialcreaturesinartincialworldonacomputer･Asmentionedbefore,livlngthingshave

SOmeChromosomeswhichdeterminetheircharacteristicsbythegeneticcomposition,and

naturalselectioneliminateslivlngthingsaccordingtotheiradaptlVeneSSOrfitnesstotheir

environment･Darwiniantheoryofevolutionprovidesaframeworkforrealizingarti丘cial

evolutiononacomputer,andgeneticsprovidesaframeworkfordealingwithsymbolic

OPerationonacomputer･Torealizeanartincialcreatureandworldonacomputer,We

assumethefbllowlngCOndition:

l･Anartincialcreaturehascertaingeneticinfbrmationwhichisinheritedfromancestor

too蝕p□ng.

2･Anartificialworldhasapopulationofthecreatures,andselectsthecreaturesadapted

totheirenvironmentfromthepopulationintothenextgeneration.

3･Antterindividualtoitsenvironmentcanreproducemoreoffspnng･

Figure2･5showstheprocessofaboveartincialevolution･Firstofall,itisrequiredtodeBne

environmentsintheartificialworldtosimulatetheevolutionofartificialcreatures.Ifan

OPtlmizationproblemisregardedasanenvironment,thentheenvironmentcanglVeeaCh

artincialcreature(individual)acertainntness･Eachindividualhasacertainstrategyor

in払rmationtosurviveintheenvironment･Inaddition,individualsgeneratenewindividuals

Withrecombination･Astheresultofrecombination,individualsmaycreatemoresuitable

StrategyOrinformationgenerationbygeneration･Sincetheprocessofselectionand

recombinationisrepeatedonacomputer,mOreSuitableindividualsarecreatedthrough

generations･Atlast,WeCanObtainthemostsuitableindividual,thatis,aSOlutiontothe

PrOblem･Thiskindofmethodsimulatingevolutioninnature,iscalledevolutiona77COmPutation

[12～17]･TherearethreecategoriesinevolutionaryCOmPutation･J･HollandproposedGenetic

瑚orithm[14]･L･FogelproposedEvolutiona77Programmlng[13]･I･Rechenbergand

H･SchwefelproposedEvolutionStrategy[15,16]･Thesealgorithmshavehistorica11y

independentonglnS,butthedifferencearnOngthemhasbecomelessdistinctrecently･Next,

WeCOnSidertheprocessofanevolutionaryOPtlmizationmethodbyuslngthegeneticalgorithm.
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Figure2.5Evolutioninarti丘cialworld

Theinitialgeneticalgorithmwasdevisedasanadaptationprocess,andlater,thegenetic

algorithmswereusedasoptimizationmethods[12]･WhenwesoIveanoptimizationproblem,

thegoaliso鮎ntoobtainvariablestomaximizeorminimizeaglVenOueCtivefunction.In

thegeneticalgorithms,WemuStenCOdeadecisionvariableintoaBnitelengthstringona

Chromosomeasgeno碑e,becausegeneticalgorithmsusegeneticsymbolicprocesses.The

geneticalgorithmworksonasetofstringswhichcalledpqpulationwithcopyingstrings(i.e.

r甲rOduction)andexchangingofpartialstrings(i.e.recombination).Individualhasoneor

SOmeChromosomesofstrlngS･Ingeneral,aStrlngOfanindividualstandsfbracandidate

SOlutionbybinarynotationfortheoqective血nction･Phenoopeofanindividualrepresents

acandidatesolutionandwecanobtainphenotypewithdecodingastrlngOfanindividual.

ntnessofanindividualrepresentsthevaluecalculatedanobjectivefunction.Inthegenetic

algorithms,theoperationsfbrstnngarecalledgeneticoperatorsandtheselectionofcandidate

SOlutionstothenextgenerationisperfbrmedbyreproduction･

1･Recombination‥thisgeneratesnewindividuals(Offgpring)bycombiningsubstrings

OnthestrlngOfparents.

2･Mutation:thisreplacesageneonthestrlngWiththeotherone.

3･Reproduction‥thiscreatesthepopulationofthenextgenerationbyselectlngindividuals

accordingtotheirntnessvaluesfromthecurrentpopulation.

Theselectedntterindividualsgeneratenewindividualswiththerecombinationandthemutation.

Inthisway,aPOPulationevoIvestowardoptlrnalsolutions･Tosummarize,theprocedurefor

SOIvinganoptlmizationproblemwithageneticalgorithmisasfbllows,
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Stepl･Determineacodingmethodfromsolutionspaceintostnngspaceasgenotype･

Step2･Design貞tnessfunction.

Step3･Designcrossoveroperatorsandmutationoperatorssuitablefbrtheproblem.

Step4.Designselectionscheme.

Step5･ParametertunlngOfcrossoverprobability,mutationprobability,Selectionpressure

andsoon.

2･2SimpleGeneticAlgorithm

Inthissection,WePreSentasimplegeneticalgorithm[12]anditsapplicationtoasimple

functionoptlmizationproblem･Furthermore,Wei11ustratehowapopulationevoIvesona

SirnPlegeneticalgorithmbyhand･Ageneticalgorithmmainlyneedsreproduction,

recombination,andmutation･Thoughvariousgeneticoperatorshavebeenproposedsofar,

We丘rstpresentasimplegeneticalgorithrnbecauseofthesimplestandmoststandard.

AsimplegeneticalgorithmiscornPOSedofroulettewheelselection(reproduction),One-POint

CrOSSOVer(recombination),andsimplemutation･Eachoperationisverysimpleandworkson

Stringsinapopulationonlywithsimplebitoperations･Theprocedureofthesimplegenetic

algorithmisasわ1lows:

begin

Initialization

rePeat

Roulettewheelselection

Crossover

Mutation

Evaluation

untilTermination_COndition=True

end.

Withthegeneticoperatorsonapopulationbyhand,WeillustratehowtoevoIveonthesimple

geneticalgorithmonegeneration･Asabasicexample,1etusconsiderafunctionmaximization

PrObleminthebllowlngfunction:
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/(ズ)=ズ2

Wherexisde血edasunslgnedinteger･

(2.1)

First,WemuStrePreSenteaChcharacterinbitnumber(binarydigit)toapplyasimplegenetic

algorithm･Wecallthisoperationcodingwhichismapplngannite-1engthstnngspacefroma

SOlutionspace･WecanexpressthenumberfromOto31withuslng5lengthbitsinthiscase.

ThebitnumberlOllO,forexample,decodestothenumber22asfbllows:

1･24+0･23+1･22+0･21+0･20=20

Inthisway,WeCandecodethegenotypeintothephenotype･

(2.2)

Wethenillustratetheprocedureofthesimplegeneticalgorithmbyhand.Initializationisto

generatetheinitialpopulation･Eachindividual,sstnnglnaninitialpopulationisgenerated

WithselectlngCharacterOorlatrandom･Assumethefo1lowlngPOPulationoffburindividuals

atgenerationt:

No.String

l:10100

2: 01011

3:11001

4: 01111

Next,WeeValuatethentnessvalueofeachindividualagalnSttheenvironment･Calculating

ntnessfunctioneq.(2.1),WeCanObtainthe丘tnessvalue.Thefitnessvalueisde凸nedas

PayOfforpront･Inthesimplegeneticalgorithm,thesurvivalabilityofanindividualis

dependentonthe丘tnessvalue･Theindividualwithahigherntnessvaluecanreproducemore

OffSpnngundertheselection･Thereproductiongeneratesanewpopulationofthegeneration

t+1withcopylngStnngSOfthegenerationt･Thereproductionmakesuseoftheselectionof

individualsaccordingtotheirntnessvalues･Inordertoselectoffsprlng,thesimplegenetic

algorithmusestheroulettewheelselectionschemeasoneofthemostbasicselectionstrategy･

TheroulettewheelselectionselectsanindividualwiththeprobabilitylnPrOPOrtionofits

ntnessvaluetothesummationofa11individualBtnessvalue･Theselectionprobabilityofan

individuali,Pselec(ionisasわ1lowlng:
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クぷeJecJ血=
カJ〝e∫∫ノ

皇ノ血∫∫ノ
ノ=l

Wherendenotesapopulationsize,Whichis4inthiscase.

(2.3)

Anewpopulationisgeneratedwiththeroulettewheelselectionfourtimes.Table2.1showsa

reproductionresultofanewpopulationinthiscase･DecodingastrlnglntObase10integer,

WeObtainthevalueofstnngandcalculatentnessfunction･Calculatingtheselectionprobability･

OfindividualpselectIon,WeCalculatethesummationofallntnessvalues,Whichisasumof1371.

Weobtaineachindividualpselectionaccordingtothesum･Theexpectedvalueisthenumber

Ofindividualtobeselectedintothenextgeneration･Inthiscase,basedoneachexpected

Value,theroulettewheelselectionselectsthestnngwiththehighestntness625twice,andthe

Stringswiththentness400and2250nCe,reSPeCtively･Astheresultoftheselection,We

Obtainanewpopulationofthenextgeneration･Thereproductiongeneratesthepopulation

Withhigherntnessonaverage,nOttOgenerateindividualswithnewgenotypes.Therefbre,in

Ordertogeneratenewcandidatesolutionsfbrsolvingtheproblem,geneticalgorithmsrequlre

recombinationoperatorsandmutationoperators･

Table2･lSelectionresultbyroulettewheelselection

Genotype Phenotype Fitness pselction Expectedvalue Selected

10100 20

01011 11

11001 25

01111 15

0

1

5

5

0

2

2

2

4

1

∠U

2

0.33 1.16

0.08 0.32

0.43 1.72

0.15 0.60

SecondstepISthecrossoveroperatortogeneratenewstnngsfromtwoormoreindividuals.

Matingbetweentwoindividualsrandomlyselected,andnext,ChooslngCrOSSlngSiteofthem

randomly,thecrossoverexchangesthepartialsubstnngsofstrlngSCutbythecrosslngSite

betweenthem･TodividepopulationintocouplesmatlngatrandomshowninTable2.2,We
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ChooseeachcoupleofcrosslngSites2and4,reSPeCtively･Thecrossoverisperformedbythe

CrOSSOVerPrObabilitypcro･Wリe7･=1･Ohere･Consequently,allindividualsarerecombinedbythe

CrOSSOVer･ThethirdstepISthemutationoperatorfbrreverslngthebitofstrlngatrandom

accordingtomutationprobabilityp凧(ation=0･05here.InTable2.2,themutationoccursatthe

OnePOSition,Whichbit`1,isreplaced`0,inthelocus40nthethirdstrlnghere.Andthen,We

Calculatethesummationofallntnessvalue,Whichis1818.Thesumofa11individuals

becomesbetterthanthatofthepreviousgenerationby1371andthehighestfitnessvalue

becomesbetterthanthepreviousoneby49･

Table2.20nepolntCrOSSOVerandmutation

Genotype Aftercrossover Aftermutation Value Fitness

101100 10001

111001 11100

110101 110_廷

011Ill OllOl

10001

11100

110旦1

01101

17 289

28 784

24 576

13 169

Inthisway,Weillustratedthreeoperationsofthesimplegeneticalgorithmbyhand･Asa

result,WeObtainedabettersolutionaReronegeneration,thoughweusedonlysomeprobability,

SOmebitoperationsandtheroulettewheelselection･Tosummarize,Onlythesimplesymbolic

OPerationswithoutuslngCharacteristicsoftheproblemenablethesolutionoftheproblem･

AllthepopulationevoIvestowardabettersolutionsetwithincreaseoftheaverageofBtness

Valuesgenerationbygeneration.

Whycangeneticalgorithms
obtainabettersolution?Thereasonisthatthenumberof

individualthatthelef[mostbitis`1,,increasesafteronegenerationinthiscase.Thelef[most

bitisveryslgni丘cant,Sincethebitisthemostinfluencetoa丘tnessvalue･Becauseslgnincant

SubstrlngSincreaseinapopulation,allthepopulationcanevoIvetowardanoptlmalsolution,

Ingeneticalgorithms,Slgni丘cantsubstrlngSincreaseinapopulationwithoutconsidering

themselves･Withgeneticoperators,theslgni凸cantsubstnngsoftengeneratenewbetter

Slgni丘cantsubstrlngS･Thisiscalledbuildingblockhwothesis･Theevolutionofapopulation,
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notanindividual,isanessenceofgeneticalgorithm･Thecrossoveroperatoristhemost

essentialsymbolicoperationfbrgeneratlngbettercandidatesolutionstosearchthesolution

SPaCeOftheproblemefftctively･FurtherdiscussionsofgeneticalgorithmindetailarePreSented

intheわ1lowlngSeCtion2.3.5.

2･3GeneticAlgorithmArchitecture

Geneticalgorithmsareof[encalled'nopr10rknowle4gerequired,optlmizationtechniques,

Sincegeneticalgorithmscanobtainoptlmalorquasi-OPtlmalsolutionswithonlysimple

Symbolicoperationswithoutconsideringcharacteristicsofoqectivefunctionsforoptlmization

problems･ThesimplegeneticalgorithrnWhichwaspresentedintheprevioussection,is

ShowntobepowerfulforsoIvinganoptlmizationproblem,thoughitsprocedureisvery

Simple･Simplegeneticalgorithmhasthesimplestarchitectureingeneticalgorithms,but

geneticalgorithmsshouldbeextendedsuitableforanoptlmizationproblemtobesoIved.A

numberofgeneticoperatorshavebeenproposedinordertoapplyvariousoptlmization

PrOblems･WethenpresentthefundamentalcharacteristicsofgeneticalgorithmagalnaS

払1lows:

1･GeneticalgorithmsworkwithstrlngSCOdedthecandidatesolution.

2･Geneticalgorithmsworkonapopulationofstnngs･

3･GeneticalgorithmsneedonlyBtnessvalue,nOtderivativeinfbrmation.

Thereasonwhythesegeneticoperatorsworkeffectivelyonapopulation,1iesintheconcept

Ofbuildingblockhypothesis･ButgeneticalgorithmscannotsoIveallofoptlmizationproblems･

TheseproblemsarecalledGA-hardproblems,OneOfwhichisaminimaldeceptlVePrOblem･

Intheproblem,aCrOSSOVerOPeratOrCannOtWOrkwellonapopulation･Furthermore,thereis

aproblemofprematurelocalconvergence,Whicharisesfromthearchitectureofgenetic

algorithms.

Inthissection,WePreSentCOdingmethodsfromthesolutionspaceofanoptlmizationproblem

intoastnngspace,Othergeneticoperatorsfbrapplyingvariousoptlmizationproblems,building

blockhypothesis,andsomeproblemsconcern1nggeneticalgorithms.
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2･3.1Coding

WhenwetrytosoIveanoptlmizationproblemwithgeneticalgorithms,firstofa11,WemuSt

designhowtoencodethesolutionspaceわrtheoptlmizationproblemintoastnngspace.The

COdingmeansthemapplngfromthesolutionspaceintoafinite-1engthstrlngSPaCe･We

requlreagOOdcodingdesigninordertosoIvetheoptlmizationproblemefftctively･Various

COdingdesignmethodshavebeenproposedsofar[48,77,79]･Themostimportantcondition

incodinglStOCOVerallofthesolutionspacewiththestrlngSPaCeWithoutredundancy,

thoughlivingthingsinnaturehavesomechromosomeswhichincludealotofredundant

genes･Consequently,thephenotypeofthestnngspaceshouldbeequaltothesolutionspace

OftheprobleminordertosoIvetheproblemeasily･Inaddition,thestrlngSPaCeShouldbe

generatedasasetofftasiblecandidatesolutionsinordernottoperfbrmtheuselesssearch.

Geneticoperators,however,directlyworkonthegenotype,nOtPhenotypeingeneticalgorithms.

Therefore,theperfbrmanceofthegeneticsearchdependsonsymbolicoperationsfbrthe

genotype･GeneticalgorithmsworkbestwhensubstrlngShaveconsistentbenefitthroughout

thestnngspace･Thisisbasedontheconceptthatacodingmethodisdeeplyconcernedina

CrOSSOVerOPeratOr･Theneighborhoodofacandidatesolutioninthesolutionspaceshouldbe

Similartotheneighborhoodofthestnngcorrespondenttothecandidatesolutioninthestnng

SPaCe(Figure2･6)■Ifnewoffgpringgeneratedbyacrossoverwerenotsimilartotheirparents,

thepopulationwouldproceedtowardadifferentdirectionoftheevolution,andthegenetic

SearChwouldresultinfailure･Tothecontrary,ifgeneticalgorithmsgenerategoodoffsprlng,

thegeneticsearchresultsinsuccess･Whenwetakeintoaccounttherelationbetweencoding

methodsandgeneticoperators,WeOfftrtwoprinciples[12]ofthecodingruleasfollows:

1･WeshouldselectthesmallestcharactersfbrrepresentlngaSOlutionspace.

2･WeshoulddesignacodingmethodforgeneratlngCOnSistentstnngsbygeneticoperators.

Thefbrmerru1emeansthecodingdesignshouldbeanon-redundantrepresentation.Wethen

COnSiderthelatterrule･Asmentionedbefbre,thebuildingblockhypothesisisverylmPOrtant･

Geneticalgorithmsperformbestwhenslgnificantsubstnngsincreaseinapopulationwithout

thedestroyofthembygeneticoperators･Thoughthegeneticsearchisdependentongenetic

OPeratOrS,thegeneticinformationtobeinheritedfromparentstooffspnngisdependenton

thecodingdesign･Therefore,WeShoulddesignacodingmethodsothatgeneticoperatorscan

generatemean1ngfuloffipnng･Thedetai1softhepnncipleswillbepresentedinthefollowlng

Subsection.
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Figure2･6Codingsolutionspaceintostnngspace

Wethenpresentsomeexamplesofcodingtechniques･First,WeCOnSiderabinarycodingln

CaSeOfafunctionoptlmizationproblem･ThecodinglStOdesigngenotypecorrespondingto

Phenotype･Whenweassumethephenotypeisinteger,theintegerxisrepresentedbyuslng

thefollowlngequation:

ズ=∑g`×2ト1
/=0

(2.4)

WherelisthestringlengthandgilSthei-thgene･Wecanrepresentgenotypeverysimply

WiththebinaryCOdinganditiseasytodecodethegenotypeintothephenotype･Asoneof

Otherbitrepresentations,thereisGraycoding･TheGraycodingrepresentsaadjacentinteger

asthebinarystrlngthattheHammlngdistanceislfromacodetothenext.Therearesome

reportsconcemingcomparisonsbetweenthebinarycodingandtheGraycoding(Table2.3).

Astheresultofcomparisons,theGraycodinglSSuPeriortothebinarycoding,becausethe

Graycodeshavethesmallerperturbationsbymanyslnglemutationsthanthebinarycoding･

ThisshowsthattheperformanceofgeneticalgorithmsisdependentonthesimilarltyOf

StnngSinthestnngspace･
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Table2･3RepresentationofbinarycodingandGraycoding

Integer Binarycode Graycode

Next,WeCOnSiderapermutationproblem･Ingeneral,aPermutationisnotpermittedoverlqpplng

Ofthesamecharacterononestring･Incaseofthepermutationoftheintegernumbersfroml

to5,thepermutationisdeBnedasbllows:

12345

Inthepermutationcoding,WemuStdesigneffectiverecombinationoperators･Forexample,

Weillustrateaone-POintcrossoveroperatorusedinthesimplegeneticalgorithm(Table2.4).

Table2･40ne-POlntCrOSSOVerinpermutationproblem

String Stringa氏ercrossover

12封45 12343

21ご=43 21545

Astheresultofcrossover,thecharaCterS‖3=and‖5=areoverlappedineachstnng,reSPeCtively･

Thesegeneratedstnngsareoutofthesolutionspace,thatis,inftasiblecandidatesolutions.

Consequently,geneticalgorithmsrequlregOOdcodingdesignandgeneticoperatorsinorder

nottogeneratemeanlnglessstnngs.

-40-



C力叩rピタ′2

2.3.2FitnessFunction

Thegoalofanoptlmizationproblemisof[ento蔦ndftasiblesolutionstomaximize/minimize

aglVenO句ectivefunction.Mostofgeneticalgorithmsfindfeasiblesolutionstomaximizea

designedntnessfunction･ThegeneticalgorithmsbasicallyrequlrenOmOreinformationthan

ntnessvaluefbranoptlmizationproblem.However,WeCanbefreetointroducesomeideas

COnCernlngtheoptlmizationproblemintothentnessfunction･Thereproductionoperator

basedonnaturalselectionistoreproducemoreindividualswithhigherntnessvaluesinorder

toobtainoptlmalsolutionstomaximizethe凸tnessfunction.

WecalculatethehtnessvalueagalnStitsenvironmenttogenerateapopulationofthenext

generation･Decodingthegenotypeintothephenotype,geneticalgorithmscalculatentness

functionandobtainntnessvalue(Figure2･7)･Aroulettewheelselectionusedinasimple

geneticalgorithmistoselectanindividualwithprobabilitylnPrOPOrtionofitshtnessvalue

tothesummationofallindividualntnessvalues･Tothecontrary,1nthecaseofaminimization

PrOblem,WemuSttranSformtheminimizationproblemintothemaximizationproblemto

applyaroulettewheelselection･Wecantransfbrmafitnessfunctionuslngthefo1lowlng

equation:

βJ那∫∫′'=カ加∫∫川ロ∫-βJ乃e∫∫′+C (2.5)

Wherejitnessidenotesantnessvalueofanindividuali,jitnessi,denotesanew丘tnessvalue,

Jitness"Z似isthemaximal丘tnessvalueinapopulation,andCdenotestheoffgetfortherange

Of丘tnessvalue･Inthisway,WeCantranSformthefitnessfunctionsuitableforgenetic

algorithms.

仁三 …ニニ‥-ノー＼ニ∴ニノ

Decoding Calculation

Figure2･7CalculationfromgenotypeintoBtnessvalue
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Inthegeneticalgorithms,theconvergenceofapopulationiscontro11edunderselection

PreSSure[49～51]･Theselectionpressureisdependentonfitnessvalues.Iftheselection

PreSSureishigh,theconvergencespeedisalsohigh･Iftheselectionpressureistoolow,the

Selectionrandomlyselectsanindividualwithoutrelationtoitsntnessvalue･FitnessscalinglS

usedasaschemefbrincreaslngOrreduclngthedifftrencebetweenntnessvalues.Thereare

threefundamentalschemesof丘tnessscaling:1inearscaling,SlgmatrunCationandexponential

SCaling･TheprocedureoflinearscalinglSaSfbllows:

脚触吋=Ax鼎加彗十C (2.6)

WhereAdenotesacoefncientforincreaslngOrreduclngthedifftrence･Theprocedureof

SlgrnatrunCationisasfb1lows:

β肱吋=脚加叫-(カ加∫∫′′ほの--β×げ) (2.7)

WhereJitness,neandenotesameanaverage,Bdenotesconstant,andcTdenotesstandarddeviation.

TheprocedureofexponentialscalinglSaShllows:

脚加彗･=伽叫た
(2.8)

Wherekdenotesacoemcientoftheexponent･TocontrolntnessvaluesisactualIythesameto

COntrOIselectivepressure･Withthecontrolofntnessvalues,geneticalgorithmscanper丘)rm

adequateselectiontosearchthesolutionspace･

2.3.3 Selection

Theprocedureofgeneticalgorithmsstartswithreproduction,reCOmbination,andmutation.

Selectionsimulatestheprocessofnaturalselection,andgeneticalgorithmsneedsselection

OPerationstomakeapopulationevoIvetowardthebetterdirectionofoptlmalsolutions.The

minprocessofaselectionistoreproduceanextpopulationwithselectlnganindividualwith

theselectionprobabilityproportionaltoitsntnessvalue･Inthiskindofstochasticselection,

anindividualwithahigherfitnesscanreproducemoreoffsprlng.Becausetheselectionis

Carriedoutbystochastictechniques,anumberofthesameindividualmaybeselectedby

Chance･Asaresult,SOmetyPeSOfstrlngSSOmetimesoccupyapopulation.Thisiscalled

-42一



C加甲re7′2

`geneticdriP'[14]or'randomdriP,whichoftenoccursinthecasewherethepopulationsize

isrelativelysmallingeneticalgorithms･Variousselectionschemeshavebeenproposedin

Ordertopreventapopulationfromgeneticdrift.

SelectionschemesareclassiBedintotwomaincategoriesofproportionalselectionscheme

andcompetitionselectionscheme･Prqportionalselectlonschemeisbasedonthefitness

ValueofanindividualagalnStthetotalntnessvalueofallthepopulation.Ontheotherhand,

COnq,etitionselectionschemeisbasedonthecomparisonwith缶tnessvaluesofsomeother

individuals･Wepresentsomeoftheselectionschemeasfollows:

1.Roulettewheelselectionscheme

2.Elitistselectionscheme

3.Tournamentselectionscheme

4･Rankingselectionscheme

5.Expectedvalueselectionscheme

Roulettewheelselectionscheme[12],Whichpresentedintheprevioussection,iscalled

MonteCarlomethodinanothername･Inshort,thisschemeselectsanindividualwithprobability

inproportiontoitsntnessvalues･Thisschemeismostbasicandgeneticalgorithmsusea

hybridschemeofthisschemeandsomeothers･TheweakpolntOfthisschemeisthatthereis

PrObabilitynottoselectanindividualwithahighntness,OrtOSelecttheindividualmany

times,Sincethisschemeusesonlyselectionprobabilitywithoutanyotherideas.

Elitistselectionscheme[12]whichisoneofthecompetitionselectionscheme,PreSerVeSthe

fittestindividualthroughallgeneration=hatis,thenttestindividualiscertainlyselectedto

PnOrtOOthersintothenextgeneration･Elitistpossessesrateisdefinedaspercentagetothe

POPulationsize･ThisschemepreventsanindividualwithahigherBtnessvaluefromhappenlng

tobeeliminatedfromthepopulation･However,thiscausesthelackofgeneticdiversltylna

POPulation,becausethisschemeselectsonlytheBttestindividual.Themostbasicelitism

COnCePtWaSPrOPOSedby[14]asわ1lows:

Leta*(t)bethebestindividualgenerateduptotimet･If,aftergeneratingA(t+1)inthe

usualfashiona*(t)isnotinA(t+1),thenincludea*(t)toA(t+1)asthe(N+1)-thmember.

Ingeneral,tOPreSerVethenttestindividualisverylmPOrtantforoptlmizationmethodsto

SOIveoptlmizationproblems,forweoftenwanttoobtainthebestsolutionofthealready
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0btainedsolutioncandidates.

TournamentSelectionscheme[12,13,51]whichisalsooneofthecompetitionselectionscheme,

ingeneral,Selectsanindividualwiththehighestntnessvaluebetweenmrandomlyselected

individualswheremisthenumberofcompetlngmembers･Ageneticalgorithmreproducesa

newpopulationwithrepeatlngthisschementimeswherenisthepopulationsize.

Rankingselectionscheme[12,50]isaschernebasedontheranksortedaccordingtoindividual

丘tnessvalues･Thisschemeselectsindividualsbythenumberoftheitsreproductionintothe

nextgenerationbasedontherankingtablewhichisprede丘ned.

Expectedvalueselectionscheme[12]isaschemebasedontheexpectedvalueofindividual

fitness･First,WeCalculatetheexpectedvaluefromanindividualselectedtheprobability

basedonaroulettewheelselectionscheme･Second,ifanindividualisselected,itsexpected

ValueisdecreasedbyO･5･Thisschemerelativelypreventsanindividualfrombeingselected

morethantwiceinthepopulation.

2･3･4GeneticOperators

Genotypeofanindividualischangedbygeneticoperatorssuchasgeneticcombination,

transcnptlOn,inversion,andduplication,Whileevolutioniscontrolledundernaturalselection

innature･Geneticalgorithmsrequlregeneticoperatorsfbrthepurposeofevolutionofallthe

POPulation･Therecombinationgeneratesnewindividualswithsomecrossoveroperators.The

mutationgeneratesnewindividualswithsomeperturbationoperators･Eachoperatorplaysthe

roleofthespecializedfunctions,reSPeCtively･Inthissubsection,WePreSentthecrossover

OPeratOrSandmutationoperators.

2.3.4.1Crossover

Crossoveroperatorgeneratesnewindividualsassolutioncandidatesingeneticalgorithms

[12,52～54]･Geneticalgorithmscansearchthesolutionspacebymainlyusingcrossover

OPeratOrS･Withoutcrossover,thegeneticalgorithmwouldbearandomsearChalgorithm･In

addition,ifthecrossoverdidnotworkonapopulation,thegeneticsearchwouldbelikea

randomsearchorresultinfailure･Thecrossoveroperatorreplacessomeorallofthepopulation

ー44-



C力･叩fer2

Withindividualsofnewgenotype･Fundamenta11yaccepted,thecrossoveroperatorexchanges

eachsubstnngbetweentwoindividuals･Therehavebeenvariouscrossoveroperatorspeculiar

tooptimizationproblems[12,79,80]･Wepresentsomeofcrossoveroperatorsasbllows:

1.One-POlntCrOSSOVer

2･Multi-POlntSCrOSSOVer

3.Unifbrmcrossover

4.Cyclecrossover

5･Partiallymatchedcrossover;PMX

One二polntCrOSSOVer,aSmentionedintheprevioussection,isoneofthebasiccrossover

OPeratOrS･Withchooslngabreak-POlntaSaCrOSSlngSite,thecrossoverrecombinessubstnngs

betweentwoindividuals.

Multi-POlntCrOSSOVerisacrossoveroperatorwithsomebreak-POlntSOnaStnng･Thisoperator

recombinessorneSubstringswhichcutbysomebreak-POintsbetweenindividuals(Figure2.8).

1111Ⅲ1

01001010 -
>

10010

01101

break-POlnt

Figure2･8Multi-POlntCrOSSOVer

UnihrmcrossoverrecombinestwostnngsaccordingtoastrlngWhichcalledamaskpattern･

First,Wegeneraterandomlyamaskpatternincluding=0=or"1=･WegenerateoffsprlngWith

theexchangeofcharactersbetweenindividualsatthelocusof=1=ofthemaskpattern

(Figure2.9).

1‖1111

00】0010
→11!坦1

00110

00110

maskpattern

Figure2.9Unibrmcrossover
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WeoftenrequlreCrOSSOVerOPeratOrStOSatisfyconstraintsofpermutationproblems.These

CrOSSOVerOPeratOrSPreVentaCharacterofanindividualfromoverlapplngOnaStnng･For

example,atraVellingsalesmanproblemisoneofthecombinatorialoptlmizationproblems

andwepresentthetravelingsalesmanprobleminthefollowlngChapter4･InordertosoIve

thepermutationproblemweusecrossoveroperatorssuchascyclecrossoverandpartially

matchedcrossover(PMX).

Thecyclecrossover[12],nrSt,Choosesastartingpoint,nOtaCrOSSingsite･Second,thecycle

CrOSSOVermakesaclosedroundofsubstnngsbetweenindividuals･Forexample,WeCOnSider

twoparentsasfbllows:

Pl:31245

P2:24351

Weillustratetheprocedureofthiscrossoverasfollows･WestartwithchooslngaStartlng

POlntOfthestrlngandnextchoosethelocus20fthePlinthiscase.Aclosedroundof

SubstrlngbeglnS丘･omthisstartlngPOlnt･Wecopythecharactersland4inthelocus20fthe

Pl,P2tothesamelocusofoffspnng,reSPeCtively･

01:*1***

02:*4***

Next,WeCOPythecharacterofthelocusexistedthecharacter4inthelocus20fP2.

01:*1*4*

02:*4***

WerepeatthisprocessuntilwereturntothenrstchosencharacterofPl･Consequently,We

CanObtainaclosedroundofsubstnnglnaSenSe.

01:*1*45

02:*4*51

Finally,We丘1lcharactersfromthefbrmerparentstothelatteroffspnng･Asaresult,We

ObtainthecompleteoffSpnngasfollows:
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01:21345

02:34251

Thepartial1ymatchedcrossover;PMX[12]isacrossoveroperatorconsistedoftwoprocess.

Weillustratetheprocedureofthiscrossover･First,WeStartWithchooslngrandomlytwo

break-POlntSaSCrOSSlngSites･Inthiscase,Wealsoconsidertwoparentsas丘)1lows:

Pl:3112415

P2:2413511

break-POlntS

WechoosesubstrlngSbetweentwobreak-pOlntSinboththeparentSandexchangesubstrlngS

betweentheparentswithoutoverlapplngOfcharacter.

01:**35**

02:**24**

Thecharacter2inthelocus30fPlisexchangedthecharacter3inthesamelocusofP2,that

is,WeeXChangethepositionsofthecharacters2and3inthePl,andthecharacters3and2in

theP2･Furthermore,thecharactersonthesubstrlngrOundedbytwobreak-POlntSarealso

OPeratedbythisexchange,reSPeCtively･Consequently,WeCanObtainthepartiallymatching

Substnngsasfbllows:

01:2*354

02:3524*

Atlast,theremainedcharacteriscopiedfromPltoOl,andfromP2toO2･Asaresult,We

CanObtainthecompleteoffkpnngandasfbllows:

01:21354

02:35241

Inthisway,geneticalgorithmscangeneratenewindividualsofftasiblecandidatesolutions

Satisfyingtheconstraintofpermutationproblems･Therehavebeenothercrossoveroperators

Satisfyingtheconstraintofthepermutationproblems[78,80]･Asmentionedbefore,thereis
interdependentrelationbetweencodingandcrossover･Whenwedesignthecrossoveroperator,
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themostimportantistodesigncrossoveroperatorswhichcangeneratemeanlngfu1individuals,

notmeanlnglessindividualswhicharenotftasiblecandidatesolutions.Further,WemuSttake

intoaccounttheinheritanceofgeneticinformationfromparentstooffsprlng･Aftercrossover

OPeratOrS,theoffsprlngShouldinheritadequatelygeneticinfbrmationfromtheparents･To

Summarizebrieny,CrOSSOVerOPeratOristhemostimportantforgeneticalgorithmstosearch

thesolutionspaceefftctively･AndgeneticsearchisdependentontheperbrmanCeOfcrossover

OPeratOrS.

2.3.4.2Mutation

Mutationoccursastheerrorinreplicatlnglnnature･Ingeneticalgorithms,themutation

OPeratOr[12,55～57]replacesarandomlyselectedcharacteronthestringwiththeotherone.

Themutationisperfbrmedindependentofindividual丘tnessvalues.Astandardmutationis

One-POlntChanglngPerindividual･Mutationoperatorhasseveraltypesinnaturesuchas

inversion,tranSlocationandduplication･Wepresentsomeofthemutationoperatorsashllows:

1.Inversion

2.Translocation

3.Duplication

Inversionpartiallychangesacharactersequencefromonedirectiontotheopposite･The

PrOCedureoftheinversionisasfollows･First,WeChoosetwopolntSrandomlyandcutstrlng

atthepolntS･Next,Welinkthesubstnnglnthereversedirectionintotheremainedsubstnng･

Forexample,WeaSSumeaStringlnCluded丘vecharacters･WechoosetwopolntOfthelocus2

and4,

‖234i5

Withlinkingthesubstrlng,1nVerSionresultsinthefb1lowlngState.

14325
:~~~~■■

■~■

Translocation(Shi氏)changesthecharactersequencewithmovingtothedifftrentposition.In

translocation,WeChooseasubstrlngrandomiythesameastheprocedureoftheinversion.We

translocatethesubstnngtoarandomlychosenlocus･Forexample,WeaSSumethefollowlng
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Stnng,andthesubstnnglSChosenthesegmentfromthelocuslto2･ThetranslocatlngPOlnt

ischosenasthelocus4.

112I345

Weinsertthesubstrlngfromthelocus4to5,andtheremainedsubstrlngOfthestnngshiftto

theleftmostpolntOfthestnng･

34512

DuplicationoverlapsthesamesubstrlngOnaStrlng･Intheduplication,WeChooseasubstrlng

randomlyinthesamewayoftheinversion･Weoverwritethesubstnngtoarandomlychosen

locus･Forexample,WeassumethehllowlngStnng,andthesubstrlnglSChosenthesegment

fromthelocuslto2･TheoverlapplngPOlntischosenasthelocus4.

1121345

Weoverwritethesubstnngoverthelocus4and5andtheremainedsubstrlnglSnOtOPerated

asfollows.

12312

However,thisgeneratedindividualdoesnotsatisfytheconstraintfbrpermutationproblems.

There丘)re,duplicationisnotsuitablefbrpermutationproblems･

Wethenconsidertheroleofthemutationoperator･Whilethecrossoveroperatorworkswell

OnaPOPulationasthegeneticsearch,themutationoperatorsecondworksonapopulation･

However,themutationoperatorisalsoanimportantoneforgeneticalgorithms,Sincethe

mutationoperatorcanreintroducethecharacterseliminatedfromapopulationthroughthe

longgenerations･WeassumethatthebehaviorofageneticalgorithmisdefinedasMarkov

Chain[13,58～62]･TheMarkovchainofthegeneticalgorithmcomposedofaselectionscheme

andacrossoveroperatorispossibletotransittoanabsorbingstate･Theabsorbingstatemeans

thatasetofstatescannotescapefromtheownirreducibleset･Figure2･10showsanexarnPle

Ofanabsorbingstate･Intheexample,StatetranSitionsfr0rnthestateAtoB,fromBtoA,and

fromAtoCarepossible,butstatetransitionsfromCtoanyotherstatesareimpossible･The

StateCisanabsorbingstateinthisexample･
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Figure2･10 AbsorbingstateinMarkovchain

Figure2･1lshowsanexampleofapopulationofanabsorbingstateinageneticalgorithm･

Theleftmostbitofallofthestnngsinthepopulationarethecharacter'1,inFigure2･11.The

individualthattheleftmostbitis`0,cannotbegeneratedfromthepopulationbyuslngthe

Selectionschemeandthecrossoveroperator･However,themutationoperatorcangeneratethe

individualthatthelef[mostbitis`0,･Thisshowsthatgeneticalgorithmsrequlrereintroduclng

OPeratOrSlikethemutationoperator･Therefore,themutationoperatorplaysanimportantrole

fbrthegeneticsearch.

Population

l

1

0

1

0

0

1

1

1

0

1

1

0

1

0

1

1

1

1

1

Figure2･11Apopulationofabsorbingstateingeneticalgorithms.

Thustheemutationoperatoralsoinfluencesapopulation･Inconclusion,themutationoperator

helpsgeneticalgorithmstosearchaglobalsolutionspace,Sincethemutationoperatorrandomiy

Changesthestringsofindividuals･Ifmutationprobabilityishigh,themutationoperatoroften

happenstobreakanimportantSubstnngonanindividualeasily･Therefbre,geneticalgorithms

Should,ingeneral,uSealowmutationprobability･GeneticalgorithrnS,infact,uSeVerylow

mutationprobabilitysuchasO･001percharacter･Therearemanyresearchesaboutthecontrol

Ofamutationprobability･Forexample,OneOfthemisthedynamiccontrolofamutation
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PrObability,inwhichthemutationprobabilityishighatearlygeneration,anddecreases

generationbygeneration･Thedynamiccontrolmakesusenablethegeneticsearchwithout

COnSideringthegeneticbiasofaninitialpopulation.

2･3･5BuildingBlockHypothesis

Theprevioussubsectionpresentedgeneticoperatorsforvariousoptlmizationproblems･Why

Cangeneticalgorithmimprovehtnessvalueofapopulationthroughoutgenerations?As

mentionedbeた)re,thereasonisthatslgni丘cantsubstrlngSincreaseinapopulationwithoutp

COnSideringthegeneticinわrrnationofsubstrlngS･TheslgnincantsubstnnglSaSegmentfor

increasing丘tnessvalues･Thesubstringiscalledaschema[12].Asschemataincreaseina

POPulationgenerationbygeneration,allthepopulationevoIvestowardthedirectionofoptlmal

SOlutions･Infact,thecrossoveroperatorbetweenparentswithhigherntnessoftenresultsin

thegenerationofoffspnngwiththehigherntness,thatis,theschemataoftengeneratenew

betterschematawithgeneticoperators･Thisiscalledbuildingblockhypothesis[12].We

PreSentedtheroleofgeneticoperatorsintheprevioussection,butwedon,tconsiderthe

Performanceofthegeneticalgorithms･Weof[entreatschematatoanalyzethebehaviorofthe

geneticalgorithms.

Weanalyzehowaschemaincreasesinapopulation･First,WemuStrePreSentStrlngaSthe

SChema･Hereweconsideraproblemwithstringscomposedofcharacters(0,l)overabinary

Stringoflengthl･AschemaHisdennedasastringcomposedofthreecharacters(0,1,*).

Asteriskorstar'*,reftrstoa'don,tcare,or'wildmark,whichmaybematchesOorl.For

example,WeCOnSideraschemaH=1*0*･Thisschemastandsfbrfburstnngs‥

1000,1001,1100,1101
- ■llllll■ ■- - -■←-■

■■-■ ■■■- 1■■■-■

Next,tOanalyzesuchaschema,Weintroduceschemaorderandde丘ninglength.Theorderof

theschernaH,WhichisdenotedbyoqI),isthenumberofnxedposition,thatis,theorderis

equaltothenumberofOorlontheschema･TheorderoftheschemaH=1*0*is2,because

thenrstandthirdcharactersarefixed･Thed#ninglengthoftheschemaガ,Whichisdenoted

by6(H),isthedistancebetweenthefirstandlast丘xedpositions･Forexample,thedefining

lengthoftheschemaH=1*0*is2withthecalculationof∂(H)=3-1=2,becausethefirst

nxedpositionislandthelastBxedpositionis3･InthecasewherethenumberofBxed

POSitionisl,thatis,0(H)=1,thede員ninglengthisO,∂(H)=0,becausethefirstandnxed
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POSitionsarethesame.

Aswedennedschemaorderanddefininglength,Weanalyzehowaschemaincreasesina

POPulation･Asmentionedbefore,geneticalgorithmsarecomposedofreproduction,

recombination,andmutation･Aniterationperformsthesethreegeneticoperations.Weusea

Simplegeneticalgorithmasanexample･WeassumethatthenumberofstrlngSincluding

SChemaHatgenerationtisdenotedbym(Ht),Wherethepopulationsizeisnandthestring

lengthisl･Then,Weanalyzehowaschemaincreasesinapopulationthroughgeneticoperators.

First,WeCOnSiderreproduction･Asthereproductionisroulettewheelselectionscheme,We

CanObtainm(H,t+1)af[ertheselectionschemewithcalculatingfromm(H,り.Hereweassume

thatm(H,Oistheexpectedvalueofstrings･Theschemaincrementequationofm(H,t+l)after

theselectionschemeisasfollows:

抑(蜘1)=柵)･竿

f(桝‡㌢

(2.9)

(2.10)

WhereRH)istheaveragentnessofthestringstheschemaHandfisthentnessvalueofthe

Stringi･Thisequationindicatesthattheschemaincreasesinproportionoftheaveragentness

OftheschemaagalnSttheaverageBtnessofthepopulation･Inotherwords,theschema

increasesinapopulationwhentheaveragentnessoftheschemaishigherthantheaverage

ntnessofthepopulation･Thereproductioncanincreasegoodschemata,butthereproduction

CannOtgeneratenewschemata･Sinceageneticalgorithrnisastochasticsearchmethod,the

geneticalgorithmrequlreSreCOmbinationandmutationinordertogeneratenewsolution

Candidates.

Thoughcrossoveroperatorscangeneratenewschemata,thecrossoveroperator,however,has

apossibilitytobreakschemataatthesametime･Weillustratehowthecrossoverinfluences

SChemata.

旦=*10**1*

ガ2=***10**
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WechoosecrosslngPOlntbetweenthelocus3and4,forexample･Astheresultofthe

CrOSSOVerOPeratOr,the〃iandHっbecomesasR)1lows.

旦=*10靂**1*

玖=***110**

WhengeneticalgorithmperhrmscrossoveroperatoratthecrosslngPOlnt,theschema〃1is

brokenup,buttheH?SurViveswithoutbeingbrokenup･Fromtheresultofthisexample,the

SChemawillbebrokenupeasilyastheschemalengthislong･Theprobabilityろthatthe

SChernaHsurvivesa鮎racrossoveroperatorisasbllows:

ろ=トキ･誓 (2.11)

Whereキ,land∂(H)denotecrossoverprobability,thestringlengthandthedefininglength

OfaschemaH,reSPeCtively･=owever,thesurvivalprobabilitylS,infact,higherthanキ,

becausethesameschemamaybegeneratedbythecrossoveroperator･Then,WeCOnSiderthe

SurVivalprobabilityofaschemaa鮎rmutationoperator･Themutationoperatorchangesa

CharacterwiththemutationprobabilityPIZ･Ifamutationoccursonthestringwithoutnxed

Charactersoftheschema,theschemacansurviveaAerthemutationoperator･Therefore,the

SurVivalprobabilityafteramutationoperatorisasfbllows:

ろ=(ト蔦▲)0(椚
(2.12)

WhereO(H)istheorderoftheschema,thatisthenumberofthenxedcharactersofthe

SChema･Asthevalueoftheprobability考Iisverylowrelatively,Wemayapproximatethe

ろOfeq.(2.12)asfbllows:

ろ完1一々,～･0(〃)
(2.13)

Therefbre,WeCanObtaintheschemaincrementequationofm(H,t+1)aRerselection,CrOSSOVer

OPeratOr,andmutationoperatorisasfbllows:
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Fromeq･(2･14),thenumberofaschemaincreaseswhentheschemaisashortlengthandlow

Order･Thisconclusionisveryimportantandiscal1edschematheoremorjLmddmentaltheorem

qfgeneticalgorithms[12]･Sincesomeschematageneratenewbetterschematawiththe

CrOSSOVerOPeratOrandthenumberofaschemaincreasesinapopulationwiththeselection

OPeration,thisiscalledbuildingblockhypothesis･Buildingupbitsofblocksca11edschemata,

geneticalgorithmscanobtainoptlmalsolutions･Inaddition,WeShoulduselowcrossover

PrObabilityandlowmutationprobabilityfromtheconclusionoftheeq･(2･14).However,the

SChematheoremdoesnotconsidernewindividualsgeneratedbycrossoveroperatorand

mutationoperator,Whileaschemaincreasesinapopulation･Consequently,theschema

theoremdoesnotindicatewhetherornotgeneticalgorithmcanobtainoptlmalsolutions.

Whetherornotgeneticalgorithmcanobtainoptlrnalsolutionswithnnitetimeisanopen

PrOblem･Inaddition,geneticalgoritlmscannotgenerateindividualsofnewstnngsifcrossover

PrObabilityislow･Therefbre,thecrossoverprobabilityshouldberelativelyhighinorderthat

thegeneticalgorithmscansearchthesolutionspaceefftctively･

2･3･6ProblemsofGeneticAlgorithm

Wepresentedbuildingblockhypothesisintheprevioussubsection･Inthissubsection,We

PreSentPrOblemsingeneticalgorithmsasfollows:

1･Prematurelocalconvergence

2･MinimaldeceptlVePrOblem

Theprematurelocalconvergenceisaphenomenonresultedffomstochasticbiasbyapropomional

Selectionscheme･Theproportionalselectionschemeselectsindividualswithhigherntness

PrlOry,andasaresultthepopulationlacksgeneticdiverslty･Ontheotherhand,theminimal

deceptlVePrOblemisdependentonthesolutionspace,inwhichtheproblemisthatgenetic

OPeratOrSarenOtefftctivebrsearchingthesolutionspace.
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2･3･6･1PrematureConvergence

Selectionoperationsimulatestheprocessofnaturalselectionandselectanindividualwiththe

PrObabilityproportionaltoitsntnessvalue･Inthiskindofstochasticselectionscheme,an

individualwithahigherntnessvaluecanreproducemoreoffsprlng･Ingeneral,Selection

OPerationshouldrealizetwodifftrentaims･Thenrstoneistoselectindividualswithhigh

Btnessvaluesinordertoselectgoodcandidatesolutions･Theotheristomaintaingenetic

diversltyinpopulationinordertogeneratenewoffspnngwithnewgenotype･However,there

isatrade-0ffbetweentheseaims･GeneticalgorithrnSCanCOntrOlthetrade-0ffwithselection

PreSSure･Theconvergenceofapopulationiscontrolledundertheselectionpressurewhichis･

dependentonntnessvalues[12]･Iftheselectionpressureishigh,theconvergenceofa

POPulationproceedshst･Iftheselectionpressureisverylow,theselectionrandomlyselects

anindividualwithoutrelationtoitsntnessvalue･Theproportionalselectionschemeoften

CauSeSthegeneticbiasinapopulation,becausetheschemeisperbrmedstochastically･As

mentionedbefbre,thisiscalled`geneticdrift,or'randomdrift,.

Prematurelocalconvergencewhichisoneofgeneticdrifts,OCCurSWhenapopulationlacks

geneticdiversltyinearlygeneration･Thephenomenonofprematurelocalconvergenceisthat

acertainindividualwithahighntnessvalueoccupleSthepopulation,thoughtheindividualis

farfromtheoptlmalsolution･Asaresult,Prematurelocalconvergencemaymisleadthe

evolutionofthepopulationtowardthedifftrentdirectionoftheoptlmalsolution.Genetic

algorithmshavenoconvergenceguaranteeSinarbitraryproblems,butthereisaconvergence

theoryprovedbyusingasimulatedannealing[68]andMarkovchainanalysis.Wewill

PreSentthistheoreminthefbllowlngSeCtion2.4.2.1.

GeneticalgorithmsshouldmaintaingeneticdiversltyWithinapopulationinordertopreventa

PrematurelocalconvergenceinsoIvinganoptlmizationproblem.Becausethestandard

PrOPOrtionalselectionsuchasroulettewheelselection,isdependentonntnessvaluesof

individuals,theconvergenceofapopulationcanbecontrolledwithvarylngSelectionpressure.

Forexample,theselectionpressureislowerintheearlygeneration,andhigherinthelate

generation･ByvarylngSelectionpressure,theglobalsearchandlocalsearchcanbeswitched.

Othermethodsfbrpreventlngprematurelocalconvergencearennessscaling,rankingselection

SCheme,andsoon･ThentnessscalinglSuSedasamethodforincreaslngOrreduclngthe

difftrencebetweenntnessvalues･Asmentionedbefore,therearefundamentalmethodsof

ntnessscalingsuchaslinearscaling,Slgmatruncationandexponentialscaling･Theranking
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Selectionschemeisbasedonaranktablesortedaccordingtoindividual丘tness.Thisselection

SChemeselectsindividualsbythenumberofthereproductionintothenextgenerationbased

Ontherankingtable.

2.3.6.2MinimalDeceptlVeProblem

Intheschematheorem,theshorterlengthandthelowerorderaschemahas,themorethe

SChemaefftctivelylnCreaSeSinapopulation･Inaddition,inthebuildingblockhypothesis,

geneticalgorithmscanobtainoptimalsolutionswithgeneticoperatorsfbrbuildingupbitsof

blocks･Thereare,however,OPtlmizationproblemsimpossibletogenerategoodoffsprlng

fromgoodparentswithcrossoveroperator･Thiskindofproblemiscalledadecq,tlVePrOblem･

AdeceptlVePrOblemhasbeendennedbasedontheschemaanalysisbyGoldberg,Which

StatedthateventhedeceptlVePrOblemsareoftensoIvedefftctivelybygeneticalgorithms.

WeconsiderasimpleexampleofaminimaldeceptlVePrOblem･Figure2･12showsthecaseof

twobit'scombinationproblem･Table2･5showstheresultsofcrossoveroperatorbetweenall

individuals･Weassumethentnessvaluesofstnngs'00,,`01,,`10,and`11,are5,3,2and6,

respectively･'S'inTable2･5meansstablewheretheoff岳prlnggeneratedaftercrossoverare

thesameaStheparents.

Figure2･12 AnexampleofminimaldeceptlVePrOblem
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Table2.5Resultofallcrossover

String OO Ol lO ll

00 S S S Ol,10

01 S S OO,11 S

lO S OO,11 S S

ll Ol,10 S S S

Inthisexample,theslnglecrossovergeneratesonlybadindividuals:,01,and`10,fromthe

goodindividuals:`00,and`11,･Thisshowsthatthecrossoveroperatorworksinefftctivelyon

apopulation.

Inthisway,theminimaldeceptlVePrOblemcannotadopttheschematheorem.Inorderto

SOIveanoptimizationproblemefftctivelywithgeneticalgorithms,thesolutionspaceofthe

OPtlmizationproblemshouldsatisfytheschematheorem,thatis,thestnngspaceincluding

SChematawhichhaveashorterlengthandalowerorder,Shouldbedesignedtopolnttheway

towardsoptlmalsolutions.

2･4AdvancedOperatorsinGeneticAlgorithm

GeneticalgorithmshavebeenqppliedtovariousoptlmizationproblemsbyintroduclngadvanCed

geneticandbiologlCalideasandoperators･Thissectionpresentsadvancedarchitecturesand

geneticoperatorsbasedongenetics,biologyandecology･Furthermore,thissectionpresents

improvlngmethodslもrgeneticalgorithmsfromthemathematicalpolntOfview.

2･4･1Para11elGeneticAlgorithm

Parallelismofgeneticalgorithmhasbeenproposedbymanyresearchers[63～68].Paral1elism

Canbemainlydividedintotwotypes･Thefirstoneistodivideapopulationintosome

Subpopulations,andgeneticoperatorsinasubpopulationpreventlocaloptlmafromwidely
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PrOPagatlngtOOthersubpopulations･Theotheristorealizethefastcomputationbyparallel

COmPuterS･Wecanrealizebothapproachessimultaneously･Inthissubsection,WepreSent

twoimplementationsofgeneticalgorithmonparallelarchitecturesofagridmodelanda

Subpopulationmodel.

2.4.1.1Fine-GrainedParallelGeneticAlgorithm

Ina負ne-grainedparallelgeneticalgorithm[67],individualsinapopulationareplacedona

Planar grid.Genetic operations such as selection and crossover are restricted to the

neighborhoodsonthatgrid(Figure2.13).Individualsofthenextgenerationonaparticular

locationareselectedfromtheindividualintheneighborhoodofitslocation.Anindividualis

replacedwiththeselectedindividualofitsneighborhood･Crossoverisperformedbetweenan

individualmatedfromitsneighborhood･Theprocedureofthefine-grainedparallelgenetic

algorithmisasfbllows:

begin

Initialization

repeat

Selectionbyreplacement

Crossover

Mutation

Evaluation

untilTermination_COndition=True

end.

Themaindeftrencefromastandardgeneticalgorithmistheselectionoperationbyreplacement･

Fineqgrainedparallelgeneticalgorithmreplaceseachindividualwithanindividualselected

fromitsneighborhoodonthegrid,iftheselectedindividualhasthehigherBtnessvalue･

Next,CrOSSOVerOPeratOrisper丘)rmedbetweenindividualsrandomlyselectedmatefromits

neighborhoodwithacrossoverprobability･Mutationoperatoristhesameoperatorasthe

Standardgeneticalgorithm.
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Figure2･13Fine-grainedparallelgeneticalgorithm

Theconceptofthenne-grainedparallelgeneticalgorithmisbasedontheecologlCaland

technicalreasons･Thetechnicalreasoniseasytoconstructaparallelgeneticalgorithm

becauseoftheconsiderationofonlyneighborhood,nOtaglobalpopulation･TheecologlCal

reasonisnoglobalselectioninapopulation･Innature,naturalselectionisalocalphenomenon,

Whichistakenplaceinthelocalenvironmentofanindividual.

2･4･1･2Paral1elGeneticAlgorithmwithSubpopulations

Para11elgeneticalgorithmdividesapopulationwithsomesubpopulations(Figure2.14).The

geneticoperationsarecamiedoutinthesubpopulationsindependently,andeachsubpopulation

trytolocategoodlocaloptima[64～66]･Newoffspringaregeneratedbygeneticoperators

Withineachsubpopulation･Therefore,eaChsubpopulationevoIvestowardeachdifferent

directionlikeahill-Climbingalgorithm･Aftersomegenerations,theloca11ybestsolutions

fbundbyasubpopulationarepropagatedtotheneighboringsubpopulations,Whichisca11ed

mlgration･Every Kgenerations,thebestindividualofeachsubpopulationissenttoits

neighborsasthemlgration･ThemlgrationfrequencylSVerylmPOrtant･Ifthemlgrationis

Oftendone,thesubpopulationsarethesameaSOnePOPulation･Ifanysubpopulationsdoesnot

Perfbrmmlgrationforanumberofgenerations,individualsinthesubpopulationwilltryonly

localhill-Climbing･Thedivisionintosomesubpopulationpreventsprematurelocalconvergence

fromoccurnnglnaPOPulation･ThegeneticalgorithmswithsubpopulationsoftenareaPPlied

OnParallelcomputerswithmulti-PrOCeSSOr,Sinceeachsubpopulationcanbeasslgnedtoeach

PrOCeSSOreaSily.
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Migration

Subpopulations

Figure2･14Parallelgeneticalgorithmwithsubpopulations

2･4･2HybridGeneticAlgorithm

Inrecently,Variousoptimizationmethodshavebeenproposedbymanyresearchers[12,68～70].

Eachmethodhasbothofefftctivenessandweakness･CompletemethodsforsoIvingany

OPtlmizationproblemshavenotbeenproposedsofar･Ingeneral,thereareaglobalsearch

methodandalocalsearchmethodinoptlmizationtechniques･Localsearchmethodssearch

fbroptlmabasedonthespecializedinformationpeculiartoanoptlmizationproblem.The

morethespecializedinformationis,thehigherperformancethelocalsearchmethodscan

Obtain･However,itisverydimculttoapplythespecializedlocalsearchmethodstoother

OPtlmizationproblems,Sincethelocalsearchmethodslackthegeneralityforanyother

OPtlmizationproblems.

WhenwesoIveoptlmizationproblems,itisverylmPOrtanttOObtainhighperhrmance.As

mentionedbeR)re,geneticalgorithmshaveaweaknessinthelocalsearch･Geneticalgorithms

CanObtainoptimalorquasi-OPtlmalsolutions,butcannotemcientlysearchtheneighborhood

Ofancandidatesolutions･Sincethegeneticalgorithmisaglobalsearchmethod,itisefftctive

tohybridizegeneticalgorithmwithotherlocalsearchmethods.

Hybridgeneticalgorithmincorporatestheavailabledomain-knowledgeoflocalsearchmethods

intogeneticoperators･Therearetraditionalhill-ClimbingmethodssuchasQuasi-Newton

methods[8]andrandomoptimizationmethods[7,10]inlocalsearchmethods.Inthissubsection,

WePreSentageneticalgorithmwithasimulatedannealingalgorithmandgeneticalgorithrn

Withahill-Climbingmethod.
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2･4･2･1Paral1elRecombinativeSimulatedAnnealing

Geneticalgorithm[12]andsimulatedannealingalgorithm[11]areknownasstochastic

OPtlmizationmethodssirnulatedprocessinnature･Bothalgorithmscanbeappliedtoawide

Varietyofproblems,andrequlrelittleknowledgeofoptlmizationproblems･Thoughboth

algorithmshavepossibilitytoprematurelyconvergetolocaloptlma,thesimulatedannealing

algorithmpossessesa丘)rmalproofofconvergencebymanlPulatlngthecoolingscheduling･

Geneticalgorithrnisaparallelalgorithmwithapopulationreftrredtoasimplicitparallelism･

Inshort,implicitparallelismreftrstothefactthatgeneticalgorithmsimplicitlyprocess

SChemataalthoughgeneticalgorithmsexplicitlyprocessstnngs･Ontheotherhand,theparallel･

algorithmofsimulatedannealinglSaneXPlicitparallelism.

Parallelrecombinativesimulatedannealing[68]retainstheasymptoticconvergenceproperties

Ofsimulatedannealing,andaddingthepopulationapproachandrecombinativepowerof

geneticalgorithm･Parallelrecombinativesimulatedannealingcloselyfo1lowssimulated

annealingwithuslngPOPulationinparal1el,mutationasaneighborhoodoperator,andcrossover

forrecombiningindependentsolutions･Theprocedureofparallelrecombinativesimulated

annealinglSShownasfollows:

begin

Initialization

rePeat

repeat:Replacementundercoolingschedule

Pairing

Crossover

Mutation

Keepparentswithprobability,1/(1+e4r/bT)

end

untilTermination_COndition=True

end.

Firstwestartwitharandomlygeneratedinitialpopulation･Inthemainloop,WegenerateneW

Offgpnngthroughneighborhoodoperator,andreplaceparentswithoffspnngaccordingtothe

Metropolisorequivalentcriterion･Metropolisalgorithmusestheprobabilitye4f､/rwhere4f

isthedifferencebetweenthentnessvaluesoftheparentsandoffsprlng･Anotherfrequently
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usedcriterionistheBoltzmannprobabilitydistribution,1/(l+e野ノr).

TheproofoftheconvergenceisshownbythefollowlngSimulatedannealingalgorithm.We

PrOVeglobalconvergencebyreduclngtheMetropolisalgorithrn･First,COnCatenateOfall

StnngSOfparallelrecombinativesimulatedannealing･ThisstrlnglSCOnSideredasonestnng

andcalled`stq,erStrlng,･Considerthatweoptlmizethesuperstnngwithcrossover-and-mutation

asaneighborhoodoperator･Andntnessvalueofsuperstrlngisdefinedassumofeach

Stnng'sntnessvalue･Assuchaspecialcase,thisalgorithminheritsbothoftheconvergence

guaranteesandbehaviorofsimulatedannealing,PrOVidedtheneighborhoodoperatormeets

twoconditions･ThefirstconditionrequlreSthatitcanmovefromanystatetoanoptlmal

SOlutioninafinitenumberoftransition･ThisrequlrernentissatisBedbythemutationoperator･

ThesecondconditionrequlreSthatthetransitionprobabilityatanytemperaturefromstateito

JISaSSameaStheprobabilityfromstatejtoi･Thisrequlrementissatis缶edbycrossover-Plus-

mutationoperator.

2･4･2･2GeneticAlgorithmwithHillClimbing

SimplegeneticalgorithmhasnooperatorsfbrimprovlngPerfbrmancebylocalchanglngOn

StrlngS･Toimprovetheweaknessoflocalsearch,itisrequiredthatgeneticalgorithmsare

implementedgeneticoperatorslikehi11-Climbingmethods[69,70].

Bit-Climbingoperatoristhesimplestmethod･=ill-ClimbingstartwithastrlngCOmPOSedof

bits･Whenthenewstrlngflippedbitsisbetterthanthentnessvalueoftheoldone,rePlace

theoldonewiththenewone･ThebiトflipplngCOntinuesuntilnoimprovementintrialsor

untilthepredeBnedtrialtimes.

Geneticalgorithmsareoftenappliedtonumericaloptlmizationproblems･Whenapplyingto

theseproblems,WeuSeCOdingdesignwithrealnumber･Inthiscase,WeCanhybridizegenetic

algorithmwithhi11-Climbingoperatorssuchassi〝甲Iexcrossover[70].Letnbethenumberof

Variablesofthefunctiontobeoptlmized･AsimplexisageometricalfigureconsistlngOf

(n+1)verticesinann-dirnenSionalspace･Thesimplexmoves,COntraCtS,andexpandsthrough

geometrictransfbrmations,andnnallysurroundstheoptlmum･Theelementallytransfbrmation

isdeterminedbytherelativeorderbetweenthevaluesofthefunction.ARereachtransわrmation,

theworstpolntisreplacedwithabetterone.
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2･4･3Steady-StateGeneticAlgorithm

Therearecurrentlytworeproductivetechniquesingeneraluse･The丘rstoneisagenerational

reproductionmodel･Whichisprobablythemostwidelyused,andtheotherisasteady-State

reproductionmodel[71]･Inshort,thegenerationalreproductionreplacesallthepopulationat

OnCe,Whilethesteady-StaterePrOductionreplacesonlyaftwindividualsatonce･According

toschematheorem,theperhrmanceofgeneticalgorithmishighlydependentonitsreproductive

OPeration･Thegenerationalreproductionreplacesallthepopulationwithanewpopulation･

ThisisdonebyselectlnganindividualfromthecurrentpopulationaccordingtoBtnessvalue,

andaddingtheindividualtothenextpopulation,rePeatedly･

Thesteady-StaterePrOductionreplacesonlyafヒwindividualsduringageneration.Andnext,

CrOSSOVerandmutationisalsoperformedagalnStOnlyaftwindividuals･Thesegenerated

individualsareimmediatelyavailableforgeneratlngandselectlngneXtindividuals,Whilethe

generationalreproductionmodelcannotimmediatelyusethegeneratedindividuals･Ingeneral,

anindividualisreplacedwithonegeneratedbygeneticoperatorsineachgeneration.Thereわre,

WemuSthavemethodsforselectlnganindividualtobedeleted･Inthiscase,Syswerda

PreSentSthreealternativedeletionmethodsasfbllows:

1･Deleteleastntness‥deletionoftheindividualwiththeleastntnessinthepopulation･

2･Exponentialranking:Theworstindividualhassomeprobability,POfbeingdeleted･If

itisnotselected,thenthenexttothelastalsohaspchance,andsoon.

3･Reversentness:Eachindividualhasprobabilityofbeingdeletedaccordingtofitness

value.

2･5EvolutionaryAlgorithms

Asmentionedbefore,thethreemaincategoriesofevolutionaryoptlmizationmethodsare

geneticalgorithm,eVOlutionstrategy,andevolutionaryPrOgrammlng･Theprocedureofthese

algorithmsareverysimilar･Themainiterationloopsofallevolutionaryoptlmizationmethods

arebasical1ythesame,anditstartswiththeselection/reproductionorrecombination/mutation.

Theevolutionaryalgorithms,however,differfromgeneticalgorithmsinthespecific

representation,mutation,andselection･Inthissection,WePreSenttheevolutionstrategyand

theevolutionaryprogrammlngbrieny･
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2･5･1EvolutionStrategy

Evolutionstrategies[15,16,72]areappliedtosoIvecontinuousparameterOPtimizationproblems,

foranevolutionstrategyrepresentsanindividualbymeansofintegerorrealvariables,

neitherbinarynorstrlng･Therefore,theevolutionstrategleSdirectlyoperatewithphenotype,

notgenotype･ThemainevolutionaryoperatorforsearChinglSthemutationoperatoruslnga

norrnalrandomvaluewithzeromean,nOtCrOSSOVerOPeratOrS･Thereasonisthatcrossover

OPeratOrisincludedinthemutationoperatorinevolutionstrategleS,Whileacrossoveroperator

isgenerallyutilizedasgeneticoperatorfortheglobalsearchinthegeneticalgorithms.

However,CrOSSOVerOPeratOrSrarelyareusedintheevolutionarystrategleS･Theevolutionary

Strategiesaredividedintotwotypesof(加FE)-eVOlutionarystrategy and(入FJ･)-eVOlutionary

Strategy･First,WePreSent(hp)-eVOlutionarystrategy.

ReproductionintheevolutionstrategleSisperfbrmedbyadeterministicselection,though

geneticalgorithmusesstochasticselectionschemessuchasroulettewheelselection,The

(ん甲)-Evolutionstrategyreproducesthepopulationofthenextgenerationfromthecurrent

POPulationwhichincludesbothparentsandchildrencreatedbythemutation(Figure2.15).

TheprocedureofevolutionstrategylSaSfbllows:

begin

Initialization

repeat

Creation(P)withMutation

Evaluation

Selection(Å)

untilTermination_COndition=True

end.

First,initializationrandomlygeneratesaninitialpopulation･Intheiterationloop,Pindividuals

areselectedasparentsfromthepopulation■ofÅindividuals･AndwithcreationuL)with

mutation,theparentscreatep･Children･Asaresult,theevolutionstrategleSCreateanintermediate

POPulationofA+FLindividuals･Finally,thepopulationofthenextgenerationisreproducedby
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SelectingbestÅindividualfromtheintermediatepopulation.Theiterationcontinuesuntilthe

Termination-COnditionisfulnlled･Thenotation(A+P)-eVOlutionarystrategyreferstoan

evolutionstrategywiththeselectionschemewhichselectstheFLindividualsfromÅindividuals

tocreatenewpchildren.

(^,FL)-eVOlutionarystrategyisdifferentfrom(^+P)-eVOlutionarystrategyinaselection

SCheme･(A,FL)-eVOlutionaryStrategyalsogeneratesmindividualsbymutationoperator,but

replaceallofÅindividualswithpgeneratedindividuals(船p).

FromtheviewpolntOfstochasticsearch,WeCanStatethecorrespondencebetweenevolutionary

StrategleSandotherstochasticsearchmethods.

●(1,1)-eVOlutionarystrategy: randomsearch

●(1+1)-eVOlutionarystrategy: hill-Climbing(iterative)search

●(Å+み-eVOlutionarystrategy: beamsearch

Figure2･15(ん叫)一eVOlutionarystrategy

EvolutionstrategleSOPtlmizenotonlyobjectivevariablesbutalsostrateglCParameterS.This

realizesaself-adaptationoftheevolutionstrategleSinitself･ThisismainlyusedasselfiadaptlVe

mutation･Letxibeavariableofanoqectivefunctionfbranumericaloptlmizationproblem.
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与項=ズノ,f+〃(0,α′×β加∫∫+あ) (2.15)

Where aiandbarecoefficientsforscalingandoffsetinorderforthevarianceofnormal

randomvariablenottobezero,reSPeCtively･Thisself-adaptlVemutationaddssmallperturbation

When鎖tnessvalueissmall.

2･5･2EvolutionaryProgrammlng

TheevolutionaryprogrammlngOrlglnatedfromtheideaofbuildingannitestatemachine丘)r

SOlvingpredictiontasks[13]･Nowadaysitismainlyusedfornumericaloptimizationproblems

[13,73,74]suchastheoptimizationofweightparametersofneuralnetworks･Wepresentan

evolutionaryprogrammlng丘)rCOntinuousoptlmizationproblems･Theprocedureofastandard

evolutionaryprogrammlnglSaSわIlows:

begin

Initialization

托peat

Mutation

Evaluation(Simulation)

TournamenLcompetition

untilTermination_COndition=True

end.

First,initializationrandomlygeneratesaninitialpopulation･Evolutionaryprogrammlng

generatesoffspnngfromparentswithamutationperturbedbyanormalrandomvaluewith

meanzero･Apopulationofthenextgenerationisreproducedbystochastictournament

Selection(Figure2.16).

WeconsiderevolutionaryprogrammlnglnCaSeOfbuildingannitestatemachinetosoIve

Predictiontasks,thatis,theevolutionaryprogrammlnggenerateStheprocedureforsoIvinga

PrOblem･Hereweregardanindividualinapopulationasannitestatemachine.A丘nitestate

machinereceivesanlnPutSymbolfromtheenvironmentandproduceanoutputsymbolthatis

likelytomaximizethepayoffwithrespecttothenextsymboltoemergefromtheenvironment.

Afterthepredictionismade,thepayofffbreachsymbolbecomesaBtnessofthemachine.
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0ffsprlnglSCreatedbyBvemutations:Changeanoutputsymbol,Changeastatetransition,

addastate,deleteastate,OrChangetheinitialstate･Mutationsarechosenconcernlnga

PrObabilitydistribution,WhichistypICallyunifbrm･Thenumberofmutationsisalsochosen

COnCern1ngaPrObabilitydistribution･Apopulationofthenextgenerationisreproducedby

thetournamentSelectionscheme･Fogelexaminedtheuseoftheevolutionaryprogrammlng

brstrategyoptlmizationssuchasaseriesoftwo-Playerzero-Sumgam1ng･

Ifeachtrialsolutionisviewedasaseparatespecies,therecombinationoperatorisunreasonable.

Fogelhasstatedthatacrossoveroperatorismerelyasubsetofallrandommutations【14].

Further,eVOlutionaryprogrammlngrequlreSnOgradientinformationtoadjustoqective,

Variables･Therefbre,eVOlutionaryprogrammlngShouldbeappliedtooptlmizationproblems

inwhichsuchinbrmationisunavailable.

Figure2･16Evolutionaryprogrammlng

2･6Classi丘erSystemandGeneticProgrammlng

ThissectionpresentsothertopICSOfgeneticalgorithmsinbrief･Geneticalgorithmsareeasy

tocombineothertechniquessuchasartincialintelligence,neuralnetworksandfuzzyinftrence.

Infact,thegeneticalgorithmshavebeenhybridizedwithneuralnetwork[25,26],fuzzy

reasoning[27,34,35],maChineleaming[12],andsoon･Furthermore,theconceptofgenetic

SearChisappliedtoclassinersystemandgeneticprogrammlng･Inthissection,WePreSentthe

Classifiersystemandgeneticprogrammlnginbrief.
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2･6･1ClassinerSystem

Classifiersystem[12]isamachinelearningsystemthatlearnssyntacticallysimplestring

rulestoguideitsperformanceinanarbitraryenvironment･Theclass沌ersystemconsistsof

threemaincomponents:ruleandmessagesystern,aPPOrtionmentofcreditsystem,andgenetic

algorithm･Arulecalledaclassi丘er,isrepresentedasaproductionruleasfb1lows:

if<COndition>then<aCtion>

TheclassinerisnredwhentheconditionissatisBed･Aclassinerongeneticalgorithmsis

representedasthestnngofanxedlengthuslngbinarycoding･Theapportionmentofcredit

SyStemranksclassinersaccordingtoeachrewardfromtheenvironrnentuSlngbucketbrigade

algorithm[12,14]･BasedontheBtnessofclassiners,thegeneticalgorithmgeneratesnew

ClassinersuslngrePrOduction,CrOSSOVer,andmutation･Inthisway,aClassifiersystemcan

generateasetofrulesadaptedtotheenvironment.

2･6･2GeneticProgrammlng

J･Kozahasproposedgeneticprogramming[75,76]･Thegeneticprogrammingworkson

hierarchica11ystructuredcandidatesolutions,Whilethegeneticalgorithm,ingeneral,WOrks

Onthesimplestrlng･Thishierarchicalstructureenablesthevariousrepresentationsfor

OPtlmizationproblems.

Thegeneticprogramrn1ngPrOVidesawaytosearchthesolutionspaceofa11possibleprograms

COmPOSedofcertainterminalsandprlmitivefunctionstoBndafunctionwhichsoIves,Or

approximatelysoIvesaproblem･ThegeneticprograrruTunghasbeenappliedtoneuralnetwofks,

COntrOIsystemsforautonomousrobots,andsoon[75,76]Inthegeneticprogramming,a

POPulationconsistsofhundredsorthousandsofcomputerprogramS･Thegeneticprogrammlng

alsousesgeneticoperatorsbasedonDarwiniantheoryofevolutionlikethegeneticalgorithm･

Ingeneral,aStrlngOfcomputerprogramhastreestructure,andcrossoveroperatorsare

Perfbrmedbasedonthetree-StruCture･Aftersearching,geneticprogramrn1nggenerateSCertain

COmPuterPrOgramSWhichcancarryouttheglVentaSkwithsufhcientperわrmance.

Thegenotypeofcandidatesolutionsconsistsofprimitivefunctions(+,-,*,/,and,Or,etC.)

andterminals(variables,COefncients)･Asaselectionscheme,PrOPOrtionalselection,ranking
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Selection,andtournamentSelectionareused･Crossoveroperatorisperformedbyexchanglng

Sub-treeSbetweenparents(Figure2･17)･Mutationoperatorisdennedasarandomchangein

thestructure･Theinitialpopulationis,ingeneral,generatedbythreemethodsof`fu11,

method,`grow,method,and`rampedhalf-and-half,method･The'full,methodrandomly

generatesacandidatesolutionwhoselengthbetweentherootandtheendpolntisequaltothe

SPeCi丘cmaximaldepth･The'grow,methodrandomlygeneratesacandidatesolutionswhose

lengthbetweentherootandtheendpolntisnogreaterthanthespecificmaximaldepth･

Furthermore,the`rampedhalf-and-half,isahybridmethodofthe'fu11,methodand`grow,

metbod.

Genotype(LISP):(*(+XO･2)y)(+(*0･1x)(-yO.3))

Phenotype: (Ⅹ+0･2)*y (0.1*Ⅹ)+y-0.3

Figure2･17Anexampleofcrossoveringeneticprogrammlng
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2･7Summary

Thischapterpresentsevolutionaryoptlmizationmethodsindetail･Geneticalgorithmworks

Ontheencodedstringspaceandthereforevariousgeneticoperatorshavebeenproposedfor

improvlngthesearchingability･Thecharacteristicofgeneticalgorithmsisasfollows:

･Geneticalgorithms,ingeneral,requlrenOPnOrknowledgeofoptlmizationproblems,

SuChasderivativeinfbrmationandcontinultyOftheoqectivefunction.

･Geneticalgorithmscanattainoptlmalorquasi-OPtlmalsolutionswithouttrapplng

localoptlmalsolutionsbysimplesymbolicoperations.

･Selectionschemesareclassi丘edintotwomaincategoriesofaproportionalselection

SChemeaccordingtorelativeBtnessandacompetitionselectionschemeaccordingto

relativerankinglnaPOPulation.

･Thereisinterdependentrelationbetweencodingandcrossover･Thecodingand

CrOSSOVerShouldbedesignedwithconsideringtheinheritanceofgeneticinfbrmation

fromparentstooffgprlngtOeffbctivelysearchthesolutionspace･

･Someschematageneratenewbetterschematawiththecrossoveroperatorandthe

numberofaschemaincreasesinapopulationwiththeselectionoperation･Building

upbitsofblockscalledschemata,geneticalgorithmscanobtainoptlmalsolutions

(buildingblockhypothesis).

･Operatorsandextensionbasedongenetics,biology,eCOlogyandmathematicscanbe

easilyincorporatedintogeneticalgorithmstoimprovethesearchingability･
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AgeStructure

Asmentionedinchapter2,geneticalgorithmsimulatesnaturalevolutionandcannndoptlmal

OrquaSi-OPtlmalsolution･Evolutionaryoptlmizationmethodshavetwoapproachestoimprove

SearChingability･Oneistomathematicallyimproveoptlmizationalgorithms,andmathematical

OrCOmPutationalpowerof【englVeSuSthequicksolution.Theotheristointroducenatural,

Phenomena,andnatureoftenglVeSuSefftctiveideas･Inhct,eCOloglCalmodelsbasedon

Nichecontinuousalternationmodelofgeneration[63,67]andparallelmodelsbasedon

Subpopulation[64～66],have been proposed and theireffectivenesses have been als｡

dernOnStratedthroughcomputersimulation･Inthecontinuousalternationmodelofgeneration,

Offsprlnggeneratedbycrossoverandmutationcoexistwiththeirparentsandastheresult,

ParentSWithhighfitnessareeasytosurvive.Thisfactindicatesthatthecontinuousalternation

modelofgenerationcanmaintainindividualswithhighntnessthroughallgenerations,but

Simultaneouslythemodelhasapossibilityofprematurelocalconvergence.However,the

COntinuousalternationmodelofgenerationdoesnothaveagestructureasseeninnature.A

POPulationwithagestructurehasanimportantcharacteristicofthedeathofanindividual

WithoutconsideringltSntneSS･Thischaptertherefbreproposesageneticalgorithmwithage

StruCture･Furthermore,thefbllowlngSeCtionsdiscusstheefftctivenessofthegeneticalgorithm

Withagestructure.

3.1AgeStructureinNature

Thissectionpresentsapopulationwithagestructureinnature･Innature,thereare,ingeneral,

twotypesofalternationmodelsofgeneration:discretemodelandcontinuousmodel[45].

Herethealternationofgenerationmeansanoccurrenceofwithinliftcycleofanorganismof

twoormoredistinctforms･Inthediscretealternationmodelofgeneration,thespanbetween

thebirthofparentsandthebirthofoffsprlnglSOnelifecycle,thatis,ParentSbearoffsprlng

andsoondie･Onthecontrary,COntinuousalternationmodelofgenerationhasoverlapplng

SPanbetweenthebirthofparentsandthebirthofoffspnng,thatis,theparentscoexistwith

theiroffgpnng･
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Time(Generation)

Figure3･1Populationwithagestructure

t+1

Figure3･1showsatypicalpopulationwithagestruCtureinnature[45]･Heretheagestructure

isconsideredasadiscretemodel,thatis,WeaSSumethatallindividualsageatthesametime.

Consequently,anindividualofagexingenerationtbecomesagex+1ingenerationt+1.In

addition,eaChindividualhasalethalagewhichmeansdyingage･InFigure3･1,theparentsin

generationtgenerateoffspnngatageowithrecombinationandthen,ParentSatlethalagedie

andareremovedfromthepopulation(thelethalageis5inthiscase)･Theremainedparents

andoffsprlngareSelectedintothepopulationingenerationt+1.Letnx,tbethenumberof

individualsatagexingenerationt･Therefbre,thenumberofoffsprlngno,(isasfbllows,

恥′=∑あ∫･恥′
∫=1

(3.1)

Wherebxandmarebirthrateofindividualatagexandlethalage,reSPeCtively･Consequently,

WeObtainthepopulationsizeateachageasfb1lows,

仇,r十1=クー･･肋-い (ズ=1,L,∽-1)
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Wherepxisthesurvivalrateatagex･
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(3.3)

3･2GeneticAlgorithmswithAgeStructure

Geneticalgorithmbasedontheideathatthebettersolutionexistsintheneighborhoodofa

Candidatesolutionwithhighntness,mainlyutilizesproportionalselectionschemeandgenetic

OPeratOrS･Consequently,anindividualwithhighfitnesscanbeselectedintothenextgeneration

manytimesandthiscausesprematurelocalconvergence･Wethereforeproposegenetic

algorithmwithagestructure,tOmaintaingeneticdiversltylnaPOPulation.

3･2･1AgedGeneticAlgorithm

Wefirstintroducetheconceptofageintoadiscretealternationmodelofgeneration.The

discretealternationmodelofgenerationfbrbidsthecoexistenceofparentsandtheiroffSprlng･

Figure3･2showsagedgeneticalgorithrn;AGA･OnegenerationisdeBnedasadiscretetime

unit･EachindividualintheAGAhasparameterscalledageandlethalage･Whenitsage

attainstothepredennedlethalage,itisremovedfromapopulation･Alloffgpnng,Whichare

generatedfromparentsbythecrossoveroperatorandrnutationoperator,isatageOandthen

theirparentsdie･Consequently,ParentSCannOtCOeXistwiththeiroffgpnng･Andeachremainlng

individualincreasesinageeverygeneration･LetNandn･1･･[beapopulationsizeandthe

numberofindividualsatagexingenerationいespectively･Therefbre,thenumberofoffgpnng,

no,′,isasfollows,

J/トー1

恥′=み∑裾
.T=l

(3.4)

Wherebandmarethecrossoverpossibilityandlethalage,reSPeCtively.Furthermore,Since

theparentsgeneratedoffgpnngareremOVedfromthepopulation,thenumberofallindividuals,

ntT,afteraglnglSaSわ1lows,
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桁'=〃一触=町+(トあ)∑恥′
_l~=ヱ

(3.5)

Furthermore,thenextgenerationofapopulationisreproducedbytheselectionamongthe

remainlngindividuals.TheprocedureoftheAGAisasfbllows.

begin

Initialization

repeat

Crossover

Mutation

Age_Operator

Evaluation

Selection

untilTermination_COndition=True

end.

First,initializationrandomlygeneratesaninitialpopulationatageO.Crossoverandmutation

generateoffgpnngatageO･Next,age-OPeratOrCarriesoutaglngPrOCeSSandremovalprocess･

TheaglngPrOCeSSaddseachindividual,sagetoone.Eachindividualthereforeincreasesin

agebyoneeverygeneration･Theremovalprocessremovestheparentswhichattaintothe

lethalageorgenerateof軸nng･Next,Selectionreproducesanewpopulationfromtheremainlng

individuals.

Figure3･2Agedgeneticalgorithm
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3･2･2AgeStruCturedGeneticAlgorithm

TheAGAsimplylntrOducestheconceptofage,butdoesnothavecoexistenceofparentsand

theiroffsprlng･Wetherefbreproposeage-StruCturedgeneticalgorithm;ASGAwhichisa

COntinuousalternationmodelofgeneration(Figure3,3).EachindividualinASGAhasas

SameParameterSOfageandlethalageastheAGA.OnedifferencefromtheAGAis as

払1lows･Whenparentsgenerateoffspnng,theparentSdon,tdieintheASGA.Thismeansthat

ParentSCanCOeXistwiththeiroffsprlng･Therefbre,thoughthenumberofoffsprlng,nOJis

thesameaSthatoftheAGA,thenumberofa11individuals,nt▼,aReraglnglSaSfb1lows,

板▼=触+∑ク∫･恥′
.l■=ユ

(3.6)

Wherepxissurvivalprobabilityatagex･Eachindividualatagexsurvivesintointermediate

POPulation,n(一,Withsurvivalprobability px･ThissurvivalprobabilitylSintroducedfor

Simulatingagestructureinnature･FurthermOre,theapopulationofnextgenerationisreproduced

bytheselectionamongtherernainlngindividuals･TheprocedureoftheASGAisasfbllows.

begin

Initialization

repeat

Crossover

Mutation

Age_Operator

Evaluation

Selection

untilTermination_COndition=True

end.

First,InitializationrandomlygeneratesaninitialpopulationatageO･Crossoverandmutation

generateoffspnngatageO･Age-OperatorcarriesoutaglngPrOCeSSandsurvivalprocess･The

aglngPrOCeSSaddseachindividual,sagetoone･Eachindividualtherebreincreasesinageby

OneeVerygeneration･Thesurvivalprocesseliminatestheindividualsaccordingtosurvival

PrObabilitypx･Here pmisObecausetheindividualsdieofthelethalage.Next,Selection

reproduceanewpopulationfromthesurvivedindividuals.
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Death

Figure3･3Agestructuredgeneticalgorithm

3･3FeaturesofGeneticAlgorithmwithAgeStruCture

Therearetwomqordifftrencesbetweenstandardgeneticalgorithmandthegeneticalgorithm

Withagestructure･First,theparentscansurviveintothenextgenerationintheASGAlike

Steady-Stategeneticalgorithm･Thatis,theparentsarepermittedthecoexistencewiththeir

Offsprlng･However,thisftatureisrealizedbysteady-StatemOdelandgenitoralgorithminthe

researchofgeneticalgorithms[50,71]･Theotherftatureistheremovalofindividualswithout

COnSideringntnessvalue･Anindividualisremovedfromapopulationwhenitsageattainsto

thelethalageintheAGA･Inaddition,individualssurvivesaccordingtosurvivalprobability

intheASGA･However,theAGAhasnoagestructurewhencrossoverprobabilityisl.0,

Sinceal1individualisreplacedwiththeiroffgpnng･Consequently,theAGAunderthecrossover

PrObabilityl･Ocorrespondstoastandardgeneticalgorithm.

Ontheotherhand,elitistselectionschemeingeneticalgorithmsleavesthebestindividual

intothenextgenerationunconditionally,anditlSPrOVedthatapopulationofgeneticalgorithm

COnVergeStOthepopulationwithoptlmalsolutionunderelitistselectionscheme.However,

theelitistselectionschemecancauseprematurelocalconvergenceatthesametime.Onthe

COntrary,theAGAandtheASGAcancontroltheincreaseofthesameindividualbylethal

ageandsurvivalprobability,reSPeCtively･Therefore,intheAGAandtheASGA,thedesign

OflethalageandsurvivalprobabilitylSVerylmPOrtant･Theselectionpressureandconvergence

Ofapopulationaredependentonthedesignoflethalageandsurvivalprobability･
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3･4ApplicationtoKnapsackProblem

Knapsackproblems,traVelingsalesmanproblemsandschedulingproblemsareknownas

COnVentionalandtraditionalcombinatorialoptimizationproblems[3].WecansoIvethese

PrOblemswithanenumerationmethodin丘nitetime,butanenumerationmethodtakesrnuCh

timeasaproblemsizeislarge･Approximateoptlmizationmethodssuchasrandomsearch,

SimulatedannealingandtabusearchhavebeenproposedfbrsoIvingtheseproblems.Inthis

SeCtion,WeaPPlygeneticalgorithmwithagestructuretoaknapsackproblemandcompare

geneticalgorithmwithagestructurewithothergeneticalgorithms.

3.4.1KnapsackProblem

Combinatorialoptlmizationproblemscanbefundamentallytransformedintosometypesof

O-1integerprogramming,butthetransfbrmedproblemshavealotofconstraint[3]･Knqpsack

PrOblem,WhichisknownasanNP-hardproblem,isanintegerprogrammlngPrOblemofO-1

Variables[3,77]･ThisproblemisrepresentedbyonlythevaluesOorl.Considerthatanevent

mayormaynotoccur･Iftheeventoccurs,thevalueisl.Otherwise,thevalueisO.Inthis

Way,theO-1integerprogrammlngrePreSentSyeS-nOdecisions･Wethenexplainaknapsack

PrOblem.

Supposenitemsaretobeselectedfbrcarryinginaknapsack(Figure3.4).Theitemihas

Valueviandweightwi･Theoqectiveofthisproblemistoselectitemstomaximizetheirt｡tal

ValuewhiletheirtotalweightisequaltoorlessthanW.Letxibedecisionvariables.Ifthe

itemiisselectedthenxl=1･Otherwise,Xi=0･Theohjectivefunctionis,therefbre,deBnedas

わ1lows:

maximize V一エL用=∑vLri
J=1

SuqeCttO W肌=∑wiXi≦W xi=0,1i=1,…,n
f=1

(3.7)

(3.8)

Inthisway,WeCanformulizetheknapsackproblem･Weconsiderhowtoapplygenetic

algorithmstotheknqpsackproblem･Thegenotypeisrepresentedbybinarycode･Thelocus

(POSition)onachromosorne(String)representstheitemnumber･Forexample,WeCOnSidera
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String'Ol10'wherethestringlengthis4(i･e･thenumberofallitemsis4)･Thestring･0110,

representsthatthesecondandthirdofitemsareselected,Whilethefirstandfourthofitems

arenotselected･Asmentionedinchapter2,aSimplegeneticalgorithmiscomposedof

roulettewheelselection,One-POlntCrOSSOVer,andsimplemutation･Simplemutationreplaces

acharacteronastrlngWiththeothercharacteraccordingtomutationprobability･Inthe

Simulation,rOulettewheelselectionschemeandelitistselection schemeareusedforthe

knapsackproblem.The丘tnessvalueisdennedasfbllows:

糎=(ニ:::_α.(Ⅳ_肌′′l,乞′カニ三Ⅳ
(3･9)

Whereαiscoefncientfbrpenaltyinthecasethattheconstraintisnotsatisned.Ifjitnessis

lessthanzero,jitnessiszero.

･∴､.1､∴/---

Figure3･4KnapsackProblem

3･4･2SimulationResultsofKnapsackProblem

Theparameterconcernlngtheknapsackproblemisasfbllow.Thenumberofitemsis30.The

Weightandvalueofeachitemarerandomlydeterminedastherandomvaluebetweenland

30･Theupperboundofaselectableweightis80%ofthetotalweightofallitemsinthis

SimulationexamPle･
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Crossoverprobability,mutationprobabilityandmaximalgenerationareO.7,0.001and150,

respectively･Figure3･5showstypICalsimulationresultsoftheknapsackproblemwithroulette

Wheelselectionscheme･InFigure3･5,theSGArepresentsasimplegeneticalgorithm.All

algorithmsconvergetowardtheoptlmaWithsmalloscillation,Sincethesealgorithmsdoesnot

keepthebestindividualatanygeneration.However,theAGAandtheASGAobtainbetter

SOlutionsthanSGA･Figure3･6 showstypICalsimulationresultswithelitistselection.In

Figure3･6,theEGA,theAGA-EandASGA_Erepresentageneticalgorithm,AGAand

ASGAwithelitistselectionschemes,reSPeCtively･ThoughtheEGAcankeepthefittest

individualeverygeneration,theEGAhasapossibilitytoconvergetolocaloptlma.However,

theAGAandtheASGAhavewithverysmalloscillationintheearlygenerationbecauseeven･

thebestindividualatanygenerationcanbeeliminatedbytheaglngPrOCeSS.Theoscillation

OftheAGAandASGAinFigure3･6indicatesthatthebestindividualseliminatedfromthe

POPulationcouldnotgenerategoodoffspnnginheritingefftctiveschemaduringtheirsurvival.

Thus,theAGAandtheASGAcanmaintaingeneticdiversltymOrethantheEGA.Table3.1

Showssimulationresultsof30trials･TheAGA_Eobtainsthebestsolutioninthesimulation

results･Consequently,WeCanObtainhigherperfbrmancebyintroducingelitistselectionscheme

andaglngprOCeSS.

ダ∫タブle∫∫

Figure3･5SimulationresultsofKnapsackproblembyroulettewheelselection
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Figure3･6SimulationresultsofKnapsackproblembyelitistselection

Table3･1SimulationresultsofKnapsackProblemof30trials

SGA AGA ASGA

丘tness 486.9 505.3 504.5

GAJ‡ AGA｣≡ ASGA_E

ntness 493.5 508.5 507.3

3･5ConvergenceofAgeStruCturedGeneticAlgorithm

Weshowthesimulationresultsofaknqpsackproblembygeneticalgorithmwithagestructure

intheprevioussection･Thissectiondiscussestheeffbctivenessofagestructureandparameter

SettlngCOnCern1nggeneticalgorithmwithagestructure.

3･5･1EfftctivenessofIntroductionofAgeStructure

Wediscusstheeffectivenessoftheintroductionofagestructureintogeneticalgorithm･We

COnductedasimpleexperiment･Firstofall,WeCOnSideronlyeffectbytheintroductionofage

StruCture･Consequently,WeuSethebinaryStnngWhoselengthisone,thatis,thegenotypeis

`0'or`1'･Theindividual,sfitnessvaluesof'0,and`1,are12andlO,reSPeCtively･Wefirst

PreParelOOindividualswhosegenotypesare'1,･Next,WeCOmParehowtoincreasethe

numberofindividualsof'0'bymutationandselectionbetweentheSGAandtheAGA.The
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PrOCedureofthisexperimentisasfbllow;

Stepl:Initialization･ThestringsoflOOindividualsaregeneratedas`l,.

Step2:Mutation

Step3:Selection

Step4:Countthegenotypeof'0,

Step5:Gotostep2

Figure3･7showsexperimentalresultsoftheSGAandtheAGA･TheAGAremovessome

individualsa"ainingthelethalageandastheresult,thenumberofal1individualsdecreasesin-

Selection･Consequently,theselectionpressureoftheAGAislowerthanthatofSGAbecause

thenumberofindividualsoftheAGAarelessthenthatoftheSGA･Ingeneral,thechangeof

thenumberofasubpopulationsizeisdependentonitsdensltylnthepopulation･Funhermore,

thenumberofsmallsubpopulationsizehavealotofoscillationinincrease,Whilethelarge

POPulationsizeisrelativelystableinincrease･SincetheAGAreducestheselectionpressure,

thesmallsizeofsubpopulationcanreproducerelativelymanyindividuals(SeeFigure3.7).

Thus,theAGAcancontroIselectionpressurebyaglngPrOCeSS.

P叩工血血〃げtO-

Figure3･7ChangeofpopulationsizeofSGAandAGA

(丘tnessvalueof'0,:12,ntneSSValueof'1,:10)

Next,WeCOnSiderthedistributionoftherelationbetweenmnessvaluesandageofindividuals.

Figure3･8showsBtnessvaluesofindividualsagalnSteaChageatgeneration50insoIvingthe

knapsackproblemwherethelethalageis5･ThisshowsthattheindividualswithhighBtness
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inthepopulationsurviveintothenextgeneration･Andeventheindividualswithhighntness

areeliminatedbyaglngPrOCeSS･Consequently,theAGAcanpreventindividualswithhigh

ntnessfromincreaslnglnaPOPulation･Ontheotherhand,therearesomemethodsfor

maintainlnggeneticdiversltySuChasrankingselectionschemeandntnessscaling･Though

thesemethodscanreduceorincreasethedifftrenceofntnessvaluesbetweenindividuals,

thesemethodscannotcontrolthenumberofover-increaslngindividuals･Tothecontrary,the

AGAcancontrolthenumberofover-increaslngindividualsbyaglngPrOCeSS,WhiletheAGA

Perfbrmsselectionbetweenremainlngindividualsbelowalethalage･Figure3.9showsntness

ValuesofindividualsagalnSteaChageatgeneration50wherethelethalageis9.Inthiscase,

mostofindividualsareeliminatedbefbreattainlngthelethalage,Sincethelethalageis

relativelyhigh･ThisindicatesthatthebehavioroftheAGA,Whoselethalageisrelatively

high,issimilartothatofSGAbecausemostofindividualsareeliminatedbyselection

OPerationwithoutrelationtoitsage･Tosummarize,theAGAcancontroIselectionpressure

byaglngPrOCeSSandmaintainrelativelygeneticdiversltylnaPOPulation.
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Figure3･8FitnessvalueofindividualagainstagebyAGA(1ethalage=5)
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Figure3･9Fitnessvalueofindividualagainstage(1ethalage=9)

3･5･2DiscussionConcern1ngLethalAgeandSelectionPressure

ThoughtheAGAcanmaintainrelativelygeneticdiversltyinapopulation,theAGAhasthe

PrObabilityoftheeliminationofthebestsolutionateachgenerationassameasgenetic

algorithmwithproponionalselectionscheme･Inthissubsection,Wediscusstherelation

betweenlethalageandcrossoverprobability･Figure3･10showstheaverageofntnessvalues

Ofthebestindividualsatgeneration1500f50trialagalnStCrOSSOVerPrObabilityO.4,0.6and

O･80ftheAGA･FromFigure3･10,thebestlethalagesagalnStCrOSSOVerPrObabilityO.4,0.6

andO･8are6,5and4,reSPeCtively･ThisindicatesthattheAGAcanobtainhighperfbrmance

Whenthelethalageislowascrossoverprobabilityishigh･Figure3･11showstheaverageof

ntnessvaluesinthecaseoftheASGA･FtomFigure3･11,thebestlethalagesagalnStCrOSSOVer

ratesO･4,0･6andO･8are6,5and3,reSPeCtively･ThisresultisthesameastheAGA･Next,

WeShowthedeathrateofindividualsbyattainlngthelethalageinFigure3･12andFigure3.13.

Thesenguresshowthatthedeathrateislowasthelethalageishigh･FromFigure3.12and

Figure3･13,thedeathratecorrespondingtothebestlethalageagainstcrossoverprobability

liebetween3%and5%･Tosummarize,geneticalgorithmwithagestructurehastheclose

relationbetweencrossoverrateandlethalage,andweshoulddesigngeneticparametersso

thatthedeathratemayliebetween3%and5%.
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F∫招g∫∫

Figure3･10AverageoffitnessvaluesconcernlngCrOSSOVerPrObabilityofAGA

FJJ乃e∫∫

Figure3･11Vergeof丘tnessvaluesconcern1ngCrOSSOVerPrObabilityofASGA

♪…(J/紬什勘

40

20

Figure3･12DeathrateofindividualswhichattainthelethalageincaseofAGA
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Figure3･13DeathrateofindividualswhichattainthelethalageincaseofASGA

3･5･3DiscussionConcernlngLethalAgeandPopulationsize

Inthissubsection,Wediscusstherelationbetweenlethalageandpopulationsize･Figure3.14

andFigure3･15showtheaverageofntnessvaluesagalnStthelethalageconcern1ngPOPulation

SizesoftheAGAandASGA,reSPeCtively･Thoughthedesignofthelethalageafftctsthe

Performanceofsolutionsincaseofsmallsizeofpopulation,theeffectoflethalagereduces

asthepopulationsizeincreases･ThereasonisthattheAGAcanmaintaingeneticdiversltyin

apopulationwithoutrelationtolethalagesincealargesizeofpopulationnaturallyhas

geneticdiverslty･Tothecontrary,eVenthesmal1sizeofpopulationcanobtainhighperformance

bythedesignoflethalageandsurvivalprobability･

爪J乃e∫∫

Figure3･14Averageofntnessvaluesconcern1ngPOPulationsizeofAGA
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Fitness

2 3 4 5 6 7 8 9

Lethalage

Figure3･15AverageofmnessvaluesconcernlngPOPulationsizeofASGA

3･6Summary

Thischapterproposesageneticalgorithmwithagestructure,Whichhastwom叫Ordifferences

fromasimplegeneticalgorithm･Oneisthecoexistenceofparentsandtheiroffsprlng･The

OtheristheremovalofindividualsbyaglngPrOCeSSWithoutrelationtontnessvalue.Furthermore,

thegeneticalgorithmwithagestructureisappliedtoaknapsackproblem･Simulationresults

indicatethefbllowlngPOlntS.

･Geneticalgorithmwithagestructurecanpreventindividualswithhighntnessfrom

OVer-increaslnglnaPOPulation.

･GeneticalgorithmwithagestructurecancontroIselectionpressurebyaglngPrOCeSS

andmaintainrelativelygeneticdiversltylnaPOPulation.

･Geneticalgorithmwithagestructurehasthecloserelationbetweencrossoverprobability

andlethalage,andweshoulddesigngeneticparameterssothatthedeathratemaylie

between3%and5%.
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Chapter4EvolutionaryOptlmization

MethodsbasedonVirusTheoryofEvolution

Optimizationmethodscanbedividedintotwocategoriesofexactandapproximatemethods,

asmentionedinchapterl･Geneticalgorithmfundamentallybelongstotheapproximate

methodanditssearchingabilityliesincrossoveroperatorwhichcombineschematabetween

individuals･Schematheoremiswell-knownasafundamentaltheoremofthegeneticalgorithm′

(SeeChapter2)･Theincreaseofefftctiveschemataenablestheefftctivesearchofthesolution

SPaCeandmakesallthepopulationevoIvetowardoptlmalsolutions･Thoughthegenetic

algorithmmakesltPOSSibletonndoptlmalorquasi-OPtlmalsolutionswithlesscomputation

COSt,geneticalgorithmhasaproblemofaprematurelocalconvergence(SeeChapter2).One

reasonwhytheprematurelocalconvergenceoccursinapopulationisthataproportional

Selectionschemeincreasesnotonlyefftctiveschematabutalsoinefftctiveschemata.Therefbre,

thischapterproposesavirus-eVOlutionarygeneticalgorithm(VEGA)toimprovesearching

abilityofthegeneticalgorithmbyoperatlngOnlyefftctiveschemata.

4･1VirusEvolutionaryGeneticAlgorithm

GeneticalgorithmisastochasticoptimizationmethodbasedonNeo-Darwinism[42].Neo-

Darwinismprovidesusefftctiveideas･Infact,thegeneticalgorithmhasbeenextendedby

applyingbiologlCallylnSPiredoperators,eCOloglCalniche,andsoon･However,genetic

algorithmisbasedontheconceptofnaturalselection･Naturalselectionplaystheroleofthe

increaseofbetterindividuals･Recently,therehavebeenmanyquestionsconcern1ngnatural

Selectioninevolution･Oneofthequestionsisthatthedrivlngforcefbrevolutionmaynotlie

innaturalselection･Withtheprogressofmolecularbiology,SOmeeVOlutionarytheorieshave

beenproposed･Weproposeageneticalgorithmbasedonvirustheoryofevolution.

4･1･1VirusTheoryofEvolution

Withtheprogressofmolecularbiology,VarioustheoriesofevolutionsuchasNeo-Darwinism,

neutraltheoryofmolecularevolution,Imanishi,sevolutionarytheory,Serialsymbiosistheory,
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Virustheoryofevolution,havebeenproposedforexplainlngthemechanismofevolution

【42～46]･However,mOStOfevolutionarytheoriescannotexplainallevolutionaryevidences,

thoughtheycanexplaintheprocessofevolutioninasense.

TheviruStheoryofevolutionisbasedontheviewthatvirustransductionisakeymechanism

fortransportingsegmentsofDNAacrossspecies【43].Herethetransducti｡nmeanSthe

geneticmodi丘cationofabacteriumbygenesfromanotherbacteriumcarriedbyabactenophage･

Mostofvirusescaneasilycrossspeciesbarriers,andareoftentransmittedinnaturedirectly

fromindividualsofonephylumtoanother･Thisfhctmeansthataviruscantransmititsgene

toahostpopulationashorizontalpropagation･Furthermore,Wholevirusgenomesmaybe

incorporatedintogermce11sandtransmittedfromonegenerationtothenextgenerationas

Verticalinheritance.

Figure4･1Virus-eVOlutionarygeneticalgorithm;VEGA

4･1･2Virus-EvolutionaryGeneticAlgorithmArchitecture

Thissubsectionproposesavirus-eVOlutionarygeneticalgorithm;VEGA･Invirustheoryof

evolution,1ivingthingsevoIvewithhorizontalpropagationandverticalinheritanceofgenetic

infbrmation･Torealizehorizontalpropagationandverticalinheritanceongeneticalgorithm,
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WeuSetWOtyPeSOfpopulations;hostpopulationandviruspopulation(Figure4.1).Herethe

hostpopulationandviruspopulationaredennedasasetofcandidatesolutionsandasubstring

SetOfthehostpopulation,reSPeCtively･AndvirusindividualstransmltPa血壬geneticinfbrmation

amOnghostindividualsbyvirusinfection･Toincorporatethevirusinfectionmechanism,We

adoptasteadystategeneticalgorithrn;SSGA(SeeChapter2)･TheSSGAiscontinuous

generationmodelandiseasytoregulategenerationgap･TheSSGA,ingeneral,replacesa

PalrOfindividualswithnewindividualsgeneratedbygeneticoperatorseverygeneration.

Thus,theVEGAiscomposedofcrossover,mutation,Selectionandvirusinftction.The

PrOCedureoftheVEGAisasfbllows:

Ⅰmitialization

rePeat

Selection

Crossover

Mutation

Virus_infbction

Replacement

untilTermination_COndition=True

end.

Initializationrandomlygeneratesaninitialhostpopulation,andthenavirusindividualis

generatedasasubstringofahostindividual･一Deleteleastfitness･[71]isusedastheselection

SCheme･Crossoverandmutationaregeneticoperatorsdependentonanoptlmizationproblem.

Virusinftctionoperatorisintroducedasnewsearchingoperators･Herenewindividuals

Whichvirusindividualsinftcted,aregeneratedaschildren･Anerallvirus-infections,ifa

ntnessofahostindividualisimproved,thenthegeneratedchildisreplacedwithitsparent

(Figure4･2)･Consequently,thesuccessfullyinftctedhostindividualssurviveintothenext

generation･Thisindicatesthevirusinftctionoperatorisregardedasalocalhillclimbing

OPeratOr･Thestnnglengthofahostindividualispredennedasaconstant･Andthelengthof

aviruSindividual,Whichisdennedasavariable,eXtendswithevolutionofthehostpopulation.
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Figure4･2VirusinfectionandreplacementinVEGA

4･1･3VirusInfbctionOperators

VirusinftctionoperatorsaremainprocessesintheVEGA･Asmentionedbefbre,aVirushas

acapabilitytotransmitsegmentofDNAinahostpopulation･Thevirusinftctionoperators

are(a)theretersetranscriptionoperatorand(b)thetransductionoperator(Figure4.3).

(a)Reversetranscriptionoperator:Avirusoverwritesitssubstringonthestringofahost

individualfbrgeneratlngneWhostindividuals.

(b)Transductionoperator‥AviruStakesoutasubstringfromthestringofahostindividual

fbrgeneratlngneWViruSindividuals.

Reverse

transcrlPtlOn

Ⅵr乙J∫

d.缶1

(a)ReversetranSCriptionoperator (b)Transductionoperator

Figure4･3Virusinftctionoperators
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AvirusindividualalsohasBtnessvalue･EachvirushasjitvirusiaSaStrengthaboutthevirus

inftction･Weassumethatjithosbandjithost;aretheBtnessvaluesbeforeandafterinftctions

Ofaninftctedhostindividualj,reSPeCtively･Thejitvirusijdenotesthedifftrencebetween

Jithos"ndjithostン,Whichisequaltothevalueobtainedbyinftctingtothehostindividual:

βル血′=∑βrv血り
ノ∈∫

β両r姉ノ=β血球一府此嘲

(4.1)

(4.2)

WhereiisthevirusnurnberandSisasetofthehostindividualsthattheviruslinftcted.

Therefore,jitvirusidenotestheimprovementofthentnessvaluesofalltheinfectedhost

individuals･Thenumberofvirusinftctionsiscontrolledunderitsvirusinfectionrate.

Eachvirushasinfectionrate,i′拘a,SatisfyingO≦ipqatei≦1･0･fbrperfbrmingareverse

transcrlPtlOnOPeratOrtOahostpopulation.

～ゆⅥJeい+1
+α)･gゆⅥ勧′ げβル≠rん`∫′≧0

-α)･～ゆ一α姑′ 軒βルわⅦ∫′<0
(4.3)

Whereα(>0)iscoemcient･Whenjitvirusiishigh,iYqateibecomeshigh･Funhermore,eaCh

Virushaslifefbrceasfbllows:

頼れ‥1=rXJ拘,′+揮血叫
(4.4)

Wheretandrmeansthegenerationandtheliftreductionrate,reSPeCtively.Theliftforce

meanSanindexofthecontributiontoahostpopulation･Ininitializationintheprocedureof

theVEGA,thesevirusparametersareinitializedasfbllows;
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吻仇摘==殉仇混加

′旅J,0=0

(4.5)

(4.6)

TheprocedureofavirusinftctionisshowninFigure4･4･First,aVirusperfbrmsthereverse

transcrlPtlOntOahostindividualrandomlyselectedoutofthehostpopulation.Next,the

VEGAevaluatesthefitnessoftheinftctedhostindividualandcalculateslifa,t+1.Iflifa.t+1

takesanegativevalue,theviruSindividualtransducesanewsubstnngwiththetransduction

OPeratOrfromarandomlyselectedhostindividual･Otherwise,thevirusindividualtransduces

apartiallynewsubstrlngfromoneoftheinftctedhostindividualswiththetransduction

OPeratOrforevoIvingfbritself･Thus,thehostandviruSPOPulationscoevoIvethroughthe

genetic operatorsandvirusinftctionoperators.

Figure4･4Theprocedureofvirusinftction

ー92-



C力呼ナビr4

4･2FeaturesofViruS-EvolutionaryGeneticAlgorithm

ThemostslgnincantcharacteristicoftheVEGAistoincreaseschematadirectlylnahost

POPulationbyvirusinftction,thoughastandardgeneticalgorithmincreasesschemataina

POPulationastheresultsofcrossoverandselection･Thevirusinftctionoperatorsenablethe

increaseofeffectiveschematawithreversetranscrlPtlOnandtransduction.Thereverse

transcrlPtlOnPlaystherolesofcrossoverandselectionsirnultaneously,Sincethereverse

tranSCnPtlOngenerateSneWindividualsoverwrltlngOnhostindividualsaccordingtothevirus

inftctionrate･Thatis,thevirusinftctionrateisequaltothefrequencylnCreaSlngaSChemain

apopulation･Furthermore,thetransductiongeneratesnewvirusindividuals,andmakesa

ViruspopulationevoIve･Therolesofvirusinftctionaresimplysummarizedasfbllows,

1･ReversetranscrlPtlOndirectlyincreaseseffbctiveschemata.

2･ReversetranscrlPtlOndirectionallygeneratesnewhostindividuals.

3･Transductionchangesvirusindividualseverygeneration.

Coevolutionoftheviruspopulationandhostpopulationenablesthequicksolutionofan

OPtlmizationproblem.

Globalsearch Localsearch

bygeneticoperators
byvirusinftction

ViruSinfbctionrate

Virusinftction

Figure4･5SearchingratioinVEGA

Furthermore,aVirusinftctionrateisakeyparameterfbrsearchingsolutionspace(Figure4.5).

Whenavirussucceedsinitsinfection,thevirusinftctionratebecomeshigh･Astheresult,

theVEGAmainlyperformslocalsearchbyvirusinfectionoperators･Tothecontrary,When
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thevirusindividualfailsinitsinfection,thevirusinfectionratebecomeslow･Consequently,

theVEGAmainlyperfbrmsglobalsearchbygeneticoperators･Inthisway,theVEGAcan

Self-adaptlVelychangethesearchingratiobetweenglobalsearchandlocalsearchaccording

tothecurrentstateofthevirusandhostpopulations.

Figure4･6VEGAfromviewpolntSftombiologyandoptlmization

WediscussthefeaturesoftheVEGAfromtheviewpolntSOfoptlmizationandbiology

(Figure4･6)･First,WediscusstheftatureoftheVEGAfromthebiologicalpointofview.The

StruCtureOfDNAisstableandhardtobreak,WhilethestructureofRNAisunstableandeasy

tobreakinnature･Thatis,1ivingthingsshouldbasicallyinheritgeneticinformation(DNA)

adaptedtotheirenvironments･TheinheritanceofgeneticinfbrmationfromparentsISPerfbrmed

bythereproductionintheVEGA･Ontheotherhand,aViruscanchangeitssubstrlngfor

itselfandimmediatelyadaptstoitshostpopulation･FromtheviewpolntOfoptlmization,this

kindofpopulation-basedsearchcorrespondstomulti-POlntanditerativesearch.TheviruS

POPulationhaslocalinfbrmationofacandidatesolutionandsearchesthesolutionspacebased

Onthelocalinfbrmation･ThelocalinfbrmationisverylmPOrtantandusefulfbrsearchingthe

SOlutionspacebecausethelocalinformationof(englVeSadirectionorindexfbrsearch.For

examPle,aSubtouraslocalinfbrmationisof[enusedfbrsoIvingatravelingsalesmanproblem.
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4･3EcologlCalViruSEvolutionaryGeneticAlgorithm

Standardgeneticalgorithmisbasedontheconceptofcrossover,mutationandnaturalselection,

buttheconceptofecologylSnOtintroducedintothestandardgeneticalgorithm･EcologlCal

modelsofgeneticalgorithmhavebeenproposed(SeeChapter2)andtheirsimulationresults

indicatetheecologlCalmodelpreventsapopulationofcandidatesolutionsfromconverglngtO

localoptlmaandrealizesthelocalizedevolutionofpopulation･Therefbre,thissectionproposes

anecologicalmodelofVEGA(E-VEGA).

TheE-VEGAalsohasvirusandhostpopulations･Ahostindividualisplacedonaplanargrid

(Figure4･7)･Geneticoperationssuchasselectionandcrossoverarerestrictedtoneighborhoods

Ontheplanargrid･Aviruscanmoveontheplanargridwithitsdirectionvector,andtransmit

localgeneticinfbrmationasasubstnngamonghostindividuals.

TheprocedureoftheE-VEGAisfundarnentallythesameastheVEGA.Theselection

replacesahostindividualwiththehostindividualselectedfromitsneighborhoodonthe

Planargrid･Next,thecrossoveroperatorisperformedbetweenhostindividualsrandomly

Selectedftomitsneighborhoodwithcrossoverprobability･Next,eaChvirusinftctstohost

individualsofitsneighborhoodaccordingtoviruSinftctionrate･TheseprocessesarerePeated

untiltheterminationconditionissatis丘ed.

O ViruSindividual

OHostindividual

O

(C)Infection

⑳○⑳

⑳○● ⑳○●
(a)Crossover (b)Replacement

Figure4･7EcologlCalmodelofvirus-eVOlutionarygeneticalgorithm
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4･4VirusEvolutionaryAlgorithm

Inevolutionaryprogrammlng,anindividualisregardedasspeciesandevolutionary

PrOgrammlngdoesnotusecrossoveroperatorbecausedifftrentspeciescannotcrossover

【13,73]･However,Virustheoryofevolutionstatesthataviruscantransmitgeneticinformation

amongdifftrentspecies･Accordingly,thissectionproposesvirusevolutionaryalgorithm;

VEA･TheVEAalsohasahostpopulationandviruspopulation･Anindividualisrepresented

asasetofvariablessincetheVEAismainlyappliedtonumericaloptlmizationproblems.

AndaviruSindividualisasubsetofvariablesandtransmitsthesubsetamonghostindividuals

byviruSinftction･TheprocedureoftheVEAisasfbllows:

Initialization

repeat

Selection

Mutation

ViruSJnftction

Replacement

untilTermination_COndition=True

end.

Initializationrandomlygeneratesaninitialhostpopulationwithuniformrandomvalues,and

thenavirusindividualisgeneratedasasubsetofahostindividual･･Deleteleasthtnessl[7]is

usedastheselectionscheme･Asamutationoperator,Self-adaptlVemutationisused.Letxbe

avariableofo句ectivefunction.

ズノ十〃,′=勺,予〃(0,α′×カ加∫∫+∂) (4,7)

Whereaiandbareacoefncientfbrscalingandoffsetinorderforthevarianceofnormal

randomvariablenottobezero･Thisself-adaptlVemutationaddssmallperturbationwhen

ntnessvalueissmall･Andanormalrandomvalueisusedinthecaseofnumericalminimization

PrOblemwheretheoptlmalvalueiszero･However,Wedon,tknowoptlmalvalueinreal

OPtlmizationproblems･Therefore,WeuSethefollowlngmutationwithwhichthemaximal

餌nessvalueofapopulationisnormalizedtoone.
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ズノ十〃,∫=ズノ,′+Ⅳ(0,d∫×
βJ乃e∫∫

maxノア肋g∫∫
+あ) (4.8)

Virusinfectionoperatorsarealsousedhere･AvirusoverwritesitssubstrlngOnahost

individualwithreversetranscrlPtlOn.

4･5ApplicationtoConventionalOptimizationProblems

Thissectionappliesavirus-eVOlutionarygeneticalgorithm;VEGA,andavirusevolutionary

algorithm;VEA,tOCOnVentionalandtraditionaloptimizationproblems･First,WeaPPlythe

VEGAtoaknapsackproblemandatravelingsalesmanproblem･Next,WeaPPlytheVEGA

andVEAtoafunctionoptlmizationproblem･Furthermore,Wediscusstheefftctivenessof

VirusinftctionthroughcomputersimulationandanalyzethebehavioroftheVEGAona

Markovchain.

4･5･1ApplicationtoKnapsackProblem

4･5･1･1KnapsackProblem

KnapsackproblemisanintegerprogrammlngPrOblemofO-1variables,aSmentionedchapter

3･ThisproblemisrepresentedbyonlythevaluesOorl･Asmentionedinchapter3,the

Objectivefunctionisasfollows:

maximizelん肌=∑vば∫
J=1

Su匝ctto 帆…=∑w′ズ′≦Ⅳズ′=0,1g=1,…,乃
J=1

(4.9)

(4.10)

WethenconsiderhowtoqpplytheVEGAtoaknapsackproblemasfollows･Thegenotypeis

rePreSentedbybinarycode･ThentnessvalueisdennedasR)1lows:
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βr乃e∫∫=
V川′刀 げ 肌…≦Ⅳ

佑刷-α･(W-W肌) 0伽rl血e
(4.11)

Whereαiscoefncientfbrpenaltyinthecasethattheconstraintisnotsatisned･Ifjitnessis

lessthanzero,jitnessiszero･Weuseunibrmcrossover(SeeChapter2)andsimplemutation

(SeeChapter2)asgeneticoperators･TheuniR)rmCrOSSOVergenerateSneWindividualsaccording

toarandomlygeneratedmaskpattern･Asmentionedbefbre,aVirusindividualcantransmita

Substringamonghostindividuals･Asubstnngofavirusindividualconsistsofthreecharacters

†0,1,*)andisthesamelengthasthatofthehostindividual.Thecharacter一*Tden｡teSd｡n-t

Caremark･AvirusindividualdoesnotperfbrmthereversetranscrlPtlOninthesameposition

Wherethereisa一*t･Inthiscase,Whilethelengthofthevirusindividualisconstant,theorder

Ofthevirusisvariable･Figure4･8showsanexampleofthereversetranscrlPtlOn･Thereverse

transcrlPtlOnOVerWritesthesubstrlngOfthevirusindividualonarandomlyselectedhost

individual･The transduction for evoIving virusindividuals has two types of

OPeratOrS(Figure4･9)･TheBrstoneistocopygenesfromahostindividualaccordingtoa

COPyPrObabilitypergene･Theotheristoreplacesomegeneswiththecharacter一*･according

toacutprobabilitypergene･Ifthevirusimprovesthefitnessvaluesofhostindividuals,the

COPyOPeratOrisperfbrmedatthetransductionprobability･Otherwise,thereplacementoperator

isperfbrmed･Aninitialviruspopulationisgeneratedfromthehostpopulationwiththeuseof

thetransductionoperator･

Host:10011--■ト11010

†ReversetranscnptlOn
Virus:*10*O

Figure4･8AreversetranscnptlOnOPeratOrfbrbinarynatation

ViruS:*

Host: 1一

0▲T00-
1 *0
-■ト110*O

Copy

(a)Copyoperator

Vims:*10*0
_｣ト

**0*O

Replacement

(b)Replacementoperator

Figure4･9Atransductionoperatorfbrbinarynatation
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4･5･1･2SimulationResultsofKnapsackProblem

Thenumberofitemsintheknapsackproblemis50･Theweightandvalueofeachitemare

randomlydeterminedastherandomvaluebetweenland30･Theupperboundofaselectable

Weightis80%ofthetotalweightofallitemsinthissimulationexample･Table4.1showsthe

ParametersoftheSSGA,VEGAandvirusinftction･Thenumberofevaluationsisusedinthe

numericalsimulationsothatthesearchtimesoftheVEGAisequaltothatoftheSSGA.Here

thesearchtimesmeansthesumofthetimesofcrossoveroperatorandreversetranscrlPtlOn.

Theinftctionratemeanstherateatwhichavirustranscribestoahostpopulation.The

transductionratemeanstherateatwhichavirustransducesaRerinftction.

Table4･1ParametersofSSGA,VEGA,andvirusinfection

SSGA VEGA

Populationsize lOO lOO

Stringlengtb 50 50

Crossoverrate o.8 0.8

Mutationrate o.001 0.001

Evaluations lOOOO lOOOO

ViruSinftction

Viruspoptllationsize

Liftreductionrate(r)

Maxinftctionrate

lnitialinfectionrate

TranSductionrate

Copy/Cutrate

Figure4･13andFigure4･11showsimulationresultsoftheSSGAandVEGA,reSPeCtively･

TheBtnessvalueineachBgureistheaverageof50trials･Onthewhole,theconvergenceof

theVEGAisfhsterthanthatoftheSSGA･Funhermore,Whenthepopulationsizeissmallin

boththeSSGAandVEGA,OntheaveragetheSSGAandVEGAattainlocalminimabecause

theprematureconvergenceo鮎noccurs･Onthecontrary,theconvergenceofalargePOPulation

Sizeisslower,buttheVEGAandSSGAreachglobalminima･Figure4･12showsthecomparison

Ofon-1ineperfbrmancewhichistheaverageofthehighestntnessvalueateachgeneration.

Theon-1ineperfbrmanCeOftheVEGAoutperfbrmstheSSGAinallpopulationsizes.Table4.2

ShowstheaverageofntnessvaluesobtainedaherlOOOOevaluations･TheVEGA,Whose

POPulationsizeislOO,attainsthehighestaverageof丘tnessvalues.
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Fメタ〃ど5･5･

5000 10000

Figure4･10Simulationresultsofknapsackproblem(SSGA)

ダ血βj･∫

Figure4･11Simulationresultsofknapsackproblem(VEGA)

(viruspopulationsizeislO%dfhostpopulation,maXimalinftctionrate=0.1)

(ノ′卜/J′′叩`リ:れ′･′侶〃し･t､

Figure4･120n-1ineperfbrmanceofknapsackproblern

Table4･2Maximalntnessvalueobtainedatthelastgeneration

Eostpop･Size 20 40 60

SSGA 848.74 879.78

857.12 885

80 100 120

885･23 887･82 888.80 889.11

72 888.94 8 89.10 889.43 889.02
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Next,WeaPPlytheSSGAandVEGAtotheknapsackproblemwithlOOitemsasamore

difficultproblem･Consequently,thestringlengthofanindividualandthenumberofevaluations

arealteredintolOOand20000,reSPeCtively.

Figure4･13showssimulationresultsofthemutation,SSGAandVEGA.Inthecaseofthe

mutation,Onlyabitmutationisperformedasthegeneticoperator.Afitnessvalueinthis

Bgureistheaverageof50trials･Onthewhole,theconvergenceoftheVEGAisfastestand

bestinthesimulationresults.

苗肋ど∫∫

ハUO¢01

00
/LU

l

0041

gtⅥ山αJわJ7∫

■SSGA

臼Mu【a【ioll

∈lVEGA

20000

Figure4･13Simulationresultsofknapsackproblem

4･5･1･30ptimalVirusInftctionProbability

TheperfbrmanceoftheVEGAdependsonthevirusinftctionoperators,Sincethetimesof

reversetranscnptlOnOfavirusindividualtohostindividualsdeterminesthefrequencyofthe

horizontalpropagationinahostpopulation･Wediscusstheefftctivenessofthevirusinfection

OPeratOrSthroughnumericalsirnulationoftheknapsackproblem.

Figure4･14showsthesimulationresultsconcernlngViruspopulationsizes,Wherethehost

POPulationsizeandtheinftctionratearelOOandO･1,reSPeCtively･Thelargeraviruspopulation

Sizeis,theslowertheconvergenceis･Next,WeCOnSiderthecaseofalargesizeofvirus

POPulationsize･Figure4･15showssimulationresultsconcern1nghighinfectionrates,Where

thehostandviruspopulationsizesarelOOand200,reSPeCtively･Whentheinftctionrateis

high,theviruSinftctsalmosthostindividuals･Asaresult,Prematurelocalconvergenceis

eaSytOOCCur.
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爪伽どJ･j･

10000

gvαJ昆のわJ7∫

Figure4･14Comparisonofsimulationresultconcern1ngViruSPOPulationsize

(hostpopulationsize=100,maXirnalinftctionrate=0.1)

F′f乃ピ∫∫

10000

gvαんJdJわ〃∫

Figure4･15Comparisonofsimulationresultconcern1ngViruspopulationsize

(hostpopulationsize=100,Viruspopulationsize=200)

Next,inordertodiscussoptlmalparametersconcernlngthevirusinftction,WeCarryOut

SOmeSimulationsconcern1ngaSmallviruspopulationsize･Figure4･16showsthecomparison

Ofsimulationresultsinthecaseof60hostindividuals.TheVEGAattainsthebest色tness

ValuewhentheviruSPOPulationsizeandthemaximalinftctionrateare6andO･1,reSPeCtively･
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F血どjlj･

Figure4･16Comparisonofsimulationresultsconcern1ngSmallviruspopulationsize

(hostpopulationsize=60)

ThesesimulationresultsindicatethattheVEGAattainsthebestsolutionwhenthehost

POPulationsizeandmaximalinfectionrateareaboutlO%ofhostpopulationsizeandabout

O･1,reSPeCtively･Thereasonwouldbeasbllows･Whenthemaximalinftctionrateishigh,a

Virusindividualinftctstoalmosthostindividuals･Asaresult,ageneticdiversltylacksinthe

hostpopulation･Tothecontrary,Whenthemaxirnalinfectionrateisverylow,aVirus

individualcannotquicklypropagateefftctiveschematainthehostpopulation･Consequently,

theviruSinftctionissimi1artOCrOSSOVerOPeratOrandselectionoperation.

4･5･2ApplicationtoTravelingSalesmanproblern

4･5･2･1TravelingSalesmanproblem

Atravelingsalesmanproblem(TSP)isalsowell-knownasanNP-hardproblem･IntheTSP,

atravelingsalesmanmustvisiteachofncitiesexactlyonceinordertominimizeatotalcost

Ofthetravel･HereweapplytheVEGAtoaplaneTSPwith25cities,and3dimensional

latticeTSPswith27citiesand64cities･TheoqectiveoftheTSPistominimizethelengthof

arOundtour･Thesequenceofaroundtourisrepresentedbyvariousways[79～82].Herean

explicitlistofcitiesisused･Therefbre,thetravelingsalesmanproblemcanbetransfbrmed

intothepermutationoptimizationproblemwhichhas(N-1)!′2possiblesolutions払rNcities.

Theapplicationofgeneticalgorithmstothetravelingsalesmanproblemisshownasfbllows.

Therepresentationofatourisdennedasalistofcities･Consequently,thegenotypeis
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de丘nedasthepositivenumberbetweenlandN.Thelocus(POSition)onthechromosome

(String)representsthetravelingorderinatour,thatis,thenumberionthestringdenotesthe

Cltynumber･AndtheoverlapplngOfthesamenumberisprohibitiononthestrlng･In

addition,thetourisclosedbyreturn1ngfromthelastcityonthestrlngtOthenrstone.For

example,COnSiderthatwesoIveaTSPwith5citiesfromthenumberlto5asfollows,

12345

Thispermutationisthesameasareverseorderasfb1lows:

54321

Asmentionedinchapter2,ifweapplyone-POlntCrOSSOVertOtheTSP,thecrossovermay

CreatemeanlnglessstrlngSWhichhaveoverlapplnggeneS･Consequently,theoverlapplngOf

thesamenumberisprohibitiononthestnng･Therefore,WeaPPlycyclecrossoverandpartial

matchedcrossover(PMX)･Asmutationoperators,WeuSeaneXChangingmutationandan

inversion･Theexchanglngmutationexchangestworandomlyselectedgenes･Andtheinversion

reversestheorderofasubstnngofarandomlyselectedstrlng･

4･5･2･2SimulationResultsofTraveIingSalesmanProblem

WecomparesimulationresultsoftheTSPamongtheSSGA,VEGAandstandardGA(SGA)

Whichisutilizedaroulettewheelselection.Asselectionschemes,theVEGAandSSGAuse

`deleteleast丘tness'[71],namely,theindividualwiththeleast丘tnessvalueisremovedfrom

thepopulation･However,theVEGAandSSGAremovetheindividualwiththehighest

ntnessvaluefromthepopulation,SincetheTSPisaminimizationproblem･

First,WeShowthesimulationresultsof25citiesplaneTSP(Figure4.17).Thepopulation

SizesofthesimulationsarelOO･ThecrossoverprobabilityisO･8andthemutationprobability

isO■001pergene･TheviruspopulationsizeislO.Themaximalinftctionrateandinitial

inftctionrateareO･1andO･05,reSPeCtively･Figure4･18showsanexampleofthereverse

transcnptlOnWhichperねrmslikePMX.
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Figure4･17TypICalsolutionofplaneTSPwith25cities

Host:

2竿31~-24⊥3皇
VinlS: 41

Figure4･18ReversetranscnptlOnfbrTSP

Figure4･19andTable4･3showatypICalresultandtheaverageof20trialsoftheplaneTSP

and,reSPeCtively･Inearlygeneration,theVEGAislatesttoreducethefitnessvalue,forthere

arelittleefftctiveviruswhenavirusindividualinftctstoahostindividual.Thereasonisthat

avirusindividualcannottransduceeffectiveschemata,Sincethehostpopulationhavelittle

efftctiveschemata･Inthelastgeneration,theVEGAreducesthentnessvaluewithouttrapplng

tolocalminima,SincetheviruSPOPulationcantranSmitefftctiveschematainthehostpopulation.

Ontheaverage,theVEGAobtainsbettersolutionsthanothers･Furthermore,WeCOmPared

theaverageofcomputationaltimerequiredforfu1n11ingtheaspirationlevel(Table4.3).

ThesevaluesofthelowestrowinTable4･3arenormalizedbydenningtheaverageofthe

COmPutationaltimeoftheVEGAasthevaluel･0･Thesmallerthevalueis,themorequickly

thegeneticalgorithmfu1nllstheasplrationlevel･TheVEGAissuperiortoothersinthe

COmParisonoftheaverageofcomputationaltime.
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Figure4･19TypICalsimulationresultofplanelatticeTSPwith25cities

Table4･3SimulationresultsofplaneTSP

SGA SSGA VEGA

Min_length 614 614 610

MeanJength 954 854 683

MaxJength 1288 1020 749

Time 2.2 1.9 1.0

Next,WeaPPlygeneticalgorithmstothe3dimensionallatticeTSPwith27cities(Figure4.20)

anditsoptlma11engthis700･Here,WeCOmParethevirusinfectionoperatorwithother

geneticoperators･Figure4･21showssimulationresultsofthecyclecrossover,PMX,inversion,

exchanglngmutation,andVEGA･VEGAperfbrmsonlythevirusinfectionoperatorsinthis

Simulation･Inthesimulationofthecrossover,theexchanglngmutationisalsousedbecause

thegeneticalgorithmwithonlycrossoverconvergestolocaloptlmaSOOn･Fitnessvaluesin

Figure4･21aretheaverageof50trials･TheVEGAattainsglobaloptlmaina11trails.The

introductionofthevirusinftctionimprovesthesearchingabilityofgeneticalgorithms,Since

theviruspopulationpossessesschematalikesubtoursintheTSP･Furthermore,Figure4.21

indicatesthattheinversionisausefuloperatorfbrsoIvingtheTSPandcanperfbrmthelocal

SearChefftctively.
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Figure4･20TypICalsolutionsof3D-1atticeTSPwith27cities

F抽lど∫∫
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Figure4.21Simulationresultsof3D-latticeTSPwith27cities

4･5･2･3CoevolutionofHostandVirusPopulation

TheabovesimulationresultsshowthattheVEGAattainstheoptlmalsolutions.Wediscuss

WhetherVEGAtransmitseffectiveschemataornotbyapplyingtotheplaneTSPwith25

Cities･Figure4･22showstheevolutionarytransitionsofthehostindividualwiththehighest

htnessvalueandFigure4･23showsthatofthevirusindividualwiththehighestlifeforce.In

theearlygeneration(a),thevirusindividualdoesnotpossessanyschematatoseemtobe

efftctive･Then,thevirusindividualbeglnStObeasubstnngofthehostindividuallikean

efftctiveschema･Theviruspossessesalongerlengthsubstrlnggenerationbygeneration,and

atlast(d),theviruSindividualpossessesthealmostoptimalsolution.
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Figure4･22Evolutionarytransitionsofthehostindividual

(d)

Figure4･23Evolutionarytransitionsofthevirusindividual
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Thehostindividualincludesasubtoursimilartothevirusindividualateachgeneration.This

factshowsthatthehostpopulationandtheviruspopulationhavecoevoIved,Sincethevirus

individualstransducefromthehostindividualsandhorizonta11ypropagatetheirsubstrlngS

intohostindividuals.

4･5･3ApplicationtoFunctionOptimizationProblem

Functionoptlmizationproblemshavebeeno鮎nappliedasbenchmarktestsforgenetic

algorithms[12,66,83]･Inthissubsection,WeaPPlytheVEGAtotwocasesoffunction

OPtlmizationproblems･Caselisasfbllows:

f(x,y)=X2+2y2-0･3cos(37tr)-0･4cos(47y)+0.7
(4.12)

Where-1･0≦x,y≦1･0･Thisfunctionishighlymultimodal･Theaimofthisproblemisto

minimizetheoqectivefunction･Theglobalminimumisatx=0,y=0,Whichproducesj(x,y)=0.

Figure4･24showstheshapeofthisohjectivefuncti｡n.

Figure4･243D-SPaCeCharacterizedbyobjectivefunctionf(x,y)

(Thenegativeoff(x,y)isdepicted.)

Weusethebinarycodeastherepresentationofgenotype･AstnnglnCludestwovariablesin

thisobjectivefunction･Decodingthestring,WeObtaintwointegernumbers,andsubstitutlng

thenumbersintotheXoffbllowingeq･(4･13),WeObtaintwovariables.
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Z=

ズーZ

Z (4.13)

ZdenoteshalfthevalueofthemaximalintegerofXrepresentedbythebinarycode.A

unifbrmcrossoverandabitmutationareusedasgeneticoperators･

Figure4･25andFigure4･26showthesimulationresultsofCaseloftheSSGAandVEGA,

respectively･Thefitnessvalueineach員gureistheaverageof50trials･Theconvergenceof

theVEGAisfasterthanthatoftheSSGA,Onthewhole･Table4･4showstheaverageof

丘tnessvaluesobtainedaRerlOOOOevaluations･SinceCaseliseasytosoIve,WeaPPlytoa

moredifBcultfunctionasCase2,

如)=5A+∑(叫-Acos(2花芳′))
J=1

(4.14)

Table4.5showstheaverageofBtnessvaluesaf[er20000evaluationsof50trials.Whenthe

hostpopulationsizeislOO,theVEGAattainsthebestvalueinthesesimulationresults.

Figure4･27showsthecomparisonofsimulationresultsconcernlngViruspopulationsize.

Whentheviruspopulationsizeandthemaximalinfectionrateare10andO･1,reSPeCtively,

theVEGAattainsthebest丘tnessvalue.

5000 10000

gv(7JIJ〟fわ〃∫

Figure4･25SimulationresultsofCasel(SSGA)
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Figure4･26SimulationresultsofCasel(VEGA)

Table4･4AverageofntnessvalueaRerlOOOOevaluationsinCasel

Hostpop･Size 20 60 80 100 120 160

SSGA l･00e-43.06e-73.42e-73.59e-74.04e-73.42e-7

VEGA 8･12e-54･24e-72.44e-72.12e-72.28e-73.23e-7

Table4･5Averageof丘tnessvalueafter20000evaluationsinCase2

Hostpop･Size 20 60 80 100 120 160

SSGA 3･71e-53･74e-54.46e-53.89e-53.72e-54.99e-5

VEGA 4･38e-53.70e-53,41e-52.65e-53.65e-51.51e-4

Figure4･27Comparisonofsimulationresultsconcern1ngViruSPOPulationsizeinCase2
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Ingeneral,itisknownthatonepolntOrmulti-POlntCrOSSOVerisnotefftctiveinnumerical

OPtlmizationproblems･Therefbre,advancedgeneticoperatorssuchasunifbrrnintermediate

CrOSSOVerandself-adaptlVemutationhavebeenproposedforsoIvingnumericaloptlmization

PrOblems･Ingeneral,eVOlutionaryprograInmlngOutPerfbrmstogeneticalgorithrnSinnumerical

OPtlmizationproblems,butevolutionaryprogrammlngdoesnotusecrossoveroperators･

ThereR)re,WeCOmParegeneticalgorithms皐ntroducedself-adaptlVemutationwithevolutionary

PrOgramlng･Evolutionaryalgorithmsarebasedontheconceptofspeciesandevolutionary

OPeratOrSWOrkonthephenotypeofindividuals,Whichisrepresentedbyrealnumber,integer,

andsoon･Themainoperatorofevolutionaryalgorithmsismutation･Oneofmutationoperators

isself-adaptivemutationasfbllows,

彗.乃,′=彗,′+Ⅳ(0,dfX
βJ〃e∫∫

maxノ王加e∫∫
+わ) (4.15)

Ontheotherhand,aSmentionedinthesection4･4,WePrOPOSeaVirus-eVOlutionaryalgorithm

(VEA)･TheVEAiscomposedofselfqadaptivemutation,tOurnamentSelectionandvirus

inftctionoperators.

Hereweapplyevolutionaryalgorithmstotwocasesofnumericalminimizationproblemsas

bllows.

β加e∫∫=0･1〝巨+∑(ズ′2+0･1cos(3花芳∫))
J=1

β肋錯∫=0･1∽+∑(ズ′-ズ′十1)2･0･1∑cos(3和っ′十1))
J=1 f=1

(4.16)

(4.17)

Wheremisproblemsize(m=50inthiscase)･Ineq･(4･16),thereisnoassociationamong

Variablesandeq･(4･16)iseasytosoIve･Tothecontrary,eq･(4･17)hasassociationamong

Variables.

Theindividualisrepresentedasvariables,thatis,eaChindividualhasmvariables.The

OqeCtiveistominimize丘tnessvalue･Figure4.28andFigure4.29showsimulationresultsof

eq･(4･16)andeq･(4･17),reSPeCtively･Fitnessvalueineach丘guredenotestheaverageof30

trials･EP-Cinthese員guresdenotestheevolutionaryalgorithmwithelitistcrossover.Inthe
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elitistcrossover,anindividualselectsamatlngindividualbyuslngrOulettewheelselection.

IntheEP-C,Self-adaptlVemutationisperfbrmedaf[ertheelitistcrossover･FromFigure4.28,

EP-Coutperfbrmstoothersbecausegoodindividualshaveindependentandgoodvariables

andelitistcrossovercangenerategoodindividuals･Theseresultsindicatethattheelitist

CrOSSOVerCaninheritgoodgeneticinhrmationfromparentsfortheself-adaptlVemutation.

FromFigure4･29,theVEAoutperfbrmstoothers･TheconvergencespeedoftheEP_Cisthe

fhstestintheearlygeneration,buttheVEAattainsthebestsolutionatthelastgeneration.The

reasonisthattheperR)rmanCeOftheEP-Cdependsontheelitistcrossover,theelitist

CrOSSOVerdoesnotsuccessfu11yworkonthepopulationatthelastgenerationsincethe

POPulationinthelastgenerationconvergetolocalsolutionsandastheresult,theelitist･

CrOSSOVerreSultsinfailure･Tothecontrary,VEAcancontrolvirusinftctionrateandtherebre

thevirusinftctionrateisverysma11inthelastgeneration.

F血β∫∫

30000

gv(7ん上のわ〃∫

Figure4･28Simulationresultsofeq･(4.16)

爪J〃ejI∫

■VEA

国EP_C

臼EP

30000

Figure4･29Simulationresultsofeq･(4.17)
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4･6EvolutionaryTransitionofVirusEvolutionaryGeneticAlgorithm

TheprevioussectionshowedtheefftctivenessoftheVEGAbyapplyingconventionaland

traditionaloptlmizationproblems･Ingeneral,theperformanceofalgorithmsdependsonthe

relationamongcodingdesign,geneticoperators,Selectionscheme,andcontroIparameters.

Especially,thecodingdesignhasaverycloserelationwiththegeneticoperators.However,it

isdifnculttodiscusstheseelementssirnultaneously･Whenconsideringthebehaviorofgenetic

algorithms,WeOftenuseMarkovchainanalysis[58～62].Markovchaincancompletely

modelthebehaviorofageneticalgorithmwhenthesizeoftheoptlmizationproblemis

COmParativelysmall,butitisphysica11yimpossibletomodelreallargeproblemsandalso

impossibletodescribeallevolutionarytransitionsofthelargeproblems･Otherapproaches

aretoanalyzethentnesscorrelationcoefficientofageneticoperator[62]andtodiscussthe

PrObabilityofimprovementbygeneticoperators[61].Theseapproachesarecomparatively

Simple,buttheexperimentalresultsareveryefftctiveforevaluatlngtheperformanceof

geneticoperators･Inthissection,Wediscusstheevolutionarytransitionbygeneticoperators

basedontheseapproaches.

4･6･1MarkovChainAnalysISandFitnessLandscapeAnalysis

MarkovchainanalysISisverylmPOrtantbecauseitsresultsoftenindicategoodtheories.A

finiteMarkovchainis
characterizedbyaBnitesetofstates and amatrix oftransition

PrObabilitiesfromstateitostatej[5].Letp(t)beapopulationofcandidatesolutionsattime

StePt･WecandescribethebehaviorofaGAasthefbllowingstatetransitionfromp(t)to

ク(什1),

p(け1)=∫(g(p(り)) (4.18)

Wheres(●)andg(.)areintermediatetransitionmatricesoftheselectionoperationsandgenetic

OPeratOrS,reSPeCtively(Figure4･30)･Thegeneticoperatorsexplorethesearchspacegenerated

bya11thepopulation,Whiletheselectionoperationsexploitthesearchspaceforgeneratlng

newcandidatesolutions･However,WeCannOtdescribeallevolutionarytransitionsinthecase

Ofthelargenumberoftheproblemsize･Inthissection,Wethereforefocusonhowmuch

improvement,i･e･thedifferencebetween丘tnessvaluesofparentsandtheirchildren,4差and

theprobabilityofimprovementbygeneticoperators,P(4f>0).
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Figure4･30Evolutionarystatetransitionofpopulationbygeneticoperatorsandselection

(p(t)‥POPulationatgenerationt,g(･)‥geneticoperators,S(･):Selectionoperations)

Ontheotherhand,Manderick[62]discussedantnesslandscapeanalysisbythefbllowing

COrrelationcoe伍cientofgeneticoperators,

P(鵜,動)=
C(動,動)

ぴ(動)げ(動)
(4.19)

Wherejiらand動isntnessvaluesofparentanditschild,C(鵜,動)isthecovariance

betweenthevaluesjitpandjiら,andu(jitp)andu(動)arethestandarddeviationsofthe

Valuesjiらand動･Thisanalysisdemonstratestherelationbetweenthefitnessvaluesof

ParentSandchildrenbygeneticoperators･However,theselectionisnotconsideredin

Manderick,sanalysIS,buttheselectionlimitsthesearchspace･Infact,aPOPulationevoIved

byasetofgeneticoperations,isdifftrentfromapopulationevoIvedbyanothersetofgenetic

OPerationsbecauseofthedifftrenceinthegenerationmethodofcandidatesolutions.A

POPulation,ingeneral,eVOIvesthroughtheinteractionoftheselectionandgeneticoperators.

Inthissection,Wediscussevolutionarytransitionsconcern1ngntneSSValuesbygeneticoperators

COnSideringtheroleofselection･ThecomponentindividualsofthepopulationevoIvedby

geneticoperationsaredifferentfromrandomgeneratedindividualsandapopulationvaries

fromgenerationtogeneration･Therefore,aPhaseofevolutionofapopulation(evolutionary

Phase)isrepresentedusingaveragentnessvalueofthecomponentindividuals･Consequently,

WeeValuategeneticoperatorsonthepopulationwithaveragentnessvalue,AveJit(X),Which

isevoIvedbyasetofpaniculargeneticoperations･Herexisdennedasanevolutionaryphase

number･Theprocedureofsimulationconcern1ngntneSSValueisasfbllows.
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SteplInitialization:generaterandomlyinitialpopulation,P(0),andinitializeevolutionary

Phasenumber;X=0.

Step2Evolution:makep(X)evoIvewithasetofgeneticoperations;G,untiltheaverage

ntnessvalueofp(x)isAveJit(x).

Step3Evaluation‥Perfbrmeachgenetipoperatortotheindividualsofp(x),andevaluate

theimprovementfr0rnitsparentslOOOOtimes.

Step4ズ=ズ+1.

Step5gotostep2.

Instep3,thegeneratedchildrenarenotreplacedwiththeirparentshereinordertokeepthe

SimulationconditionofapopulationevoIvedbyparticulargeneticoperations･Inthisway,a

POPulationgraduallyevoIvesbyasetofgeneticoperationsandweevaluategeneticoperators

Onthelimitedsearchspaceofthepopulation･

4･6･2EvolutionaryTransitioninKnapsackProblem

Thissubsectiondiscussestheperformanceofgeneticoperatorsfortheknapsackproblemin

theprevioussection･Thesetsofgeneticoperations,G,areaSfbllows,

Gl:SSGA(bitmutation)

G2:SSGA(unifbrmcrossover+bitmutation)

G3:VEGA(Virusinftction+uniformcrossover)

ThepopulationsizeislOOandAveP(x)=†1100,1200,･･･,1700).Figures4.31～4.33show

Simulationresultsofeach50runsoftheaboveexperimentsbyinitializingapopulation.We

COmPareSimulationresultsof(uniform)crossover,(bit)mutationandvirusinftction.Pi"P,･｡.P

denotestheprobabilityofimprovlngntneSSValuesofrandomlyselectedparentsin500000

trials(10000times*50runs)･物rovementdenotestheaverageofimprovementwhenntness

Valueisimprovedbyageneticoperator･Expectedimprovementdenotestheproductof

andhTPrOVement･Herewedon-tconsidernegativeimprovementbecausewebasicallyusethe

SSGAwhicheliminatestheworstindividuals･Correlationcoq#icientistheaverageof

COrrelationcoemcientscalculatedbyeq.(4.19).
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Figure4･33ResultsagalnSt

thepopulationevoIvedbyG3

Fromthesimulationresultonthewhole,thevalueofeachindexinthese丘guresdecreasesas

theaverageoffitnessvaluesofthepopulation(evolutionaryphasenumber)increases.Thisis

ClearbecausethestatetranSitionprobabilityofanindividualtobadoneis,ingeneral,higher

inthecaseofthepopulationwiththehigheraverageofntnessvaluesduetothestochastic

SearCh･However,itisdesirablethatthePi"PIVll(･bygeneticoperatorsishigheveninthecaseof

goodindividuals･ThesimulationresultsconcernlngPi"PIVl,eindicatethatthevirusinftction

SuCCeedswelltoimprovethentnessvaluesofcandidatesolutionswithhigherprobability

thanothers,Sincethesuccessfulviruseshavehighvirusinftctionrateandoverwritestheir

efftctivesubstringsonthestrlngSOfcandidatesolutions･Next,fromthesimulationresults
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COnCern1ngI77PrOVem瑚theimprovementbythecrossoverinthepopulationevoIvedbyG3

ismorethanothers,Sincethevirusinfectionincreasesefftctiveschematainthepopulation

andthecrossovercombinestheseschemata･Inaddition,Pi"P]･m,eandIn7I"OVementOfcrossover

arebetterthanthoseofrnutationina11cases･Thisreasonisinferredfromthebuildingblock

hypothesis[12],andthecrossovergeneratesnewcandidatesolutionsbasedongenetic

informationbetweenindividuals,nOtrandomexchanglng･Ontheotherhand,WeCOuldnot

ObtainthegoodresultsconcemingCorrelationcoqqicient･Thisisprobablyduetothedesign

Ofntnessfunction,eSpeCia11y,thedesignofpenaltywhentheconstraintisnotsatis丘ed.Inthe

knapsackproblem,muChpenaltyisglVentOaCandidatesolutionwhichdoesnotsatisfythe

COnStraints,andthereforethecorrelationbetween丘tnessvaluesisweak.Thiscorrelationis

VerylmPOrtantfbrGAs,butthedesignof丘tnessfunctionforconstraintsisoutofscopein

thissimulation.

4･6･3EvolutionaryTransitioninTravelingSalesmanProblem

ThissubsectiondiscussestheperformanceofgeneticoperatorsfbrtheTSPintheprevious

SeCtion･SincetheTSPisapermutationoptlmizationproblem,geneticoperatorsmustgenerate

ftasiblecandidatesolutions･Thesetsofgeneticoperations,G,fortheTSParedefinedas

わ1lows,

G4:SSGA(exchangingmutation)

G5:SSGA(cyclecrossover+PMX)

G6:VEGA(Virusinftction)

AndthepopulationsizeislOOandAveJit(カ=(2800,2600,･･･,1800).Weusearoundtour

lengthasntnessvalueinthissimulation.

Figures4･34～4･36showsimulationresultsofeach50runsoftheaboveexperirnentSby

initializingapopulation･Wecomparesimulationresultsofgeneticoperators;CyClecrossover,

PMX,inversion,eXChanglngmutation,andvirusinfection･Theindicesinthefiguresare

thoseofFigures4･31～4･33･FromthesimulationresultsconcernlngPl17PrOVe,theimprovlng

PrObabilityofvirusinfectionisonlyhigherthanO･5atnrst,andsucceedstoimproventness

Valueswithhighprobability･Inaddition,theimprovlngPrObabilityoftheexchanglngmutation

isthelowestintheallcasessincetheexchanglngmutationiseasytobreaksubtoursinthe

TSP･InthepopulationevoIvedbyG5,thecyclecrossoverandPMXsucceedtoimprove
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ntnessvaluewithhighprobabilitythroughallevolutionaryphasesandthisresultindicates

thatthepopulationevoIvedwithcrossoveroperatorsisrobusttocrossoveroperators･This

reasonisalsoinferredfromthebuildingblockhypothesis[12]andthecrossovergenerates

newcandidatesolutionsbasedonthesubtoursbetweenindividuals･InthepopulationevoIved

byG6,hT甲rOVementOfthecrossoveroperatorsarehigherthanthoseofG4andG5,andthis

resultindicatesthatthepopulationevolvedbythevirusinftctionhasmanyefftctiveschemata

andsuccessfu1crossoveroperatorscaneasilyobtainhighimprovement･

P/J′甲和一′e

2800

ノ加グmVビ肌g/7/

AvビJ7J(X)
1800

且甲ピCJed血甲r(フVeme/〟

300

200

100

0

Avピノ叛X)
1800

■cycle

臼PMX
【コinversiorl

【コn川taliol1

月infection

■cycle

臼PMX

ElirlVerSioll
ロInlulation

8iIl良c【ioll

tcycle

日PM天

日inversion
lヨIIH山ation

nil血ctio11

P函甲rOVビ

2800
AvどJ汀回1800

ム/甲rOVe/77g〃J

300

200

100

0

且甲e(了e(‖J岬7`クVど用eJ〃

300

200

100

0

■cyck

ロPMX

ロ主nver5ion

ロmuta【ion
月Iinree【ioll

■cycIe
色PMX

lコ血vcrsiol】

tコ111山alion

ロinf∝l氾n

■cycle

8PMX

tヨim′er5i皿
⊂】muta【io11

binreclion

ク///甲J℃Vど

2800

血卯肌■e/〃g/〃

300

200

100

0

AveJぎJ(X)
1800

2800
Ave_♪J(X)

且甲eCJど♂血甲7`0ソどJ〃錯J

300

200

100

0

1800

AveJ亨J(X)
1800

■cycle

lヨI)MX

口inversion

E】nlulalion

8inrecti()爪

■cycIe

lヨPMX
■】inver5ion

8nlutation

巧inrectio爪

tcyぐ1e

臼pMX

8inv耶ion

E】mulation

lコillreCtion

Figure4･34ResultsagalnSt Figure4･35ResultsagalnSt Figure4･36ResultsagalnSt

POPulationevoIvedbyCaselpopulationevoIvedbyCase2populationevoIvedbyCase3

Inthissimulation,aPOPulationevoIveswithaslngletypeofoperator,andthereforea

POPulationareeasilytrappedtolocalminima･Next,WeCOnductexperimentsbyuslngthe

fbllowlngSetSOfgeneticoperators,
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G7:SSGA(inversion+eXChangingmutation)

G8:SSGA(CyClecrossover+PMX+inversion+exchangingmutation)

G9:VEGA(Virusinfection+CyClecrossover+PMX)

EachsetofgeneticoperatorsisoftenusedわrsoIvingtheTSP･AndthepopulationsizeislOO

andAveJ弼ズ)=(3000,2600,…,1000).
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Figure4･37ResultsagalnSt Figure4･38ResultsagalnSt Figure4･39ResultsagalnSt

POPulationevoIvedbyG7 POPulationevoIvedbyG7 POPulationevoIvedbyG7

Figures4･37～4･39showsimulationresultsofeach50runSOftheaboveexperimentsby

initializingapopulation･ThetendenciesofG7～G9arerelativelysimilartothoseofG4～G6,

respectively･ThisindicatesthatthepopulationevoIvedbymulti-OPeratOrSalsoinheritsthe

fundamentalftatureofthemaingeneticoperator･InthepopulationevoIvedbyG9,the

COrrelationcoefncientsoftheinversionthroughallevolutionaryphasesarerelativelyhigh･
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Thereasonwouldbeasfollows･Thepopulationincludesmanyindividualswhichcanbe

improvedbytheinversionsinceG6doesnotincludetheinversion･Infact,WeaPPlythe

VEGAwithinversiontotheTSP,andFigure4.40showsthesimulationresultoftheVEGA

Withinversion(VEGA*inFigure4.40).Thissimulationresultindicatesthattheintr｡ducti｡n

Oftheinversioncausestheimprovementoftheperformance.FurthermOre,thecorrelation

COefncientsofthemutationandinversionarerelativelyhighatnrst･Thisisduetothedesign

Ofntnessfunctionandsmallchangebythemutationandinversionasthelocalsearch.The

mutationandinversiongeneratenewindividualsaslocalsearchesandthedistanceconcern1ng

genotypebetweenparentsandchildreniscomparativelyshort.Ontheotherhand,thecrossover

CangenerateftasiblechildrenwhichpartiallyinheritthestlngSOftheirparentsastheglobal

SearCh,butitispossiblethatthecrossovermaygeneratechildrenfhrawayfromtheirparents.

Consequently,thecorrelationcoemcientsofcrossoveroperatorsconcernlngntneSSValues

Canbelow.

ダJ加ビ∫∫

gv(コJ〟〟JわJ了∫

llIllVerS血】

laVEGA

田VEGA*

100000

Figure4.40SimulationresultsofVEGAwithinversion

Toconclude,thevirusinftctionhascomparativelyhighprobabilityfbrimprovlngfitness

ValueatevolutionaryphasesofpopulationsevoIvedwithanygeneticoperatorsandits

improvementisalsocomparativelyhigh･Thisindicatesthatthevirusinftctionoperatorscan

generateeffectiveschemataandpropagatethemwell.Furthermore,thesesimulationresults

indicatethatparticulargeneticoperatorsglVeaPOPulationtheirpeculiarpotentialityof

generatlngCandidatesolutions,thatis,geneticoperatorsdeterminethedirectionofevolution.

Inaddition,theperfbrmanceofageneticoperatordependsontheevolutionaryphaseofa

POPulation･However,thesesimulationresultsindicatethatageneticoperatorcanimprove

ntnessvaluesofindividualseffectively,butdonotindicatethatthegeneticoperatorcan

generateoptlmalsolutions･Infact,theGAshaveselectionoperationwhichselectsindividuals

fromthecurrentpopulationaccordingtofitnessvalues,andgeneticoperatorsgeneratenew
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individualsfromtheselectedindividuals･Consequently,theselectionpressureandgenerational

modelalsoinnuencetheperfbrmanceoftheGA･Thebehaviorofanyevolutionarycomputation

CannOtbeanticipatedbyanalyzingitscomponents[61].

4･7Summary

Thischapterproposestwotypesofevolutionaryoptlmizationmethodsbasedonvirustheory

Ofevolution;Virusevolutionarygeneticalgorithm(VEGA)andvirusevolutionaryalgorithm

(VEA)･Furthermore,thischapterdiscusstheroleofvirusinftctionintheVEGA.TheVEGA

hastwoftaturesofhorizontalpropagationandverticalinheritanceofgeneticinformation.

TheessentialoftheVEGAliesinthevirusinfectionoperatorswhichperfbrmacomplex

hill-Climbingsearchinthelongrun･ThereversetranscrlPtlOnplaystheroleofacrossover

andaselectionsimultaneously･TheVEGAsearchesthesolutionspacewithreversetranscnptlOn

OPeratOrbygeneratlngneWCandidatesolutionswithoverwrltlnghostindividualspartia11y･

Thevirusinfectionissimilartoaproportionalselectionschemesinceavirusindividual

PerfbrmsthereversetranscnptlOnWiththefrequencyofvirusinfectionrate.However,the

VEGAdifftrsfromothergeneticalgorithmsinthegenerationofnewindividuals.Thereverse

transcnptlOndirectlygeneratesacandidatesolutionwithoverwrltlngltSSubstrlngOnhost

individuals,thoughacrossovergeneratesnewcandidatesolutionswithrandomlycombining

SubstrlngSinastandardgeneticalgorithm･Therefbre,theVEGAcangeneratenewcandidate

SOlutionswithadirectionalityinthesearch.

TheVEGAsimulatescoevolutionofaviruspopulationandahostpopulation･Avirus

individualevoIvesbytransduclngfromtheinftctedhostpopulation･There丘)re,thebest

ParameterSCOnCern1ngViruSinftctionoperatorsexistandtheconvergenceofthehostpopulation

dependsonthefrequencyofthevirusinftctionoperators･

Furthermore,WediscussevolutionarytransitionsbythevirusinfectionintheVEGA.The

SimulationresultsindicatetwopolntS･The凸rstoneisthatgeneticoperatorsdeterminethe

directionofevolution,eSPeCially,aPOPulationevoIvedwithcrossoveroperatorsisrobustto

CrOSSOVerOPeratOrS･Inaddition,theperformanceofageneticoperatordependsonthe

evolutionaryphaseofapopulation･Theotheristhatvirusinftctionoperatorscangenerate

effectiveschemataandpropagatethemtoapopulationevoIvedwithanygeneticoperators.

However,thesesimulationresultsdonotindicatethatgeneticoperatorscangenerateoptlmal

SOlutions.
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OptlmizationProblems
●

Evolutionaryoptlmizationmethodshavebeensuccessfullyappliedtovariousfieldsof

englneerlngSuChasrobotics,manufacturlngSyStemandmechatronics.The
roles ofthe

evolutionaryoptlmizationmethodsinenglneenngareasfollows.

1.Designofhardwareandsoftware.

2･TuningofcontroIparameters

3･ModelingandplannlnglnSOftwarelevel

ThedesignandparametertunlngaretOdeterminetheperformanceofhardwareandsof[ware,

andthemodelinglStObuildamodelbasedontheresultsofthecause-effbctanalysISOfthe

PrOblem,andtheplannlnglStOdeterminehowtoperformaglVentaSkandtosoIvea

problem.

ThischapterappliesevolutionaryoptlmizationmethodstosomeenglneerlngOPtlmization

PrOblems･First,WePreSenttrqiectoryplannlngforredundantmanlPulators.TheforrnOfthe

recon丘gurableredundantrnanlPulatorisdynamicallyrecon丘guredaccordingtoitsenvironment

andglVentaSks･Virus-eVOlutionarygeneticalgorithm;VEGA,isappliedtoatrqectory

PlannlngPrOblembasedonlyonforwardkinematics･Thesimulationresultsoftrqectory

PlannlngShowthattheVEGAcangenerateaco11ision-freetrqectory･Second,WePreSenta

Pa11etallocationproblemasanexampleofself10rganizlngmanufacturlngSyStemS,inthata

PrOCeSSefftctivelyself-Organizesaccordingtootherprocesses.Thesimulationresultsshow

theeffectivenessoftheproposedproblemFinally,WePreSentaSelf-tunlngfuzzycontroller

asanexampleofahybridmethodwithothersoftcomputlng･TheVEGAisappliedtothe

tunlngOffuzzycontrollerwithradialbasisfunctionbraCart-Polesystem.

5･1ApplicationtoTr往一eCtOryPlannlngfbrRedundantManlPulator

Recently,rObotshavebeenseeninvariousfields･Ingeneral,rObotscanbedividedinto

mobilerobotsandarmrobots(robotmanipulator).Themainaimofthern｡biler｡b｡tist｡
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Carrymaterials,prOducts,tOOIsandothers,WhiletheaimoftherobotmanlPulatoristohandle

them･Lately,themobilerobotswithrnanlPulatorshavebeendevelopedfbrimprovlngthe

Perfbrmanceandflexibility.

Arobotreceivesataskfromahumanoperatorandperformsthetaskintheworkspace

includingalotofobstaclessuchashumanbodies,maChiningcentersandotherrobots.The

robot should therefore takeinto account the collision avoidance with these obstacles.

Furthermore,therobotshouldautomatical1ygenerateitsmotionforperformlngthetask

Withouthumanassistance･Consequently,theproblemsforperformlngglVentaSksare

fundamentallypathplannlngPrOblems,trqeCtOryPlannlngPrOblemsandtaskplannlngPrOblems

(Figure5･1)･Herewede血etheseplanningproblemsasfb1lows･Thepathplanningproblem

istogenerateacollision-freepathoftherobotfromaglVenStartlngpOlnttOgOalpolntS,

Whichsatisnesthespatialconstraints･ThetrqectoryplannlngPrOblemistogenerateatrqectory

Oftherobotsatisfyingthetimeconstraints･ThetaskplannlngPrOblemistodecideasequence

OfprlmitivemotioncomrnandsfbrsoIvingaglVentaSk.Infact,eaChdefinitionofthese

PrOblemsisconceptuallydifftrentiatedfr0rnOtherplannlngPrOblemsandthereforeeach

PlannlngPrOblemsharesthesomeelementsofotherplannlngPrOblems･Thissectionfocuses

OntrqjectoryplannlngOfredundantmanlPulatorstoaglVentaSk.

Figure5･1MotionplannlngOfrobotbrperformlngaglVentaSk

Variouskindsofapproachesfbrtrqiectoryplannlngandco11isionavoidanceplannlnghave

beenproposed【84～87]･Lozano-PerezproposedtheV-graPhalgorithmfornndingtheshortest

Pathwhichdoesnotcollidewithanyobstaclesintheworkspaceofarobotmanipulator[84].

Brooksdevelopedamethodhrnndingthefreepassagewayca11ed▼一Freeway一一[85].Recently,

newapproacheshavebeenproposed[87].
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RedundantdegreesoffreedomenableamanlPulatortoperformvariousworkswherea

WOrkspaceincludesanumberofobstacles･However,itisdimculttosoIvecollisionavoidance

PrOblemsinsuchcases･TosoIvetheseproblems,WePrOPOSeahierarchicaltrqectoryplannlng

methodforareconfigurableredundantmanlPulator･Thehierarchicaltrqectoryplannlng

generatessomeintermediatepositionsoftherecon丘gurableredundantrnanlPulator･Combining

theseintermediatepositions,thehierarchicalplannlnggeneratesacollision-freetrqectory･In

thissection,WeqPPlytheVEGAtothetrqiectoryplannlng.

5･l･1Self-OrganlZlngManipulatorSystem

AcellularmanlPulatorsysterniscomposedofalargenumberoftooIsandpartswhichare

Ca11edcells･TheformofacellularmanlPulatorsystemisdynamical1yreconnguredaccording

toitsenvironmentandgiventasks(Figure5･2)･However,itisdimculttogenerateatrqiectory

toachievetheglVentaSkinaworkspaceincludinganumberofobstacles.Ininversekinematics

uslngJacobianmatrix,PrOblemssuchasslngularityavoidancemustbetookintoaccount.

OneoftrqjectoryplannlngrnethodswithoutJacobianisatrqectoryplannlngmethoduslng

geneticalgorithm･ThetrqjectoryplannlnguSeSOnlyaforwardkinematicsconcernlngthe

redundantmanlPulator.

point

Obstacl

rHに㌫至宝
ト｣ ト亡

Jointingcell Ende飴ctercell

HH HH

Bendingcell RevoIvingcell

Figure5･2Recon丘gurationexamPleofcellularmanlPulatorsystem
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5･1･2HierarchicalTrqjectoryPlannlng

ThetrqectoryplannlngPrOblemspartiallyoverlapthepathplannlngPrOblems･Forexample,

atrqjectoryplannlngprOblem丘)rarObotmanlPulatoroftenincludesapathplannlngPrOblem

Oftheend-effectorfromaninitialpositiontoannalposition･Ingeneral,fbrwardkinematics

mapsthejolntanglespaceoftherobotmanlPulatorintotheCartesianspace,Whileinverse

kinematicmqpstheCartesianspaceintoJOlntanglespace･ThetrqjectoryplannlngPrOblemis

tosoIvetheinversekinematicsoftherobotmanlPulator･ItisgenerallydifBculttorepresenta

robotmanipulatorasapointbecauseofsomedegreesoffreedom(DOF),thoughamobile

robotcanberegardedasapolntintheworkspace･Furthermore,thetrdectoryplannlng

PrOblemismoredifficultastheDOFincreases,Sincethenumberofcon員gurationsofthe

robotmanipulatorcorrespondingtoapointintheCartesianworkspaceincreases(Figure5.3).

2DOF

Figure5･3ConfigurationscorrespondingtoapolntintheCartesianspace

Inthissection,WeCOnSidertrqjectoryplannlngandcollisionavoidanceplannlngOfaredundant

manlPulatormadeupofonlyrevoIvingandbendingJOlntSintheworkspacewhichincludes

SOmeStaticobstacles(Figure5･4)･Variousmethodfornndingacollision-freetrqjectoryofa

redundantmanlPulatorhavebeenproposedsofar･Oneofthemisatrqectoryplannlng

methodbyconnectlngCOllision-freeintermediatepositionsofamanlPulatorfromaninitial

POSitiontoa丘nalposition･Ingeneral,theseintermediatepositionsaregeneratedstepbystep･

Andthemethodhasaproblemthatsomedeadlocksmayoccur･AtrqectoryplannlngOfa

redundantmanlPulatoriscloselyrelatedtoitscollisionavoidanceplannlng･Therefore,We

PrOPOSeatrqiectoryplannlngmethodinthecasethatinitialandfinalpositionsareonlyglVen.
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Figure5･4Trqjectoryplannlnglntheworkspaceincludingsomestaticobstacles

lUAU【上UJ召S

Figure5･5Trqjectoryplannlngandcollisionavoidanceplannlng

Weproposeatop-downapproachoftrdectoryplannlngbasedoninitialandnnalpositions

(Figure5･5)･Hereapositionisexpressedbyasetofjointangles.First,theBrstintermediate

POSitionofthemanlPulatorisgeneratedbasedontheinitialandBnalpositionswhichare

glVen･Asanextsearchlevel,thesecondintermediatepositionisgeneratedbasedonthe

initialandthe凸rstintermediatepositions･Theintermediatepositionsintothelowerlevelare

generatedbetweentwopositions,ifthetrqectoryconnectlngthesetwopositionscannot

avoidtheobstacles(Figure5･6)･Inthisway,COllision-freeintermediatepositionsare

hierarchicallygenerated･Last,aPPlyingasplineinterpolationmethodtothejolntanglesof

theseintermediatepositions,WeObtainacollision-freetrqjectory.
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Figure5･6CollisioncheckbetweenmanlPulatorandobstacles

An叩PrOPrlateintermediatepositionfbrthecollisionavoidanceisgeneratedbyVEGAwhich

OPtlmizesaobjectivefunctionbasedonthedistancebetweenthemanlPulatorandobstacles.
TomeasurethedistancebetweenthemanlPulatorandobstacles,WeaPPlytheconceptof

PSeudo-POtential[86]･WeassumethatthewofkspaceisdividedintoN*N*Ncells.Furthermore,

1etusasslgnaPSeudo-POtentialvalueptoeachcelltoevaluateitsclosenesstothe･Obstacles

intheworkspace･Apseudo-POtentialvalueofacellcanonlytakepositiveintegerorzero･

Thecloserthedistancefromtheobstaclesis,thelargerthepseudo-POtentialvalueis.Acell

Withthepseudo-POtentialvaluezeroiscomparativelyfarawayfromobstacles.

WeapplyVEGAtothegenerationofintermediatepositionsofarecon丘gurableredundant

man1Pulator･Asmentionedbeわre,anintermediatepositionishierarchicallygenerated･Assume

twopositions,PAandpBbealreadygenerated･Weconsideragenerationofanintermediate

POSitionpcbetweenpositionpAandpBintoalowerlevel･Thevariablestobeoptlmizedare

JOlntVariablesoftheredundantmanlpulator･Theoqectiveistogenerateatrqectoryrealizing

minimumdistancefromtheinitialpointtothe鮎alpolntandfartherfromtheobstacles.To

achievetheoqective,WeuSethefbllowlngntneSSfunction,

jitness=WIL+w2j;+w3ん+w.maxp｡1-+w5Sump｡, (5.1)

Wherewl,…,W5areWeightcoemcients･The貞rstterm,h,ineq.(5.1)denotesthesumof

SquareSOfthedistancebetweenthemanlPulator･sendofpAandthatofpc,andthedistance

betweenthatofpBandofpc;thatisde丘nedas:
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(5.2)

Wherepx-endistheendofapositionpx･Thesecondtermjbineq.(5.1)denotesthesumof

SquareSOfthedifferencebetweentheeachjolntangleofpAandthatofpc,andthediffbrence

betweenthatofpBandthatofpらthatisde丘nedas:

ム=∑((β｡_∫-β｡_′)2+(∂β_′-∂｡_∫)2)
J=1

(5.3)

Where軋istheLthjointvariableofapositionPx･Thethirdterm,h,ineq.(5.1)denotesthe

SumOftheevaluationfunctionusinganormaldistribution(Figure5･7)tomakeeachjointbe

Withinanavailablerange,Whichisdennedas:

ん=乃-∑旅
J=1

(5.4)

Wherefiistheevaluationvalueofajointi･Toevaluatethedistancebetweenthemanipulator

andtheobstacles,Weintroducedtheconceptofpseudo-POtentialspace,aSmentionedbefbre.

LetustakesomesamplingpolntSOnthemanlPulatortomeasurethedistancebetweenthe

manipulatorandobstacles･Thefourthterm,maho/ineq･(5･1)denotesthemaximumvaluein

thepseudo-POtentialvaluesonthesamplingpolntS･Ifthemax>otisthemaximalpseudo-POtential

Valuep,themanipulatorcollideswithobstacles･Thelastterm,Sumpo(ineq.(5.1)denotesthe

SumOfpseudo-POtentialvaluesonallsamplingpolntS,Whichisde丘nedas:

Sum押=∑抑
J∈∫P

(5.5)

WhereSPisasetofallsamplingpolntSandpotiisthepseudo-POtentialvalueofanelementi

includedinSP･Usingtheseterms,WeSOIvethemulti-OqeCtiveoptlmizationproblemof

COllisionavoidanCe･Therefbre,theouectiveofthetrqjectoryplannlnglStOObtainintermediate

POSitionstominimizethe凸tnessvalue.
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Fi†neSS

l●口
Figure5･7EvaluationfunctionuslngnOrmaldistribution

Figure5･8TherepresentationofjointangleinVEGA

IntermediatepositionsaregeneratedbytheVEGAinthetop-downapproachoftrqectory

Plannlng･ToqpplytheVEGA,Weneedtodeterminethecodingmethodintothestnngspace

firstofall･Eachjointvariableaisrepresentedasbinarycoding(Figure5･8)･Astring

(individual)includesalljointvariables･Decodingthestring,WeObtainanintegernumberxi.

Insertingthexiintoeq･(5･6),WeObtaineachjointangle.

∂′=∂叫+∂仇ヱズ
(5.6)

a"inLiisthelowerboundofthejolntanglea,a･ng_iisthemovablerangeofthei-thjolnt,andX

isthemaximalvalueobtainedbydecodinglntOinteger･Forexample,ifthelengthofabit

StnngPerJOlntVariableislO,thenX=210=1024･Consequently,thisoptlmizationproblem

resultsinaO-lcombinatorialoptlmizationproblem.

Asmentionedbefore,aVirusindividualcantransmitasubstnngbetweenhostindividuals,

thatis,theviruShastwovirusinftctionoperators‥thereversetranscnptlOnandthetranSduction.

Asubstringconsistsofthreecharacters(0,1,*)andisthesamelengthasahostindividual.

Thecharacter`*,denotes`don-tcaremark,･Avirusindividualdoesnotcarryoutthereverse

transcrlPtlOninthesamepositionwherethereis`*,･Inthiscase,thelengthofavirusis

COnStant,buttheorderofavirusisvariable･Figure5･9showsanexampleofthereverse

transcnptlOn･ThereversetranscrlPtionoverwritestheviruS-substrlngOnarandomlyselected

hostindividual･Thetransductionhastwotypesofoperators(Figure5･10)･Oneistocopy
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genesfromahostindividualwithacopyratepergene･Theotheristoreplacesomegenes

Withcharacter'*,withacutratepergene･Ifthevirusimprovesthentnessofhostindividual,

thecopyoperatoriscarriedoutwiththetransductionrate･Ifnot,thereplacementoperatoris

Camiedout･AninitialviruSPOPulationisgeneratedfr0rnahostpopulationuslngthetransduction

OPeratOr.

Host:

†10011~→
11010

l

ReversetranscrlptlOn

Figure5･9ReversetranscrlPtlOnOPeratOr

Virus:*10*0一-■･110*0

†Copy
Virus:*10*0-◆ **0*O

Host:10011 Replacement

(a)CopyoperatOr (b)Replacementoperator

Figure5･10Transductionoperator

Figure5･11Hierarchicaltrqjectoryplannlng

Thetop-downapproachfbrtrqectoryplannlngdoesnotalwaysobtainanoptlmaltrqectory,

Sincethetop-downapproachdoesnothaveanyglobalevaluationfunctionaboutthetrqectory･

Toobtainanoptlmaltrqjectory,WePrOPOSeahierarchicaltrqectoryplannlngmethodwhich

iscomposedoftwolayers:atrqiectorygeneratorandapositiongenerator(Figure5.11).
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ThepositiongeneratorgeneratessomeinterrnediatepositionsoftheredundantmanlPulator

betweentheglVeninitialandnnalpositions･Allintermediatepositionsaregeneratedbased

Ontheirbefbreandaf[erpositionssimultaneouslybyuslngtheintermediatepositiongenerator

inthetop-downapproach･AnintermediatepositionsatisfiedtheasplrationlevelinVEGAis

SenttOthestrlngOnSOmeindividualsofthetrqiectorygenerator.

Thetr叫eCtOrygeneratOrgenerateSaCOllision-freetrdectorycombiningsomeintermediate

POSitionsgeneratedinthepositiongenerator･WealsoapplytheVEGAtothetrqectory

generator･VEGAinthetrqectorygeneratorhasasetofcandidatesolutionsincludingJOlnt

angles･Figure5･12showsadeta-SetStnngfbrintermediatepositionsandasetofjointangles

Ofsomeintermediatepositions･TheVEGAinitiallysetszeroona11deta-SetStrlngS･Each

individualgraduallyevoIvebyreceivlngaSetOfjolntanglesofintermediatepositionfrom

thepositiongenerator･Arnutationoperatorchangesarandomlyselectedgeneonthedeta-Set

StrlngtOO･Avirusindividualhasasubsetofintermediatepositionsandtransmitsamongthe

hostindividuals(Candidatesolutions).

Figure5･12Codinglntr毎ectorygenerator

Theintermediatepositionsofthebestindividualaretheconstraintわrgeneratlnglntermediate

POSitions,thatis,thepositiongeneratorgeneratesotherintermediatepositionsbasedonthe

intermediatepositionsofthebestindividualintrqectorygenerator.Therehre,thehierarchical

trqiectoryplannlngreSultsinaco-OPtlmizationproblemofatrqectoryandintermediate

POSitions.

5.1.3 SimulationResults

Thissectionpresentssomenumericalsimulationofthetrqectoryplannlng･Weconsiderthe

trqjectoryplannlngPrOblemofthreetypesofredundantmanlPulatorsintheworkspacewhere

therearesomeobstacles(Figure5･13,Figure5･14,Figure5･15)･Therecon丘gurableredundant

manipulatorshave7degreesoffreedom(DOF)simi1artoahumanamandlODOF,reSPeCtively.
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Theobjectiveistogenerateacollision-freetrqjectoryfromaninitialpositiontoafinal

POSition･Theworkspaceisdividedinto30*30*30cells･Thepseudo-POtentialspacehasa

maximum5.

WecorpparevEGAwithSSGAandEP･Table5･1showstheparameteroftheSSGA,VEGA

andtheEP･Table5･2showstheparametersofthevirusinftctionandTable5.3showsthe

linkparametersofthe7DOFmanlPulator.

(a)Initialposition (b)Finalposition

Figure5･13Simulationexample(CaSeA)of7DOFmanipulator

Go×

(a)Initialposition (b)Finalposition

Figure5･14Simulationexample(CaSeB)oflODOFmanipulator

L_

×
→

×Goalpoin

(a)Initialposition (b)Finalposition

Figure5･15Simulationexample(CaSeC)of7DOFrnanipulator
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Table5･1ParametersoftheVEGA,theEP

SSGA,VEGA EP

Populationsize

Stringlength

Crossoverrate

Mutationrate

Opponent

Generation

100 100

70 7variables

l.0

0.006 1.0

10

300 300

Table5.2ParameterSOfthevirusinfection

Viruspopulationsize

Liftreductionrate(r)

Initialinfbctionrate

Maxinfbctiontimes

Transductionrate

Copy/Cutrate

Table5･3LinkparameterSOf7DOFmanlpulator

ヱ 1 2 3 4 5 6 7

α
-90

d O

成 0

90 90 90

0 0 0

0 10 0

-90 -90
90

0 0 0

6 0 1

軋わー血J O

鉄Jデ′MJ O

鉄血 -180

鉄刀dズ 180

90 90 0 0 0

90 90
-90

90 0

-90 -180 -120 -180 -140

135 180 120 180 140
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Figure5･16Collision-freetrqectorylneXamPleA

(a)Frontview (b)Sideview

牒
(C)Topview

Figure5･17Co11ision-freetr叫eCtOrylneXamPleB

Figure5･16andFigure5･17showsimulationresultsofthetop-downtrqectoryplannlngOf

thecaseAandcaseBbyuslngtheVEGA,reSPeCtively･Inthese丘gures,thesideviewshows

thateachredundantman1Pulatoravoidscollidingwiththeobstacles･EachredundantmanlPulator

achievesthe血alpositionwithoutcollidingwithobstaclesandtheobtainedtrqjectoriesare

fhrtherawayfromobstacles･Furthermore,thegeneratedtrqiectoryinFigure5.16seemssimi1ar

tothemotionofahumanarm(1eftarminthiscase)･Furthermore,Figure5･18showsthejoint

anglesobtainedbythetop-downplannlngWiththeVEGA.
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degree

degree

degree

degree

degree

deg工ee

degree

Figure5･18Jointanglesobtainedbytop-downplannlngWithVEGA
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Figure5･19showsthesimulationresultofhierarchicaltrqectoryplannlngOfthesimulation

exampleA･No･1～3inFigure5･19showtheevolutionarytransitionsofatrqectorygenerated

bytheVEGA･Attheearlygeneration(No･l),thoughthehierarchicaltrqjectoryplanning

Obtainsaco11ision一freetrqjectory,thecombinationoftheintermediatepositionsisnotoptlmal.

Finally(No･3),thehierarchicalplanningobtainsthebesttrqjectory.

Base Base

(a)Frontview (b)Sideview (C)Topview

No･1(generation50)

(b)Sideview (C)Topview

No･2(generation75)

No･3(generationlOO)

Figure5･19Evolutionarytransitionofcollisionqfreetrqectorygeneratedbyhierarchical

trqjectoryplannlngWithVEGA
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The advantageofthehierarchicaltr叫eCtOryPlannlnglStOfindbettersolutionthanthe

top-downapproachquickly,Sincethehierarchicaltr叫eCtOryPlannlngCanSearChallthe

SOlutionspacesimultaneously･Figure5･20andFigure5･21showsimulationresultsofcaseC

bythetop-downapproachandhierarchicalapproach,reSPeCtively･IncaseC,thetow-down

approachisdifnculttogeneratethe丘rstintermediatepositionbetweentheglVeninitialand

丘nalpositions,Sinceitisdi仔icultthatftasibleintermediatepositionswithoutcollidingwith

theobstaclesintheworkspaceisgeneratedtosatisfytheminimizationofbandjLinfitness

functioneq･(5･1)simultaneously･Ontheotherhand,thehierarchicaltr如ectoryplanningis

easytogenerateaco11ision一丘eetrqjectorybecauseofthesimultaneousgenerationofsome
intermediatepositions.

Base

Figure5･20SimulationresultofcaseCbythetop-downtr叫eCtOryPlannlng

Base

(a)Frontview (b)Sideview (C)Topview

Figure5･21SimulationresultofcaseCbythehierarchicaltr勾eCtOryPlannlng
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AndalargePOPulationsizewouldobtainhigherperformance.However,thetrade-0ffbetween

thequicksearchandtheperformanceofthesolutionexists.Furthermore,itisdifficultto

designandtoevaluateamultiqoqectiventnessfunctionitself.Herewefocusonthequick

SearChwiththeasplrationlevel･Therefore,thehierarchicaltrqectoryplannlngrealizesthe

quickgenerationofatr句eCtOrybasedononlyforwardkinematics.In払ct,thehierarchical

tr叫eCtOryPlannlngCangenerateatr叫eCtOrySatisfiedtheasplrationlevelaboutthreetimesas

quicklyasthetop-downtrqectoryplannlnglntheaverage･

Furthermore,WeCOmParetheVEGAwiththeSSGAandEP.Theobjectiveofthissimulation

istoobtainthe丘rstintermediatepositionbetweentheinitialand丘nalpositionsinthe-

top-downapproach･IntheEP,anindividualhasrealvariablesofjolntangles.Figure5.22

ShowsthecomparisonofsimulationresultsoftheVEGA,SSGAandEP.Thefitnessvalues

inFigure5･22areaveragevaluesof30trials･AtBrst,theEPoutperformsotherssincethe

ViruspopulationinVEGAdoesnothaveefftctiveschemata■Therefore,theviruspopulation

CannOtefftctivelycarryoutreversetranscnptlOnS･TheviruSPOPulationgradua11ybecometo

haveefftctiveschemataandpropagatethembetweenhostindividuals.Atlast,theVEGA

ObtainsbestsolutionthanEP･Onereasonofthisfactisasfbllows･Sincetheproblemspaceis

approximatedtoacombinatorialspaceintheVEGA,thesolutionspaceoftheVEGAis

Smallerthantherealproblemspace･Inaddition,theVEGAfindsasolutionsatisfiedthe

asplrationlevelmorequicklythantheEPconcern1ngCOmPutationaltime.However,theEP

CanObtaintheoptlmalsolutioninnumericaloptlmizationproblemsbytunlngmutation,s

ParameterS･Tosummarize,theVEGAiseffectiveinthecaseofobtainlngbettersolutions

Withshortercalculationtime,nOtbestsolutions.

F～加ビ∫∫

■VEGA

鶴EP

匝SSGA

1 100 200 300

Figure5･22Comparisonofsimulationresults
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5･1･4Summary

Thissubsectionappliedevolutionaryoptlmizationmethodstotra)eCtOryPlannlngOf

recon負gurableredundantrnanlPulator･Weproposedahierarchicaltrqectoryplannlngmethod

uslngtheVEGA･First,WePrOPOSedatrqectoryplannlngmethodbasedononlyforward

kinematics･Next,WePrOPOSedahierarchicaltrqectoryplannlngWhichgeneratessome

intermediatepositions and optlmizesthecombinationoftheintermediatepositions

Simultaneously･ThesimulationresultsofthehierarchicaltrqjectoryplannlngShowthatthe
VEGAcangenerateefftctiveintermediatepositionsandaco11ision-freetrqectory･Sincethe

trqjectoryplannlnguSeSOnlyforwardkinematics,thetrqjectoryplannlnglSanefftctive

methodforareconfigurableredundantmanlPulatorsystem■Asfuturesubjects,WemuSt

developtheoptlmizationmethodsofthestructureandthebrmofcellularmanlPulatorsystem･

5･2ApplicationtoIntelligentManufacturingSystem

IntelligentmanufhcturlngSyStemCOmPrlSeSaneWCOnCePtfbrcoplngWithalargenumberof

PrOductsandmanufacturingprocessesinaflexiblemanufacturingsystem(FMS)[88～98].

Wehaveproposedaself-Organizingmanufacturingsystem(SOMS),inwhichprocesses

Self-Organizeefftctivelyaccordingtootherprocesses･TheSOMSisbasedontheconceptof

theself→Organizingcellularroboticsystem(CEBOT)whichiscomposedofanumberof

autonomousroboticunitswithsimplefunctions[88】.

AmachineschedulingproblemisoneofthemostimportantissuesintheFMS･Ingeneral,the

machineschedulingproblemistoordernoperationsonmmachinesforminimizlngCOSt

functions･Thereare,forexample,ajob-Shopschedulingproblem,aflow-Shopscheduling

PrOblem,aOPen-Shopschedulingproblem･Thejobshopschedulingproblemisaspecialcase

OfthemachineschedulingproblemsandhasbeensoIvedasatypICalproblemofmachine

SChedulingproblems･However,therearemanyrestrictionsconcernlnguSableresource,

transportationmethodsandthelocationofmachiningcentersintherealmanufactunngsystems.

Theproblemsconcern1ngtheserestrictionareresourceallocationproblems,Pathplannlng

PrOblemsandoptlmallocationproblems,reSPeCtively･Astotheoptlmallocationproblems,

thelargesizeofmachiningcenterscannotbeeasilyrelocatedtootherspace･Ingeneral,itis

requiredtotaketheserestrictionsintoaccountwhenperformlngataSk.Infact,alotof

machininglinesintherealmanufacturingsystemareCOntrOlledunderaflowshopscheduling･

IfmachiningcentersaresequentiallylocatedaccordingtoglVenjobs,thepathplannlngOf

-140-



C力叩Jgr5-

automatedguidedvehiclesorthelocationsofbeltconveyersbecomeseasiertodeslgn･

Therefbre,WeCOnSidertheoptlmizationofamanufacturingsystembasedontheflowshop

SChedulingdennedasasequenclng･Furthermore,therearemanyresearchesaboutscheduling

PrOblemsaccordingtotheseveralavailablemachinesintheFMS,butthereareftwresearches

tOOPtlmizethelocationofmachiningcentersaccordingtoaglVenjobschedule･Consequently,

inthissection,WeaPPlyavirus-eVQlutionarygeneticalgorithm(VEGA)toarnanufacturing

designproblemintheSOMS.

Figure5･230ptimizationproblemsinmanufactunngsystem

Thissectionpresentsanapplicationtoapa11etallocationprobleminintelligencernanufactunng

SyStem･Inordertocreateanidealmanufacturingenvironment,theoptlmizationofeach

PrOCeSSinthenexiblemanufacturingsystemisrequired･Theflexiblemanufacturingsystem

includesmanyoptlmizationproblemswhichareill-de鮎edstructures.

5･2･1Self-OrganizlngManufhcturingSystem

Ingeneral,neXiblemanufacturingsystern(FMS)iscomposedofnumericallycontrolled

machines,maChiningcenters,aSSemblingstationsandrobots,andsoon･Furthermore,belt

COnVeyOrS,tranSPOrtationvehicles,mOnOrailcarsarehandledinFMSasautomatictransportation

methods･ThepuIPOSeOftheFMSistoperfbrmtheprocessesautomaticallysuchasdesign,

machining,COntrOl,andmanagementbyintegratlngflexiblemachinesandcomputerizedcontrol.
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TheefftctivenessofFMSliesintheprocesslngCaPabilitycorrespondingtohighvariety･

However,FMShasverydifficultoptlmizationproblemswhichareill,definedstructures,

SinceFMShasalotofconstraintssuchasspacecapaclty,maChiningability,andtime

restriction･TheseproblemscannotbeeasilysoIvedandtherefbreoptlmizationmethodssuch

asdynamicprogrammlng,branch-and-boundmethod,neuralnetwork,Simulatedannealing,

andevolutionarycomputation,havebeenappliedfbrsoIvingtheseproblems.

TocreateanidealmanufacturlngenVironment,Wehavebeenproposedtheself-Organizlng

manufacturingsystem(SOMS)thataprocessself-Organizesaccordingtootherprocesses

(Figure5･24)･AmoduleinFigure5･24representsaprocessinthemanufacturingsystem.The

moduleself-OrganizesbasedonlnPutSfromothermodulesandgeneratesoutputs.TheSOMS

iscapableofreorganlZlnghardwareaswellassoftwareofthemanufacturingsystem.

Theflowofthemachiningprocessisgenerallysummarizedasfollows‥(1)designofthe

machiningcenter,(2)planningofamanufacturingschedule,and(3)producingproducts

accordingtotheschedule･InSOMS,itisimportanttooptlmizeal1modulesinordertoreduce

themanufacturingcost･However,theoptlmizationofallmodulesisverydimcult,andthe

OPtlmizedsystemisvulnerabletobreakdownsofthesystem,delaysintheschedules,andso

On･Therefbre,theself-OrganizationaccordingtootherprocessesintheSOMSisefftctive

Withregardtotheflexibilityofallthemanufacturingsystem.

AsanexampleoftheSOMS,WeCOnSideramanufacturlngSyStemCOmPOSedofanumberof

automatedguidedvehicles(AGVs)andmachiningcenters(Figure5･25)･Amachiningcenter

hasthecapabilitytoperformavarietyofoperationswithexchangeabletooIs.Further,the

machiningcentercanproducevariousproducts,Sincethemachiningcenterhasaredundancy

aStOOPerations･HerearedundancymeansthatarnaChiningcenterhasacapabilitytoequlP

WithmoretooIsthanrequired.

IntheSOMS,maChiningcontrolandmanufacturlngmanagementareperformednotbythe

Centralizationbutbythedecentralization･AnAGVtransmitsnotonlymaterials/productsbut

alsoexchangeabletooIs･Themachininginforrnationaboutarnaterialiskeptbythebucket

holdingthematerial･Therefbre,theAGVcantransmitabuckettothemachiningcenter

accordingtoitsmachininginfbrmation･SincetheAGVsgoontransmittlngamaterialtoan

determinatemachiningcenter,themachiningspecialityoccursinthemachiningcenter.
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Figure5.24Self-OrganizlngManufacturlngSyStem

TooIprovidingport

Material

port

Machiningcenter

◎
AGV

Tool

Product

transmittlng

POrt

Machiningflow

Figure5.25TypICalself-Organizlngmanufactunngsystem

5.2.2ApplicationtoPressMachiningLine

AsanapplicationexampleoftheSOMS,theVEGAisappliedapalletlocationproblemfbra

pressmachiningline(Figure5.26).Thepressmachininglineiscapableofreorganizingin

itselfandhasaredundancyfromtheviewpolntOfthemachiningprocess･Heretheredundancy

ofthepressmachininglinemeansthatthenumberofpressmachinesonthemachininglineis

morethanthenumberoftheoperationsperjob.Consequently,thepressmachininglinecan
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PrOCeSSSeVeraldifftrenttypesofjobs･Amaterialistransportedfromtheplacefbrmaterialto

thepressmachinebyanAGV･Aftermachining,theproductistransportedtotheplacefor

PrOductbytheAGV･Therefbre,themachininglSPerfbrmedaccordingtoaflowshopscheduling･

TheassumptlOnSOfthepressmachininglineareasfo1lows:

●Aworkiscomposedofnjobsandthe.jobsequenceis丘xed.

●AjobrequlreSPreSSlngOPerationsbymmoldsanditspresslngSequenCeisfixed.

･Apa11etonapressmachinecanbeequlPPedwiththreetypesofmolds.

･Apressmachinetakesinamaterialfromtheentrance,andputsthematerialontheexit

afterpresslng･

●ThemoldwhichajobrequlreSisautomaticallyselectedonthepa11etanditspresslng

OPerationisperfbrmed.

TheassumptlOnSOftheAGVareaSfbllows:

･Ifthereisamaterialontheexitofapressmachineortheplacefbrmaterial,theAGV

loadswiththematerial.

･IfthepressmachineinfrontoftheAGVisinprocess,theAGVstandsbytillnnishing

thepresslngOPerationandloadswiththematerial.

●Ifthereisnotthern01dwhichthejobrequlreSinthepressmachine,theAGVpassesby

thepressmachine.

AlocationoptimizationproblemistoselectmoldsonthepallettosuittoaglVenWOrk.Here

theobjectiveistoreorganizemoldsonthepa11etfbrminimlZlngthemakespandefinedas

COnSumlngtimeuntil丘nishingalljobs･LetFbeafinishingtimeofjobi.MakespanFis

de丘nedasfo1lows:

ダ=maX(雪,ろ,‥･,た) (5.7)

AssumethatthetransportlngtimeoftheAGVislgnOredincomparisonwiththepresslng

timeonapressmachineandtheloading/unloadingtlmeOfmaterialistheconstant.
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Figure5.26Pressmachiningline

1ノ

Moldsonthepal1et

Figure5･27Representationofgenotype

Individual1

t l

l l

CrosslngSite

Individual1

Individual2

Crossover
CrosslngSite

Individual2

Figure5.28Crossoverofmulti-StnngS

ー145-



Cゐ叩Jer∫

Inthisproblem,anindividualhasthreestrlngSWhoselengthisequaltothenumberofthe

PreSSmaChine･Agenestandsforthemoldtypeandthegene,slocus,i,denotestheposition

Ofthepressmachine･Thatis,thesetofthei-thgenesoneachstrlnglntheindividualisthe

Palletofthemoldsonthei-thpressmachine(Figure5･27)･Furthermore,theoverlappingof

thesametypeofmoldonthepalletisnotpermitted･Weuseamulti-POlntCrOSSOVerOPeratOr,

amutation,andtranspositionasgeneticoperators･Themulti-POlntCrOSSOVerPerfbrmsbetween

thesamenumberofstringofeachindividual(Figure5･28)･Themutationoperatorreplacesa

randomlyselectedgenewithoneofothergenesexceptgenesonthepallet･Thetransposition

OPeratOrrePlacesthepositionofstrlngSinanindividual･TheVEGAandSSGAreplacethe

individualswiththehighestfitnessvaluewiththeindividualsgeneratedbythemulti-POlnt

CrOSSOVer･The丘tnessfunction;Jitnessxofanindividualxisasfo1lows:

カ加e∫∫∫=maX雪-αた
f∈∫

Whereaisascalingscoredennedastheconstant.

5.2.3SimulationResults

(5.8)

Thissubsectionshowssimulationresultsandcomparisonresults･Wecomparesimulation

resultsoftheVEGAwithonesoftheSSGA,StandardGA(SGA),ageStruCturedGA(ASGA).

Table5･4showstheparametersofworkl～3･Table5･5showsthemachiningsequenceofthe

glVenjobsonworkl･Table5･6showsthemachiningtimeofeachm｡1d｡nW｡rkl.The

POPulationsizeofSSGA伽standtheviruspopulationsizearelOOandlO,reSPeCtively.The

Strlnglengthofeachworkisthenumberofpressmachineineachwork,reSPeCtively･The

CrOSSOVerrateandthemutationratepergeneareo･8andO･00l,reSPeCtively･

Table5.4Parametersofworkl～WOrk3

Workl Work2 Work3

Jobs lO lO lO

PresslngOPerations 5 7 10

Pressmachines 8 12 15

Moldtypes 5 7 7
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Table5.5MachiningsequenceoftheglVenjobsonwofkl

Job Sequenceofmachining

1 2 513 2

2 14 5 4 2

3 5 4 5 2 3

4 414 5 2

5 4 3 5 2 3

6 5 214 3

7 4 2 414

8 1512 5

9 1515 4

10 14 5 21

Table5.6MachiningtlmeOfeachmoldonworkl

Moldtype 1 2 3 4 5

Machiningtlme 7 6 8 4 1

HerethesimulationresultsarecomparedamOngtheSGA,ASGA,SSGAandVEGA･Figure5･29

and Table5.7show simulation results ofworkland simulation results oflO trials ofall

WOfks,reSPeCtively･FromFigure5･29,themakespanSbefbreandafterthereorganizationare

129andl14,reSPeCtively･ThereorganizationofmoldsenablesshortenlngOfthemakespan

by15･Thisresultshowsthatthereorganizationofamachiningcentercanimprovethe

Perfbrmance･Furthermore,theVEGAalsoobtainedthebestsolutions concern1ngthework3

whichismoredifncultworks.
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5･2･4Summary

MakespanbeR)rereOrganization

50

GどJ上川JJ/(椚

■vEGA

団ssGA

団sGA

Figure5･29Simulationresultsofpalletlocationproblem

Table5.7SimulationresultsoflOtrials

SGA ASGA SSGA VEGA

Min l15 114 114 114

Workl Mean 120 116 116.40 115.10

Max 128 123 121 117

Min 271 257 259 257

Work2 Mean 281.10 264.20 270.30 262.5

Max 295 273 280 269

Min 326 307 310 307

Wo血3 Mean 338･60 320.40 325.20 318.80

Ma又 352 331 333 329

Thissubsectionpresentedtheapplicationtoaself-OrganizlngmanufacturlngSyStem;SOMS.

AsanexamPleofSOMS,VEGAisappliedtoapalletlocationproblemofapressmachining

line･SimulationresultsshowthattheSOMSiscapableofshortenlngthemakespanofthe

PreSSmaChining･TheessentialofSOMSliesinthereorganlZlngability･
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5･3ApplicationtoFuzzyController

Fuzzy systems suchas fuzzyloglCCOntrOllers,fuzzy reasonlng,and fuzzy modeling are

appliedinmanyfieldsforenglneerlng,medicalenglneerlng,andevensocialsciences･Some

fuzzy controIsystems arealready applied and can be seenin some ofhome appliance,

tranSPOrtationsystems,manufactunngsystems,andsoon.Fuzzysystemshaveacharacteristic

torepresenthumanknowledgeorexperiencesasfuzzyrules.Howeverthefuzzy systems

have someproblems.Inmostfuzzysystems,theshape ofmembership functions ofthe

antecedent,theconsequent,andthefuzzyruleshavebeendeterminedandtunedthroughtrial

anderrorbyoperators,andittherefbretakesmuchtimetodetermineandtunethem,anditis

Verydif丘culttodesigntheoptlmalfuzzysystemindetail.Thisproblernismoreserious,

Whenthefuzzysystemisappliedtomorecomplexsystems.

InordertosoIvethisproblem,SOmeSelf-tunlngmethodshavebeenproposedsuchasafuzzy

neuralnetwork[29～33]thatappliesthebackpropagationalgorithmforlearning,afuzzy

learningcontrollerapplyingradialbasisfunctions[32],afuzzylogiccontro11erutilizingGAs

fordecidingtheshapesofmembershipfunctionsandfuzzyrules[27,34,35].Thesemethods

Canlearnfasterthanneuralnetworks･Howeveranoperatormustdeterminethenumberand

Shapesofmembershipfunctionsbeforelearn1ng,andthelearn1ngabilityandaccuracyof

approximationarerelatedtothenumberorshapeofmembershipfunctions.Fuzzyinftrence

Withrnanymembershipfunctionsandfuzzyruleshashighlearn1ngability,howeverthereare

SOmeredundantrulesorunlearnedrules.Thenumberofrulesistheproductofthenumberof

membershipfunctionfbreachinput,andthenumberofru1esisincreasedasexponentialwith

increaseoftheinputdimension.Thereforeoperatorsmustpaymuchattentiontodecidethe

StruCtureOfthemembershipfunctions.

The fuzzyinference based on theRadialBasis Function which adds anew rule forthe

maximalerrorpolntthroughlearnlngPrOCeSS,hasbeenproposed･Inthesemethods,fuzzy

rules depend onthelearnlng datasetandifthelearnlng datais biased,there are some

unlearnedareaSOrredundantfuzzyrules,thereforethelearnedfuzzyrulesarenotoptlmized.

Besides,thesemethodsdonotintegrateordeleteafuzzyrule,Onlyaddanewfuzzyrule.

ThereR)retheyalsohavetheproblemoftheincreaslngnumberoffuzzyrulesthatisthecause

OfconsumlngmOreCalculationtimeandmemory･Self-tunlngfuzzyinftrencehasbeenproposed

fbrsoIvingtheseproblems.Themembershipfunctionoftheantecedentisexpressedbythe

radialbasisfunctionwithaninsensiblerange･Thesupervised/unsupervisedleam1ngalgorithms

arebasedonthegeneticalgorithm,andthesupervisedlearnlngarealsoutilizedthegradient
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decentmethodtotunetheshapesofmembershipfunctionsandtheconsequentvalues.We

叩PlytheVEGAbraselfLtunlngfuzzycontrollerasalearnlngmethodtoobtainfuzzyrules

andmembershipfunctionswhichcancarryoutwithhighperformance･Furthermore,the

PrOPOSedfuzzycontrollerisappliedtothecarトPOleproblem,anditse晩ctivenessisshown

throughcomputersimulation.

5･3･1RBFbasedFuzzySystemwithVEGA

5･3･1･1FuzzySystemBasedonRadialBasisFunction

Firstofa11,WePreSentthecalculatingfbrrnulasoftheRBFbetweenlnPutVariablesand

OutPutVariables･ThentnessvalueoftherulesandtheoutputvalueYareexpressedbyeqs･

(5.9)and(5.10),

y= 冒岨白函

〃′=票杓

(5.9)

(5.10)

Wherel,j,andparetheinputnumber,thefuzzyrule-snumber,andthedataset-snumber,

respectively･TheconsequenceisexpressedbyrealnumberW･Theshapesofthemembership

functionsaretheRBFwithaninsensiblerangecthatisusefu1fbrreduclngthemembership

functionsandfuzzyrules(Figure5･30)･Themembershipfunctioninthei-thinputvalueand

thej-thfuzzyruleisexpressedby

れ) 一頃Ⅰノー旬I-C¢)2げ巨ノーα¢匡cぴ
0

げ巨ノーα¢l≦c¢

〃･ヴ=eX車(Ⅰノ)‡
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wherea,b,andcarethecoefhcientsthatdecidetheshapeofmembershipfunctionsshownin

Figure5.30.

Cび

れ

ズ

Figure5.30MembershipfunctionbasedonRBF

53.1.2Coding,Selection,andGeneticOperators

Weuseabinarycodingtoencodemembershipfunctions･Anantecedentpartisexpressedby

abinarynumberof(3n+1)bitseverymembershipfunctioninthissimulation:eaChcoefncient

a,b,Cneeds nbits,1bitisusedasaflagofthemembership
function-s validness･A

consequentpartisencodedtothembitsbinarynumber･Thefollowingeqs,(5･13),(5･14),and

(5.15),areuSedtodecodethebinarynumberintotheparametersofmembershipfunctions

(Figure5.30andFigure5.31).Equation(5･16)isusedtodecodeintothevalueoftheconsequent

pa止S･

空転_0.5
動=2′-一1

ち=A〔封

ユーl-∫

呵=--0･5
2′′∫-1

(5.13)

(5.14)

(5.15)

(5.16)

whereAandBarecoefficientsofaslopeofthemembershipfunctionandarangeofthe

insensiblereglOn,reSPeCtively.
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トRulel-+Rule2 ⇒≠-

ヽ＼･ヽ

＼＼､

へ鶴七.

国kJL亘]｢司

Figure5･31Codingoffuzzyrule

Fitnessfunctionconsistsoftheperformanceindexandthenumbersofthemembership

functionsandfuzzyrulesasfbllowlngequations:

ダ=αP+β吼+耽 (5.17)

WhereP,Rn,Mn,andqβγmeanStheperformanceindex,e.g.thedifftrencebetweenthe

OutputOfthesystemandthedesiredperformance,thenumberofru1es,thenumberofmembership

functions,andthecoemcients,reSPeCtively･Inthisequation,COefncientsareclassinedinto

tWOtyPeS,Oneistheperfbrmance(a),theotheristhesizeoffuzzysystem(βandカ.

TheoqectiveistoacqulreaWellperfbrmedfuzzycontro11erwithoutredundantfuzzyrules

andmembershipfunctions･Therefore,theobjectiveresultsintheminimizationproblemof

thentnessfunctionF･TheVEGAusesthe･deleteleastntnessTmethodasaselectionoperator.

ThusVEGAremoveshostindividualswiththeworstntnessvaluefromthehostpopulation.

Theselectionoperationcanacqulrethepreferablefuzzysystemsuchassrna11fuzzysystem

(βandγarelargerthan(れorhighaccuratefuzzysystem(αislargerthanβandれbysetting

thesecoe伍cients.
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Figure5･32Crossoveroperatork)rfuzzysystem

Inordertogenerateanewsetofmembershipfunctionsandru1es,WeaPPlythetwo-POlnt

crossoveroperator(Figure5･32)･Thecrossoveroperatorrandomiyselectsthetargetindividuals･

Thecrossoveriscarriedoutbetweentwoindividuals,andthensomerulesareexchanged

eachother.Weusetwotypesofmutationoperators,(A)uniformdistributionrandomset

basedmutationoperator(Figure5･33)and(B)normaldistributionrandomnumberbased
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mutationoperator(Figure5･34)･Inbothcases,thetargetstringsandmutationsitesarerandomiy

Selected･ThemutationoperatorAchangessomebitsofthestrlngSandusesforglobaland

roughsearch･Thisoperatorcanchangetheenable/disableflagofthemembershipfunction.

ThemutationoperatorBdoesnotchangethebitsofthechromosomes,butadds(OrSubtracts)

randomvaluesto(from)theparametersofthemembershipfunctions,Sa,Sb,andSc,andthe

COnSequentValuesⅣ.

ヽヽ

ヽ＼､

田=
ヽ＼＼.

‥‥∴/●.●_`.‥‥●‥

ズ1

MutationA

Figure5･33MutationoperatorAongenotype

Sα11 ズ1

Figure5･34MutationoperatorBonphenotype
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Avirushastheinfbrmationofsomerules,membershipfunctions,andacentralpolnt6fthe

transduction/reversetranscnptlOnareaOntheinputspace･Avirustransducessomesubstnngs

fr0rnahostindividual(Figure5.35).Thisoperatorselectsefftctiveschemata(efftctivefuzzy

ruleshere)tobetransmittedbetweenhostindividuals.Asubstringofavirusisgeneratedby

selectlngSOmefuzzyrulesfromthestnngofahostindividual･Thefuzzyrulestobeselected

arethemostfrequentlyusedonesinthefuzzyrulesofthehostindividual･Atthesametime,

thecentralpolntOfthevirusisdefinedaccordingtothetransducedfuzzyrules･Anexample

ofreversetranscnptlOnOperatOrisshowninFigure5･36･Inthisexample,thevirusindividual

andthehostindividualareonefuzzyruleandthreefuzzyrules,reSPeCtively･First,thevirus

deletesthefuzzyru1esthatincludethecentralpolntOfthevirus･Next,thevirusoverwritesits

fuzzyrulesonthehostTsstnng.

Transduction

=川.†/JJ(･山車/JM/

Figure5.35Transductionoperatorわrfuzzyrules

一155-



('/M/フJピJ･5

〃=TJJJ(/汀右/JJ(J/

Figure5･36ReversetranscnptlOnOPeratOrOnmembershipfunction

5･3･2ApplicationtoRBFFuzzyControllerforCart-PoleSystem

WeapplytheproposedfuzzycontroIsystem丘)raCart-POlesystem(Figure5･37)･Thepoleis

COntrOlledfrompendantpositiontouprightpositionandthenkeepltuPbytheRBFfuzzy

COntrOller(Figure5･38)･Thecart-POlesystemisdescribedbyfbllowingequations:

デ=
ダー仏扇g乃(り+斤

∂=一計cos∂･酬+空〕
Where
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F=ml∂2si｡0+旦mc｡SO
4

疏=用(1一言cos2∂)

〔誓+gsin∂〕 (5.20)

(5.21)

andM=l.0(kg),P･(=0.0005(N),Pp=0.000002(kg･m),r,0,1=0.2(rn),andmmeanthecart

mass,thefrictionofthecartontrack,thefrictionathingebetweenthecartandthepole,the

CartPOSition,thepoledeviationfromvertical,thepolelength,andthepolemass,reSPeCtively･

Figure5.37Cart-POlesystem

Figure5.38RBFFuzzyContro11er
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The丘tnessfunctionusedinthissimulationisasfbllows:

O娩c′=α㌦画一β∑(∂｡-∂輔-γ∑(ち-巾))㌧鱒--岬′-
/=0 /=0

(5.22)

WhereTissimulationtimefbrfuzzycontroller･Thesecondandthirdtermsineq･(5.22)mean

thesummationoftheerrorofthepoleangleandthecartposition,reSPeCtively･Thefourth

and蝕htermsmeanthenumberoffuzzyrulesandthenumberofmembershipfunctions,

respectively.

TheIterationtimesofgenerationis500･Thepopulationsizeis200andtheviruspopulation

Sizeis20･Figure5･39andFigure5･40showoneofsimulationresultsoftheacquiredfuzzy

COntrOller･ThesenguresshowthatacquiredfuzzycontrollercanswlnguPandkeepthepole

attheuprightpositionwithdesiredcartposition.

5.3.3SirnulationResults

Figure5･41,Figure5･42andFigure5･43showthechangeofthenumberofmembership

functions,thenumberoffuzzyrules,andthefitnessvaluethroughtheiterations,reSpeCtively･

VEGAcanreducetherulesmoreeffbctivelythanthepreviousstudyobtainlngthesame

Performance･Thenumberofnnalrulesis7with17membershipfunctions･InFigure5.43,

theGAoutperformstheVEGAatnrst,SincetheviruspopulationintheVEGAdoesnothave

effbctiveschemata･TheviruspopulationcannotcarryoutefftctivereversetranscrlPtlOnS･

Then,theviruspopulationgraduallybecometohaveeffectiveschemataandpropagatethem

betweenhostindividual･Atlast,bothoftheVEGAandGAobtainbettersolutions,butthe

VEGAcanreducetherulesmoreefftctivelythantheGA･ThereasonwhytheVEGAreduces

therulesliesinthereversetranscnptlOnOPeratOr,Whichremovessomeredundantrulesfrom

ahostindividual･AstheresultofreversetranscrlPtlOnOPeratOr,thefuzzyrulesofhost

individualarerennedwithoutredundanCy･
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∂(rad.)
4.0

3.0

2.O

l.0

0.0
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Sec.

Figure5.39Simulationresultofthepoleangle

0 10 20

Sec.

Figure5.40Simulationresultofthecartposition
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･Figure5.41Changeofnumberofmembershipfunctions
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5･3･4Summary

No.ofnlles

50

40

30

20

10

0

…一一･GA -VEGA

0 100 200 300 400 500

Generation

Figure5･42Changeofnumberoffuzzyrules

Fitness

15000.0

10000.0

…"GA -VEGA

0 100 200 300 400 500

Generation

Figure5･43Changeof丘tnessvalue

Inthissection,WePrOPOSedanewfuzzycontroIsystemuslngradialbasisfunctionsanda

learnlngmethodbasedontheVEGA･Further,WeShowedtheeffectivenessofthefuzzy

COntrO11erthroughsimulationresultsofacart-POleproblem･TheVEGAcanreduceredundant

fuzzyrulese鮎ctivelywithoutperhrmancedecline･Therefbre,theacquiredfuzzycontroller

CanCarryOutthetaskswithsmallfuzzyrules.
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5.4Summary

ThischapterpresentsthethreetypesofenglneenngaPPlicationsofevolutionaryoptlmization

methodsanditsefftctivenessthroughcornPuterSimulation.

First,WePreSenttheqpplicationtotr叫eCtOryPlannlngforredundantmanlPulatorsandpropose

ahierarChicaltrqjectoryplannlngmethodcomposedofapositiongeneratorandatr叫eCtOry

generator,Whicharebasedonlyonforwardkinematics･Thesirnulationresultsofthehierarchical

trqjectoryplannlngShowthattheVEGAcangenerateeffectiveintermediatepositionsanda

COllision-freetr句eCtOry.

Second,WePrOPOSeaSelf-Organizingmanufacturingsystem(SOMS)in whichaprocess

efftctivelyselfiorganizesaccordingtootherprocessesandpresentapalletallocationproblem

andpresenttheapplicationtoapalletlocationproblemofapressmachiningline･Simulation

resultsshowthatSOMSiscapableofshortenlngthemakespanofthepressmachiningand

theVEGAcanreducethemakespan.

Last,WePrOPOSeaneWfuzzycontroIsystemuslngradialbasisfunctionsandalearnlng

methodbasedontheVEGA.Furthermore,WeShowedtheeffectivenessofthefuzzycontro11er

throughsimulationresultsofacart-POleproblem･ThesimulationresultsshowthattheVEGA

Canreduceredundantfuzzyrulesefftctivelywithoutperformancedecline.Therefore,the

acquiredfuzzycontrollercancarryoutthetaskswithsmallfuzzyrules.
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6･1ConcludingRemarks

Biologyandevolutionoftenprovideefftctivebutsimpleideasandwecanapplytheseideas

tovariousneldsinthehumansociety･lnthisdissertation,WePrOPOSebiologlCallylnSPired

evolutionaryoptimizationmethods,Whichareage-StruCturedgeneticalgorithm,Virus-

evolutionarygeneticalgorithmandvirusevolutionaryalgorithm･Furthermore,Wediscuss

theirefftctivenessesthroughsomecomputersimulationresultsofconventionalandtraditional

OPtlmizationproblemsandenglneerlngOPtlmizationproblems.

However,eVOlutionissuretoproceedtoabetterstateororganism,nOtthebestone.Onthe

Otherhand,OPtlmizationhasatrade-0ffbetweentheperfbrmanceofthesolutionandsearching

Speed･Theevolutionaryoptlmizationmethodsarebasical1ycomposedofaselectionoperation

andgeneticoperators･Thegeneticoperatorsexplorethesearchspacegeneratedbyallthe

POPulation,WhiletheselectionoperationexploitsthesearchspacefbrgeneratlngneWCandidate

SOlutions･Theevolutionaryoptlmizationmethodshavetwoessentialsconcern1ngOPtlmization.

Thefirstoneistheavai1abilitytoapplytovariousoptlmizationproblemsandsoIvethemwith

bettersolutionssatisfyingtheirasplrationlevels･Varioustechniquesofcodingandgenetic

OPeratOrSmakeitpossibletosearchafeasiblesolutionspaceefftctively･Furthermore,the

evolutionaryoptlmizationmethodscanbeeasilyincorporatedwithlocalsearchmethods.In

addition,ifwewouldknowtheftaturesofoptlmizationproblemsindetail,OPtlmization

methodsdependentontheproblemcanSOIvetheproblembetterthanevolutionaryoptlmization

methodswhichhavemuchvaininthesearch･However,therealproblemshavealotof

uncertainty,VagueneSSandambigulty･Theevolutionaryoptlmizationmethodscanbe

SuCCeSSfu11yappliedtothesekindsofproblemswhicharedennedasblackboxes.

TheotheristhesoIvabilityofbettersolutionwithlesscomputationaltime･ThesoIvability

liesinthesymbolicoperationsbasedonschemata･Thecrossoveroperatorscanemciently

SearChthepotentialsolutionspacewithsimplesymbolicoperationsinheritinggenetic

infbrmationfromparents･Thisftatureisdifftrentfromsimplerandomsearches,andbuilding

blockhypothesisindicatesthatthecrossoveroperatorsacceleratetheevolutionofapopulation.

Inaddition,geneticoperatorsdeterminethedirectionofevolution,andparticulargenetic

ー162-



(一丁叫机り･∂

OPerationsglVeaPOPulationofindividualstheirpeculiarpotentialitiesforgeneratlngneW

individuals.Furthermore,thevirusinfectionoperatorcanincreaseeffectiveschemataina

POPulationandrealizesthequicksolutionofoptlmizationproblemswiththedirectionalityln

SearCh.

However,theevolutionaryoptlmizationmethodshavethefbllowlngdisadvantages.Thenrst

Oneisthecertaintyofsolutionsobtainedbyevolutionary optlmizationmethods･We can

discussthefeasibilityofthe solutionsbyuslngthe deslgned aspilationlevelagalnStthe

Optlmizationproblem,butwecannotestimatethecertaintyofsolutionssincethesolution

SPaCeisdependentontheoptlmizationproblems･Iftheoptimizationproblemisclear,WeCan

estimatethecertaintyofsolutions.Theotheristhatitisdifnculttodiscusstheeffectiveness

Ofgeneticoperatorsandselectionoperations.Theevolutionaryoptlmizationmethodsdoes

nothavegeneralcriteriatoevaluatethem,Sincethesolutionspaceisproblem-dependentand

thebehaviorofanyevolutionarycomputationcannOtbeantlCIPatedbyanalyzlngltSCOmPOnentS･

Nowadays,naturalevolutionhasnotunderstoodclearlyandprecisely,andtheresearchof

evolution has stillcontinued.Andthegenetic algorithms are simple applications ofthe

evolutionarytheories.Thereforethegeneticalgorithmwi11evoIvebythenewtheoryofthe

evolutioninnature.Furthermore,Wehopethatfuturegeneticalgorithmscanexplain the

mechanismofevolutioninnature.

6.2FutureWorks

Evolutionaryoptlmizationmethodsareverydifficulttoanalyze.Weintendtoanalyzethe

behaviorofevolutionaryoptlmizationmethodsbyuslngMarkovchainandothermethods･In

addition,WerequlreOPtlmizationmethodsrobusttoanytypesofoptlmizationproblemwith

minorchangeoftheoptlmizationmethodbutpowerfulandquick.Thisisaverydifficult

PrOblem.Tothecontrary,WeCanmOdeloptlmizationproblemssuitableforoptlmization

methods.Infact,humanbeingcanalteritsenvironmentinnature.Wethereforeintendto

developaco-eVOlutionarymethodoptlmizlngbothofthesolutionspaceoftheoptlmization

PrOblemandoptlmizationmethodtowardtheoptlmalsolutions.
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