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ABSTRACT. Geneticalgorithms(GAs) are powerful searchiechniqueghatareusedsuccess-
fully to solve problemsin mary differentdisciplines.Parallel GAs areparticularlyeasyto im-
plementand promisesubstantiagainsin performanceAs such,therehasbeenextensie re-
searchn thisfield. This suney attemptgo collect,organize andpresentn a unifiedway some
of the mostrepresentate publicationson parallelgeneticalgorithms.To organizethe litera-
ture, the paperpresents categorizationof the techniquesisedto parallelizeGAs, andshavs
examplesof all of them.However, sincethe majority of the researchn this field hasconcen-
tratedon parallelGAs with multiple populationsthesuney focusesonthistypeof algorithms.
Also, the paperdescribessomeof the mostsignificantproblemsin modelingand designing
multi-populationparallelGAs andpresentsomerecentadvancements.

KEYWwORDS: Parallelgeneticalgorithms masterslave geneticalgorithms,multiple demeshi-
erarchicabeneticalgorithms




1. Intr oduction

GeneticAlgorithms(GAs) areefficient searchmethodsasedn principlesof nat-
ural selectionand genetics.They are being appliedsuccessfullyto find acceptable
solutionsto problemsn businessengineeringandsciencdGOL 94]. GAsaregener
ally ableto find goodsolutionsin reasonablamountsof time, but asthey areapplied
to harderandbiggerproblemshereis anincreasen thetimerequiredo find adequate
solutions As a consequencéherehave beenmultiple effortsto make GAsfasterand
oneof themostpromisingchoicess to useparallelimplementations.

The objective of this paperis to collect, organize,and presentsomeof the most
relevantpublicationson parallelGAs. In orderto organizethe growing amountof lit-
eraturein thisfield, the papermpresents categyorizationof the differenttypesof paral-
lel implementation®f GAs. By far, themostpopularparallelGAs consistin multiple
populationsthat evolve separatelymostof the time and exchangeindividualsocca-
sionally Thistypeof parallelGAsis calledmulti-deme coarse-grainedr distributed
GAs, andthis surwey concentratesn this classof algorithm.However, this paperalso
describesheothermajortypesof parallelGAs anddiscusses$riefly someexamples.

Therearemary examplesn theliteraturewhereparallelGAs areappliedto a par
ticular problem,but the intention of this paperis not to enumeratall the instances
whereparallel GAs have beensuccessfuln finding good solutions,but instead,to
highlightthosepublicationghathave contritutedto the growth of thefield of parallel
GAs in someways. The survey examinesin more detail thosepublicationsthat in-
troducesomethingnew or that attemptto explain why this or thatworks, but it also
mentionsafew of theapplicationproblemgo show thatparallelGAs areusefulin the
“real world” andarenotjustanacademicuriosity.

This paperis organizedasfollows. The next sectionis a brief introductionto ge-
neticalgorithmsandSection3 describes categyorizationof parallelGAs. Thereview
of parallelGAs beginsin Section4 with a presentatiomf early publications.Section
5 describeshe masterslave methodto parallelizeGAs. Sections and7 examinethe
literatureon parallel GAs with multiple populationsand Section8 summarizeghe
researcton fine-grainedparallelGAs. Section9 dealswith hybrid methodso paral-
lelize GAs. Next, Section10 describessomeopenproblemsin modelinganddesign
andsomerecentadvancementsThereportendswith a summaryandthe conclusions
of this project.

2. GeneticAlgorithms — A Quick Intr oduction

This sectionprovidesbasicbackgroundnaterialon GAs. It definessometerms
and describeshow a simple GA works, but it is not a completetutorial. Interested
readeranay consultthe book by Goldbeg [GOL 894 for moredetailedbackground
informationon GAs.

Geneticalgorithmsarestochasticsearchalgorithmsbasedn principlesof natural
selectionandrecombinationThey attemptto find the optimal solutionto the prob-



lem at handby manipulatinga populationof candidatesolutions.The populationis
evaluatedandthe bestsolutionsareselectedo reproduceandmateto form the next
generationOveranumberof generationgyoodtraitsdominatethe population result-
ing in anincreasen the quality of the solutions.

The basicmechanisnin GAs is Darwinianevolution : badtraits are eliminated
from the populationbecausehey appeatin individualswhich do not survive the pro-
cessof selection.Thegoodtraitssurvive andaremixedby recombinatior{mating)to
form betterindividuals.Mutationalsoexistsin GAs, but it is consideredh secondary
operatorlts functionis to ensurehatdiversityis notlostin thepopulation sothe GA
cancontinueto explore.

Thenotionof ‘good’ traitsis formalizedwith theconcepf building blocks(BBs),
which arestringtemplategschematajhatmatchashortportionof theindividualsand
actasaunitto influencethefitnessof individuals.Theprevailing theorysuggestshat
GAs work by propagatingBBs using selectionand crosseer. We follow Goldbeg,
Deb,andThierendGOL 93H, andrestrictthe notionof a building blockto theshort-
estschematahat contrituteto the global optimum.In this view, the juxtapositionof
two BBs of orderk ata particularstringdoesnotleadto a BB of order2k, but instead
to two separat&Bs.

Often,theindividualsarecomposeaf abinarystringof afixedlength,/, andthus
GAs explore a searchspaceformedby 2! points. Initially, the populationconsistsof
pointschoserrandomly unlessthereis a heuristicto generateggoodsolutionsfor the
domain.In the latter case,a portion of the populationis still generatedandomlyto
ensurghatthereis somediversityin the solutions.

The sizeof the populationis importantbecausét influencesvhetherthe GA can
find good solutionsandthe time it takesto reachthem[GOL 92, HAR 97]. If the
populationis too small, theremight not be an adequatesupply of BBs, and it will
be difficult to identify goodsolutions.If the populationis too big, the GA will waste
computationakesourcegprocessingunnecessaryndividuals. This balancebetween
thequality of thesolutionandthetime thata simpleGA needdo find it alsoexistsfor
parallelGAs, andlaterwe shallseehow it affectstheir design.

Eachindividual in the populationhasa fithessvalue.In generalthe fitnessis a
payof measuré¢hatdepend®n how well theindividual solvesthe problem.In partic-
ular, GAs areoftenusedasoptimizers andthefitnessof anindividual is the valueof
theobjective functionat the point representedly the binary string. Selectionusesthe
fithessvalueto identify the individualsthatwill reproduceandmateto form the next
generation.

Simple GAs usetwo operatordoosely basedon naturalgeneticsto explore the
searchspace: crosseer andmutation.Crosseer is the primary explorationmecha-
nismin GAs. This operatoitakestwo randomindividualsfrom thosealreadyselected
to form the next generatiorand exchangesandomsubstringdbetweenthem.As an
example,considerstringsA; and A, of length8 :

A;=0110] 1111

A>=1110] 0000

Therearel — 1 possiblecross@er pointsin stringsof lengthl. In the example,a



singlecross@er pointis choserrandomlyas4 (asindicatedby the symbol| above).
Exchangingsubstringsaroundthe cross@er point resultsin two new stringsfor the
next generation

Ail=01100000

A,=11101111

The recombinatioroperationcan take mary forms. The exampleabove used1-
point crosseer, but it is possibleto use2-point, n-point, or uniform crossaer. More
cross@er pointsresultin a moreexploratorysearchput alsoincreasehe chanceof
destrging long BBs.

Mutationis usually considerech secondarysearchoperatorlts functionis to re-
storediversitythatmaybelostfrom therepeate@pplicatiorof selectiorandcrossweer.
This operatoralterssomerandomvaluewithin a string. For example,take string 4,
=1 1 0 1 1 andassumehatposition3 is chosenrandomlyto mutate.The new
stringwouldbe A7 =1 1 1 1 1. Asin Nature,the probability of applyingmuta-
tion is verylow in GAs, but the probability of crossweris usuallyhigh.

Thereareseveralwaysto stopa GA. Onemethodis to stopafterapredetermined
numberof generation®r function evaluations.Anotheris to stopwhenthe average
quality of thepopulationdoesnotimprove aftersomenumberof generationsAnother
commonalternatveis to haltthe GA whenall theindividualsareidentical which can
only occurwhenmutationis notused.

3. A Classificationof Parallel GAs

Thebasicideabehindmostparallelprogramss to divide ataskinto chunksandto
solve the chunkssimultaneouslusing multiple processorsT his divide-and-conquer
approachcanbe appliedto GAs in mary differentways,andthe literaturecontains
mary examplesof successfuparallelimplementationsSomeparallelizatiormethods
useasinglepopulationwhile othersdivide the populationinto severalrelatively iso-
latedsubpopulationsSomemethodsanexploit massiely parallelcomputeiarchitec-
tures,while othersarebettersuitedto multicomputerawvith fewer andmorepowerful
processinglementsThe classificatiorof parallel GAs usedin this review is similar
to otherdADA 94, GOR93, LIN 94, butit is extendedo includeonemorecateory.

Therearethreemaintypesof parallelGAs : (1) globalsingle-populatiormaster
slave GAs, (2) single-populatiorfine-grained,and (3) multiple-populationcoarse-
grainedGAs. In amasterslave GA thereis a singlepanmicticpopulation(justasin a
simpleGA), but the evaluationof fithessis distributedamongseveralprocessorgsee
Figurel). Sincein this type of parallelGA, selectionandcrosseer considerthe en-
tire populationit is alsoknown asglobal parallelGAs. Fine-grainedarallel GAs are
suitedfor massvely parallelcomputersand consistof one spatially-structureghop-
ulation. Selectionand mating are restrictedto a small neighborhoodput neighbor
hoodsoverlappermittingsomeinteractionamongall theindividuals(seeFigure2 for
a schematioof this classof GAs). The ideal caseis to have only oneindividual for
every processinglementvailable.
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Figurel. A schematicof a masterslaveparallel GA. Themasterstoresthe popula-
tion, executesGA opeations,anddistributesindividualsto the slaves.The
slavesonly evaluatethefitnessof theindividuals.

Multiple-population(or multiple-deme)GAs aremoresophisticatedasthey con-
siston severalsubpopulationsvhich exchangendividualsoccasionallyFigure3 has
a schematic)This exchangeof individualsis called migrationand,aswe shall see
in later sectionsijt is controlledby several parametersMultiple-demeGAs arevery
popular but alsoarethe classof parallel GAs which is mostdifficult to understand
becaus¢heeffectsof migrationarenotfully understoodMultiple-demeparallelGAs
introducefundamentathangesn the operatiorof the GA andhave a differentbeha-
ior thansimpleGAs.

Multiple-demeparallelGAs areknown with differentnamesSometimeshey are
known as “distributed” GAs, becausehey are usuallyimplementedon distributed-
memoryMIMD computersSincethe computatiorto communicatiornratio is usually
high,they areoccasionallycalledcoarse-graine@As.Finally, multiple-demesGAsre-
semblethe“island model”in PopulationGeneticsvhich considerselatively isolated
demessotheparallelGAs arealsoknown as“island” parallelGAs.

Sincethe size of the demesis smallerthanthe populationusedby a serial GA,
we would expectthatthe parallel GA corvergesfaster However, whenwe compare
the performanceof the serialandthe parallelalgorithms,we mustalsoconsiderthe
quality of the solutionsfound in eachcase.Therefore,while it is true that smaller
demescorvergefasterit is alsotrue thatthe quality of the solutionmight be poorer
Sectionll presents recenttheorythatpredictsthe quality of the solutionsfor some
extremecasef multi-demeparallel GAs, and allows us to make fair comparisons
with serialGAs.

It is importantto emphasizehat while the masterslave parallelizationmethod
doesnotaffectthebehavior of thealgorithm,thelasttwo methodshangehewaythe
GA works.For example,in masterslave parallelGAs, selectiontakesinto accountll
thepopulation but in the othertwo parallelGAs, selectiononly considersa subsebf
individuals.Also, in the masterslave ary two individualsin the populationcanmate
(i.e.,thereis randommating),but in the othermethodanatingis restrictedo a subset
of individuals.

Thefinal methodto parallelizeGAs combinesnultiple demeswvith masterslave or
fine-grainedsAs.We call this classof algorithmshierarchicaparallelGAs,becausat



Figure2. A sthematicof a fine-grainedparallel GA. This classof parallel GAshas
one spatially-distrituted population,and it can be implementedrery effi-
cientlyon massivelyparallel computes.

Figure 3. A schematicof a multiple-populatiorparallel GA.Ead procesds a simple
GA,andthere s (infrequentcommunicatiorbetweerthe populations.



ahigherlevel they aremultiple-demealgorithmswith single-populatiorparallel GAs

(either masterslave or fine-grained)at the lower level. A hierarchicalparallel GAs

combineghebenefitsof its componentsandit promisedetterperformancehanary

of themalone.Sectionl10reviews theresultsof someimplementationsf hierarchical
parallelGAs.

4. Early Studies

Despiteall the growing attentionthatparallelcomputatiorhasrecevedin thelast
15yearstheideaof building massiely parallelcomputerss mucholder. For example,
in the late 1950sJohnHolland proposedan architecturefor parallelcomputerghat
couldrunanundeterminediumberof programsoncurrenthfHOL 59, HOL 60Q]. The
hardware of Holland’s computerwas composedf relatively simpleinterconnected
modulesandtheprogramsunningonthesemachinegouldmodify themselesasthey
were executing,mainly to adaptto failuresin the hardware.One of the applications
that Holland hadin mind for this computerwas the simulationof the evolution of
naturalpopulations.

The “iterative circuit computers”asthey werecalled,werenever built, but some
of the hardware of the massiely parallelcomputersof the 1980s(e.g., Connection
Machine 1) usethe samemodularconceptof Holland's computers.The software,
however, is not very flexible in themorerecentcomputers.

An earlystudyof how to parallelizegeneticalgorithmswasconductedy Bethke
[BET 76]. He describedglobal) parallelimplementation®f a conventionalGA and
of aGA with ageneratiorgap(i.e.,it only replaces portionof its populationin every
generation)andanalyzeahe efficiency of the both algorithms.His analysisshaved
thatglobal parallel GAs may have an efficiency closeto 100%in SIMD computers.
He alsoanalyzedyradient-basedptimizersandidentifiedsomebottleneckghatlimit
their parallelefficiency.

Anotherearly studyon how to mapgeneticalgorithmsto existing computerarchi-
tecturesvasmadeby Grefenstett¢GRE 81]. He proposedour prototypedor paral-
lel GAs; thefirst threearevariationsof the masterslave schemeandthefourthis a
multiple-populationGA. In thefirst prototype the mastermprocessostoresthe popu-
lation, selectghe parentsof the next generationandappliescross@er andmutation.
Theindividualsaresentto slave processorto be evaluatedandreturnto themasterat
theendof everygenerationThe secondorototypeis very similar to thefirst, but there
is no cleardivision betweergenerationsihenary slave processofinishesevaluating
anindividual it returnsit to the masterandrecevesanotherindividual. This scheme
eliminatesthe needto synchronizeavery generatiorandit canmaintaina high level
of processoutilization, evenif theslave processorsperateat differentspeedsin the
third prototypethe populationis storedin sharedmemory which canbe accessedty
the slavesthat evaluatethe individualsand apply geneticoperatorandependentlyof
eachother

Grefenstettesfourth prototypes amultiple-populatiorGA wherethebestindivid-



ualsof eachprocessoarebroadcasevery generatiorto all the others.The comple-
ity of multiple-demeparallelGAs wasevidentfrom this early proposaland Grefen-
stetteraisedseveral“interestingquestions’aboutthefrequeng of migration,thedes-
tination of the migrants(topology), and the effect of migration on preventing pre-
maturecorvergence.This is the only prototypethat was implementedsometime
later [PET 87b, PET874 andwe review someof the resultsin Section6. Grefen-
stettealsohintedat the possibility of combiningthe fourth prototypewith ary of the
otherthree therebycreatinga hierarchicabparallelGA.

5. Master-Slave Parallelization

This sectionreviewsthe masterslave (or global) parallelizatiormethod Thealgo-
rithm usesa singlepopulationandthe evaluationof theindividualsand/ortheapplica-
tion of geneticoperatorsaredonein parallel.As in theserialGA, eachindividual may
competeandmatewith ary other(thusselectionandmatingareglobal). Global par
allel GAs areusuallyimplementecasmasterslave programswherethe masterstores
thepopulationandthe slavesevaluatethefitness.

The mostcommonoperationthatis parallelizeds the evaluationof theindividu-
als,becausehefitnessof anindividualis independentrom therestof the population,
andthereis no needto communicateduring this phase .The evaluationof individu-
alsis parallelizedby assigninga fraction of the populationto eachof the processors
available.Communicatioroccursonly aseachslave recevesits subsebf individuals
to evaluateandwhentheslavesreturnthefitnessvalues.

If thealgorithmstopsandwaitsto receve thefitnessvaluesfor all the population
beforeproceedingnto the next generationthenthe algorithmis synchronousA syn-
chronousnasterslave GA hasexactlythesamepropertiesasasimpleGA, with speed
beingthe only difference However, it is alsopossibleto implementanasynchronous
masterslave GA wherethe algorithmdoesnot stopto wait for ary slow processors,
but it doesnot work exactly like a simpleGA. Most global parallelGA implementa-
tionsaresynchronousndtherestof the paperassumethatglobalparallelGAs carry
outthe exactsamesearchof simpleGAs.

The global parallelizationmodeldoesnot assumearything aboutthe underlying
computerarchitectureandit canbeimplementecefficiently on shared-memorand
distributed-memorycomputersOn a shared-memorynultiprocessarthe population
couldbestoredn sharednemoryandeachprocessocanreadtheindividualsassigned
to it andwrite the evaluationresultshackwithoutany conflicts.

Onadistributed-memorcomputerthe populationcanbe storedin oneprocessar
This “master” processorvould be responsibldor explicitly sendingthe individuals
to theotherprocessorgthe “slaves”) for evaluation,collectingtheresults,andapply-
ing the geneticoperatordo producethe next generationThe numberof individuals
assignedo ary processomay be constantbut in somecaseglike in a multiuser
environmentwherethe utilization of processorss variable)it may be necessaryo
balancehe computationaload amongthe processorsy usinga dynamicscheduling



algorithm(e.g.,guidedself-scheduling).

FogartyandHuang[FOG 91] attemptedo evolve asetof rulesfor apolebalancing
applicatiorwhichtakesaconsiderablémeto simulate They usedanetwork of trans-
puterswhich are microprocessordesignedspecificallyfor parallelcomputationsA
transputercanconnectdirectly to only four transputer@ndcommunicatiorbetween
arbitrary nodesis handledby retransmittingmessagesThis causesan overheadin
communicationsandin anattemptto minimizeit, FogartyandHuangconnectedhe
transputersn differenttopologies.They concludedhatthe configurationof the net-
work did not make a significantdifference They obtainedreasonablspeed-upsyut
identifiedthefast-graving communicatioroverheadasanimpedimentor furtherim-
provementsn speed.

AbramsorandAbelaJABR 92] implemented GA onashared-memorgomputer
(anEncoreMultimax with 16 processordp searcHor efficienttimetabledor schools.
They reportedimited speed-upsandblamedafew sectionof serialcodeonthecriti-
cal pathof the programfor theresults Later, AbramsonMills, andPerkins/ABR 93]
addeda distributed-memorymachine(a Fujitsu AP1000with 128 processorsjo the
experimentsgchangedheapplicationto train timetablesandmodifiedthe code.This
time, they reportedsignificant(andalmostidentical)speed-up$or upto 16 processors
onthetwo computersbut the speed-upslegradesignificantlyasmoreprocessorare
addedmainly dueto theincreasén communications.

A morerecentimplementatiorof a global GA is the work by Hauserand Man-
ner[HAU 94]. They usedthreedifferentparallelcomputershut only obtainedgood
speed-up®n a NERV multiprocesso(speed-umf 5 using6 processors)thathasa
very low communication®verheadThey explainthe poorperformancen the other
systemghey used(a SparcSergranda KSR1)on theinadequatechedulingpf com-
putationthreadgo processordy the system.

Anotheraspectf GAsthatcanbeparallelizeds theapplicationof thegeneticop-
eratorsCrosse@erandmutationcanbeparallelizedusingthe samedeaof partitioning
the populationanddistributing the work amongmultiple processors-owever, these
operatorsaresosimplethatit is verylikely thatthetime requiredto sendindividuals
backandforth would offsetany performanceains.

Thecommunicatioroverheadilsoobstructgheparallelizatiorof selectionmainly
becauseseveralforms of selectionneedinformationaboutthe entire populationand
thusrequiresomecommunicationRecently Branke [BRA 97| parallelizeddifferent
typesof global selectionon a 2-D grid of processorandshow that their algorithms
are optimal for the topology they use (the algorithmstake O(,/n) time stepson a
Vn x /n grid).

In conclusionmasterslave parallel GAs are easyto implementandit canbe a
very efficient methodof parallelizationwhenthe evaluationneedsconsiderableom-
putations Besidesthe methodhasthe advantageof not alteringthe searchbehavior
of the GA, sowe canapplydirectly all thetheoryavailablefor simpleGAs.



6. Multiple-Deme Parallel GAs — The First Generation

The importantcharacteristicef multiple-demeparallel GAs arethe useof a few
relatively large subpopulationsndmigration.Multiple-demeGAs arethe mostpop-
ular parallelmethod,andmary papershave beenwritten describinginnumerableas-
pectsand detailsof their implementationObviously, it is impossibleto review all
thesepapersandthereforethis sectionpresent®nly the mostinfluentialpapersaanda
few relevantexamplesof particularimplementationsindapplications.

Probablythefirst systematicstudyof parallelGAs with multiple populationsvas
Grossos dissertatiofGRO 85]. His objective wasto simulatethe interactionof sev-
eral parallelsubcomponentsf an evolving population.Grossosimulateddiploid in-
dividuals(sothereweretwo subcomponent®r each‘gene”),andthepopulationwas
dividedinto five demesEachdemeexchangedndividualswith all the otherswith a
fixedmigrationrate.

With controlledexperiments Grossofound that the improvementof the average
populatiorfitnesswasfasterin thesmallerdemeghanin asinglelargepanmicticpop-
ulation. This confirmsa long-heldprinciplein PopulationGenetics favorabletraits
spreadasterwhenthe demesaresmallthanwhenthe demesarelarge. However, he
alsoobsenedthatwhenthedemeswvereisolated therapidrisein fithessstoppedat a
lower fitnessvaluethanwith the large population.In otherwords,the quality of the
solutionfoundaftercorvergencevasworsein theisolatedcasethanin thesinglepop-
ulation.With alow migrationrate thedemesstill behaedindependentlyandexplored
differentregionsof the searclspaceThemigrantsdid not have a significanteffecton
thereceving demeandthe quality of the solutionswassimilar to the casewherethe
demeswereisolated However, atintermediatemigrationratesthe dividedpopulation
foundsolutionssimilarto thosefoundin the panmicticpopulation Theseobsenations
indicatethatthereis a critical migrationratebelow which the performancef the al-
gorithmis obstructedby theisolationof the demesandabove which the partitioned
populationfinds solutionsof the samequality asthe panmicticpopulation.

In asimilar parallel GA by Pette, Leuze,and Grefenstett¢PET 874, a copy of
the bestindividual foundin eachdemeis sentto all its neighborsafter every gener
ation. The purposeof this constantcommunicationvasto ensurea good mixing of
individuals.Like Grosso,the authorsof this paperobsened that parallel GAs with
sucha high level of communicatiorfound solutionsof the samequality asa sequen-
tial GA with a singlelarge panmicticpopulation.Theseobsenrationspromptedother
questionghatarestill unresohedtoday: (1) Whatis thelevel of communicatiomec-
essaryto make a parallel GA behae like a panmicticGA ? (2) What s the costof
this communicatior? And, (3) is the communicatiorcostsmall enoughto make this
aviablealternatve for the designof parallelGAs? More researchs necessaryo un-
derstandhe effect of migrationon the quality of thesearchin parallelGAsto beable
to answerthesequestions.

It is interestingthat suchimportantobsenationswere madeso long ago, at the
sametime thatothersystematistudiesof parallelGAs wereundervay. For example,
TanesqdTAN 87] proposed parallelGA with the demesconnectedn a 4-D hyper



cubetopology In Taneses algorithm, migrationoccurredat fixed intenals between
processoralongonedimensionof the hypercubeThe migrantswerechosernproba-
bilistically from the bestindividualsin the subpopulationandthey replacedheworst
individualsin thereceving deme.Tanesecarriedout threesetsof experimentsin the
first, theinterval betweermigrationswassetto 5 generationsandthe numberof pro-
cessoryaried.In testswith two migrationratesandvaryingthenumberof processors,
theparallelGA foundresultsof the sameqguality astheserial GA. However, it is diffi-
cult to seefrom the experimentaresultsif the parallelGA foundthe solutionssooner
thanthe serial GA, becauseéhe rangeof the timesis too large. In the secondset of
experimentsTaneses/ariedthemutationandcross@erratesin eachdeme attempting
to find parametewraluesto balanceexplorationandexploitation. The third setof ex-
perimentsstudiedthe effect of the exchangerequeng on the searchandthe results
shavedthatmigratingtoo frequentlyor too infrequentlydegradedhe performancef
thealgorithm.

Also in this year Cohoon,Hedge Martin, andRichardsnotedcertainsimilarities
betweenthe evolution of solutionsin the parallel GA andthe theory of punctuated
equilibria[COH 87]. This theorywasproposedy ElredgeandGouldto explainthe
missinglinks in the fossil record.It statesthat mostof the time, populationsarein
equilibrium(i.e., thereareno significantchangesn its geneticcomposition) put that
change®ntheenvironmentcanstarta rapidevolutionarychangeAn importantcom-
ponentof theenvironmentof apopulationis its own compositionbecauséndividuals
in a populationmustcompetefor resourcesvith the othermembersTherefore the
arrival of individualsfrom otherpopulationscanpunctuatehe equilibrium andtrig-
ger evolutionary changesin their experimentswith the parallel GA, Cohoonet al.
noticedthattherewasrelatively little changebetweenmigrations,but new solutions
werefoundshortlyafterindividualswereexchanged.

Cohoonetal. useda linear placemenproblemasa benchmarkandexperimented
by connectingthe demesusing a meshtopology However, they mentionedthat the
choiceof topologyis probablynot very importantin the performancef the parallel
GA, aslongasit hashigh connectvity anda smalldiametetto ensureadequatémix-
ing’ astime progresses'Notethatthemeshtopologythey choses denselyconnected
andit alsohasa small diameter{O+/r, wherer is the numberof demes)This work
waslaterextendedby the samegroupusinga VLSI application(a graphpartitioning
problem)on a 4-D hypercubégopology[COH 913 COH 91H. As in the meshtopol-
ogy, thenodesn thehypercubédiave four neighborsbut thediameteiof thehypercube
is shorterthanthemesh(log, r).

Tanesecontinuedherwork with a very exhaustve experimentalstudyon the fre-
gueny of migrationsandthe numberof individualsexchangedachtime [TAN 894.
Shecomparedhe performancef a serial GA againsiparallel GAs with andwithout
communicationAll the algorithmshadthe sametotal populationsize (256 individ-
uals)andexecutedfor 500 generationsTanesdoundthata multi-demeGA with no
communicatiorandr deme=f n individualseachcouldfind — at somepointduring
therun— solutionsof the sameqguality asa singleserial GA with a populationof rn
individuals.However, the averagequality of the final populationwas muchlower in



the parallelisolatedGA. With migration,the final averagequality increasedsignifi-

cantly andin somecasest wasbetterthanthefinal quality in a serial GA. However,

thisresultshouldbeinterpretectarefullybecauséheserial GA did not corvergefully

at the end of the 500 generationsand somefurther improvementwas still possible.
More detailson the experimentsandthe conclusionglerived from this studycanbe
foundin Taneses dissertatiofTAN 891.

A recentpaperby Belding[BEL 95] confirmsTaneses findingsusingRoyal Road
functions.Migrants were sentto a randomdestination ratherthanto a neighborin
the hypercubetopology but the authorclaimedthat experimentswith a hypercube
yieldedsimilarresultsIn mostcasestheglobaloptimumwasfoundmoreoftenwhen
migrationwasusedthanin the completelyisolatedcases.

Evenat this point, wherewe have reviewed only a handfulof examplesof multi-
demeparallel GAs, we may hypothesizesereral reasonghat make thesealgorithms
sopopular:

— Multiple-demeGAs seemlik e a simpleextensionof the serial GA. Therecipe
is simple: take a few corventional(serial) GAs, run eachof themon a nodeof a
parallelcomputerandat somepredeterminetimesexchangeafew individuals.

— Thereisrelatively little extraeffort neededo corvertaserialGA into amultiple-
demeGA. Most of the programof the serial GA remainsthe sameandonly a few
subroutineseedto be addedo implementmigration.

— Coarse-grairparallelcomputersare easily available,and even whenthey are
not, it is easyto simulateone with a network of workstationsor even on a single
processousingfreesoftware(like MPI or PVM).

This sectionreviewed someof the papersthat initiated the systematiaesearch
on parallel GAs with multiple populations,and that raisedmary of the important
guestionghatthisareastill facetoday Thenext sectionreviews morepaperson multi-
demeparallelGAsthatshon how thefield maturedandbeganto exploreotheraspects
of thesealgorithms.

7. Coarse-GrainedParallel GAs — The SecondGeneration

Fromthepapersxaminedn theprevioussectionwe canrecognizeéhatsomevery
importantissuesareemeping. For example parallelGAs arevery promisingin terms
of the gainsin performanceAlso, parallel GAs are more comple thantheir serial
counterpartsln particular the migrationof individualsfrom onedemeto anotheris
controlledby several parameterdike : (a) the topologythat definesthe connections
betweerthe subpopulationgb) a migrationratethat controlshow mary individuals
migrate,and(c) amigrationinterval thataffectsthe frequeng of migrations.

In the late 1980sandearly 1990s,the researcton parallel GAs beganto explore
alternatvesto make parallel GAs fasterandto understandetterhow they worked.
Aroundthistime thefirst theoreticaktudieson parallel GAs beganto appearandthe
empirical researchattemptedo identify favorableparametersThis sectionreviews



someof thatearlytheoreticalwork andexperimentaktudieson migrationandtopolo-
gies.Also in this period,moreresearcherbeganto usemultiple-populationGAs to
solve applicationproblems andthis sectionendswith a brief review of their work.

Oneof the directionsin which the field maturedis thatparallel GAs beganto be
testedwith very large anddifficult testfunctions.A remarkableexampleis the work
by Miihlenbein,SchomischandBorn [MUH 91 who describech parallelGA that
foundtheglobaloptimumof severalfunctionswhich areusedasbenchmarksor opti-
mizationalgorithms Lateron, thefunctionsusedin this papemwereadoptedy other
researcherasbenchmarkgor their own empiricalwork (e.g., [CHE 93, GOR93)).
Muhlenbein,Schomischand Born useda local optimizerin the algorithm,and al-
thoughthey designedan efficient and powerful programiit is not clearwhetherthe
resultsobtainedcanbe creditedto the distributedpopulationor to thelocal optimizer

Muhlenbeinbelievesthat parallelGAs canbe usefulin the studyof evolution of
naturalpopulations[MUH 89a MUH 89h MUH 92, MUH 914. Thisview is shared
by otherswho perceve thata partitionedpopulationwith an occasionakxchangeof
individualsis a closeranalogyto the naturalprocesf evolution thana singlelarge
populationBut, while it is truethatin a parallelGA we canobsene somephenomena
with adirectcounterparin Nature(for example,afavorablechangen achromosome
spreadg$asterin smallerdemedhanin largedemes)the mainintentionof themajority
of theresearcherm thisfield is only to designfastersearchalgorithms.

7.1. Early Theoretical Work

Theconclusionf all the publicationsreviewed sofar arebasedn experimental
results but afterthefirst wave of publicationsdescribingsuccessfuimplementations,
afew theoreticaktudiesappearedA theoreticaltudyof (parallel) GAs is necessary
to achieve a deepemunderstandingf thesealgorithms,sothatwe canutilize themto
their full potential.

Probablythefirst attempto provide atheoreticafoundationto the performancef
aparallelGA wasapapemy Pettey andLeuze[PET 89]. In thisarticlethey described
a derivation of the schematheoremfor parallel GAs whererandomlyselectedndi-
vidualsare broadcastvery generationTheir calculationsshaved that the expected
numberof trials allocatedto schematacanbe boundedby an exponentialfunction,
justasfor serial GAs.

A very importanttheoreticalquestionis to determineif (and underwhat condi-
tions)aparallelGA canfind abettersolutionthanaserial GA. StarkweatheWhitley,
andMathias[STA 91] madetwo importantobsenationsregardingthis questionFirst,
relatively isolateddemesarelikely to corvergeto differentsolutions,and migration
andrecombinatiormay combinepartial solutions.Starkweatheet al. speculatedhat
becausef this a parallel GA with low migrationmay find bettersolutionsfor sep-
arablefunctions.Their secondobsenation wasthat if the recombinationof partial
solutionsresultsin individualswith lower fitness(perhap$ecause¢he functionis not
separable}thenthe serial GA mighthave anadwantage.



7.2. Migration

A signof maturity of thefield is thattheresearctstartedo focuson particularas-
pectsof parallelGAs. This sectionreviews somepublicationghatexplore alternatve
migrationschemeso try to make parallelGAs moreefficient.

In themajority of multi-demeparallelGAs, migrationis synchronousvhichmeans
thatit occursat predeterminedonstantntervals.Migrationmayalsobeasynchronous
so that the demescommunicateonly after someeventsoccut An exampleof asyn-
chronousnigrationcanbefoundin Grossos dissertatiorwherehe experimentedvith
a “delayed” migrationschemewheremigrationis enableduntil the populationwas
closeto corverge.

Braun [BRA 90] usedthe sameidea and presentechn algorithm where migra-
tion occurredafter the demescorverged completely(the authorusedthe term “de-
generate”)with the purposeof restoringdiversity into the demesto prevent prema-
ture corvergenceto a low-quality solution. The samemigration strategy was used
later by Munetomo,Takai, and Sato[MUN 93], and recently Cantd-Rz and Gold-
berg [CAN 97h presentedheoreticalmodelswhich predictthe quality of the solu-
tionswhenafully connectedopologyis used.

Thereis anotherinterestingquestionbeingraisedhere: whenis theright time to
migrate? It seemgthat if migration occurstoo early during the run, the numberof
correctbuilding blocksin themigrantsmaybetoo smallto influencethe searclonthe
right direction,andexpensve communicatiomesourcesvould bewasted.

A differentapproacho migrationwas developedby Marin, Trelles-Salazarand
Sandweal [MAR 94l. They proposed centralizedschemen which slave processors
executea GA on their populationand periodically sendtheir bestpartial resultsto
a masterprocess.Then,the masterprocesschooseghe fittest individuals found so
far (by ary processorjand broadcastghemto the slaves. Experimentalresultson
a network of workstationsshavedthat nearlinear speed-upsanbe obtainedwith a
smallnumberof nodegaroundsix), andtheauthorsclaimthatthis approacttanscale
up to largernetworksbecausehe communications infrequent.

7.3. Communication Topologies

A traditionally neglectedcomponenbf parallelGAs is the topologyof theinter-
connectiorbetweerdemesThetopologyis animportantfactorin the performancef
theparallelGA becausé determinesiow fast(or how slow) agoodsolutiondissem-
inatesto otherdemeslf thetopologyhasa denseconnectity (or a shortdiameter
or both) goodsolutionswill spreadfastto all the demesand may quickly take over
thepopulationOntheotherhand,if thetopologyis sparselyconnectedor hasalong
diameter)solutionswill spreadsloverandthedemeswill bemoreisolatedfrom each
other permittingthe appearancef differentsolutions.Thesesolutionsmay cometo-
getheratalatertime andrecombineo form potentiallybetterindividuals.

The communicatiortopologyis alsoimportantbecausét is a majorfactorin the



costof migration. For instance a denselyconnectedopology may promotea better
mixing of individuals,but it alsoentailshighercommunicatiorcosts.

The generaltrendon multi-demeparallel GAs is to usestatictopologiesthatare
specifiedatthe beginningof therun andremainunchangedvostimplementationsf
parallelGAs with statictopologiesusethe native topologyof the computeravailable
totheresearchers:or example implementationsnhypercubefCOH 913 TAN 893
TAN 89 andrings[GOR 93] arecommon.

A morerecentempiricalstudyshovedthatparallelGAswith densdopologiedind
theglobalsolutionusingfewerfunctionevaluationghanGAswith sparselyconnected
ones[CAN 94]. This studyconsideredully connectedopologies4-D hypercubesa
4 x 4 toroidalmesh andunidirectionalandbidirectionalrings.

The othermajor choiceis to usea dynamictopology In this method,a demeis
not restrictedto communicatevith somefixed setof demesput insteadthe migrants
aresentto demeghatmeetsomecriteria. The motivationbehinddynamictopologies
is to identify the demeswvheremigrantsarelikely to producesomeeffect. Typically,
the criteriausedto choosea demeasa destinationincludesmeasuresf the diversity
of the populationfMUN 93] or a measuref the genotypicdistancebetweenthe two
populationgLIN 94] (or somerepresentateindividual of apopulation]ikethebest).

7.4. Applications

Many applicationprojectsusingmultiple-populatiorparallel GAs have beenpub-
lished.This sectionmentionsonly afew representatie examples.

The graphpartitioningproblemhasbeena popularapplicationof multiple-deme
GAs (seefor examplethework by BessiéreandTalbi [BES 91], CohoonMartin, and
RicharddCOH 914, andTalbiandBessiérel TAL 91]). Thework of Levine[LEV 94]
onthesetpartitioningproblemis outstandingHis algorithmfoundglobalsolutionsof
problemswith 36,699and43,749integervariablesHe foundthatperformancemea-
suredasthequality of thesolutionandtheiterationonwhichit wasfound,increases
moredemeswereaddedAlso, Li andMashford[LI 90] andMiihlenbeinMUH 890
foundadequatsolutionsfor thequadraticassignmenproblem,anotheicombinatorial
optimizationapplication.

Coarse-grainegarallel GAs have alsobeenusedto find solutionsfor the prob-
lem of distributing computingloadsto the processingrodesof MIMD computerdy
NeuhaugNEU 91], MunteanandTalbi [MUN 91], andSeredynsk|SER 94].

Anotherchallengingapplicationis the synthesiof VLSI circuits. Davis, Liu, and
Elias [DAV 94] useddifferenttypesof parallel GAs to searchfor solutionsfor this
problem.Two of the parallel GAs use multiple populations(four demes),and the
otheris a global GA thatusesl6 worker processe$o evaluatethe population.In the
first of the multiple-demeGAs the demesareisolated,andin the secondthe demes
communicatevith some(unspecifiedprogrammablscheduleThis paperis veryin-
terestingpecausé containdwo uncommorelements first, theparallelGAswereim-
plementedisingLinda, a parallelcoordinationlanguagehatis usually(mis)regarded



asbeingslow ; secondthe speed-upsiremeasuredisingthe timesit takesto find a
solutionof a certainfixed quality by the serialandthe parallel GAs. Computingthe
speed-upn this way givesa moresignificantmeasuref the performanceof the par

allel GAsthansimply comparinghetime it takesto runthe GAsfor acertainnumber
of generations.

8. Non-Traditional GAs

Not all multiple-populatiorparallelGAs usethetraditionalgenerationaGA such
asthe onereviewed in Section2. Somenon-traditionalGAs have alsobeenparal-
lelized and someimprovementsover their serial versionshave beenreported.For
example,Maresk/ [MAR 944 usedDavidor's ECO model [DAV 9]] in the nodes
for his distributedalgorithm,and exploreddifferentmigrationschemeswith varying
compleity. The simplestschemewasto do no migrationat all, andjust collectthe
resultsfrom eachnodeatthe endof arun. Themorecomple algorithmsinvolvedthe
migrationof completeECO demes Severalreplacemenpolicieswere exploredwith
only mamginal benefits.

GENITOR is a steady-stat&sA whereonly a few individuals changein every
generationin thedistributedversionof GENITOR[WHI 9(], individualsmigratedat
fixedintervalsto neighborsandreplacedhe worstindividualsin thetargetdeme.A
significantimprovementoverthe serialversionwasreportedn theoriginal paperand
in laterwork by GordonandWhitley [GOR 93].

Therehave also beenefforts to parallelizemessyGAs [GOL 89h. MessyGAs
have two phasesln the primordial phaseheinitial populationis createdusinga par
tial enumerationandit is reducedusingtournamenselectionNext, in the juxtaposi-
tional phasepartial solutionsfoundin the primordial phasearemixedtogetherSince
the primordial phasedominateghe executiontime, Merkle andLamonttried several
datadistribution strat@iesto speedip thisphasdMER 931 extendingpreviouswork
by Dymek[DYM 92]. Theresultsindicatethattherewereno significantdifferences
in the quality of the solutionsfor the differentdistribution strateies, but therewere
significantgainsin the executiontime of thealgorithm.

Merkle, Gates,Lamont,and Pachterparallelizeda fastmessyGA [GOL 934 to
searchfor optimal conformationsof Met-EnkephalinmoleculesMER 934. In this
problem thealgorithmshavedgoodspeed-up$or upto 32 processordyut with more
than32 nodegshe speed-umlid notincreasevery fast.

Kozaand Andre [KOZ 95] useda network of transputergo parallelizegenetic
programmingln their reportthey madean analysisof the computingand memory
requirement®f their algorithm and concludedthat transputersvere the mostcost-
effective solutionto implementit. The 64 demesin their implementatiorwere con-
nectedasa 2-D meshandeachdemehad500individuals.The authorsexperimented
with differentmigration rates,and reportedsuperlinear speed-up$n the computa-
tional effort (notthetotaltime) usingmoderatemigrationrates(around8%o).



9. Fine-Grained Parallel GAs

Fine-grainedparallel GAs have only one population,but it is hasa spatialstruc-
ture thatlimits the interactionsbetweenindividuals.An individual canonly compete
andmatewith its neighborsput sincethe neighborhoodsverlapgoodsolutionsmay
disseminat@crosgheentirepopulation.

RobertsonfROB 87] parallelizedthe geneticalgorithmof a classifiersystemon
a ConnectionMachine 1. He parallelizedthe selectionof parentsthe selectionof
classifiergo replacemating,andcrosseer. Theexecutiontime of hisimplementation
wasindependenbf the numberof classifiers(up to 16K, the numberof processing
elementsn theCM-1).

ASPARAGOSwasintroducedy Gorges-SchleutdGor 89a GOR 89 andMih-
lenbeinMUH 893 MUH 89H. ASPARAGOSuseda populationstructurethatresem-
blesaladderwith the upperandlower endstied together ASPARAGOSwasusedto
solve somedifficult combinatorialoptimizationproblemswith greatsuccessLater,
alinear populationstructurewasused[Gor 91], anddifferentmating stratgieswere
comparedGor 924.

ASPARAGOS usesa local hillclimbing algorithmto improve the fithessof the
individualsin its population.This makesit difficult to isolatethe contribution of the
spatialstructureof the populationto the searchquality. However, all the empirical
resultsshav thatASPARAGOS:is is a very effective optimizationtool.

ManderickandSpiessenfMAN 89 implementedafine-grainecparallelGA with
the populationdistributed on a 2-D grid. Selectionand mating were only possible
within a neighborhoodand the authorsobsenred that the performanceof the algo-
rithm degradedasthe size of the neighborhoodncreasedOn the extreme.,if thesize
of theneighborhoodvashbig enoughthis parallelGA wasequwalentto a singlepan-
mictic population.The authorsanalyzedthis algorithm theoreticallyin subsequent
years[SP190, SP191], andtheir analysisshavedthatfor a demesizes anda string
lengthi, thetime complexity of the algorithmwasO(s + 1) or O(s(log s) + 1) time
stepsdependingn the selectionschemeaused.

Recently Sarmaand De Jong[SAR 96] analyzedthe effectsof the sizeandthe
shapeof theneighborhoodn the selectiormechanismandfoundthattheratio of the
radiusof theneighborhoodo theradiusof thewholegrid is acritical parametewhich
determinesheselectiorpressureverthewhole population.Theiranalysigquantified
how thetime to propagatea goodsolutionacrosshe whole populationchangedwith
differentneighborhoodizes.

It is commonto placethe individualsof a fine-grained®PGA in a 2-Dimensional
grid, becausén mary massvely parallelcomputerghe processinglementsarecon-
nectedwith thistopology However, mostof thesecomputersalsohave aglobalrouter
thatcansendmessageto ary processoin the network (at a highercost),andother
topologiesmay be simulatedon top of the grid. Schwehm[SCH 92] comparedhe
effect of usingdifferentstructureson the populationof fine-grainedGAs. In this pa-
per, agraphpartitioningproblemwasusedasabenchmarko testdifferentpopulation
structuresimulatedon a MasRar MP-1 computer The structuregestedverearing, a



torus,al6 x 8 x 8 cubea4 x 4 x 4 x 4 x 4 hypercubeanda 10-D binaryhypercube.
Thealgorithmwith thetorusstructurecorvergedfasterthanthe otheralgorithms but
thereis no mentionof the resultingquality.

AnderssorandFerris[AND 90] alsotried differentpopulationstructuresandre-
placementlgorithms.They experimentedwith two rings, a hypercubetwo meshes
andan “island” structurewhereonly one individual of eachdemeoverlappedwith
otherdemesThey concludedhatfor the particularproblemthey weretrying to solve
(assemblyline balancing)the ring andthe “island” structureswverethe best.Baluja
comparedwo variationson a linear structureanda 2-D mesh [BAL 92, BAL 93],
andfoundthatthe meshgave the bestresultson almostall the problemsested.

Of course fine-grainedparallel GAs have beenusedto solve somedifficult ap-
plicationproblems A popularproblemis two-dimensionabin packing,andsatishc-
tory solutionshave beenfound by Kroger, SchwenderlingandVornbeger[KRO 91,
KRO 92, KRO 93]. Thejob shopschedulingoroblemis alsovery popularin GA lit-
eratureand TamakiandNishikava [TAM 92] successfullyappliedfine-grainedSAs
to find adequateolutions.

Shapiroand Naveta [SHA 94] useda fine-grainedGA algorithmto predictthe
secondarstructureof RNA. They usedthe native X-Net topology of the MasRar-2
computeto definetheneighborhooaf eachindividual. The X-Nettopologyconnects
aprocessinglemento eightotherprocessordifferentlogicaltopologiesveretested
with the GA : all eight nearesneighborsfour nearesnheighborsandall neighbors
within a specifieddistanced. Theresultsfor d > 2 werethe poorestandthe four-
neighborschemeconsistentlyoutperformedhetopologywith eightneighbors.

A few papersompardine-andcoarse-grainegarallelGAs [BAL 93, GOR93).
In thesecomparisonsometimedine-grainedGAs comeaheadof the coarse-grained
GAs, but sometimedt is justthe opposite The problemis thatcomparisongannothe
madein absoluteterms,instead we mustmake clearwhat do we wantto minimize
(e.g.,wall clock time) or maximize(e.g., the quality of the solution)and make the
comparisorbasedn our particularcriteria.

Gordon,Whitley, and B6hm [GOR 924 shawed that the critical path of a fine-
grainedalgorithmis shorterthanthatof a multiple-populatiorGA. This meanghatif
enoughprocessorsvereavailable,massiely parallelGAswould needesstimeto fin-
ish their execution,regardlesof the populationsize.However, it is importantto note
thatthis wasa theoreticalstudythatdid not includeconsiderationsuchasthe com-
municationdandwidthor memoryrequirementsGordon[GOR 94] alsostudiedthe
spatiallocality of memoryreference# differentmodelsof parallelGAs. Thisanaly-
sisis usefulin determininghe mostadequateomputingplatformfor eachmodel.

10. Hierar chical Parallel Algorithms
A few researcherhave tried to combinetwo of the methodsto parallelizeGAs,

producinghierarchicabparallelGAs. Someof thesenew hybrid algorithmsadda new
degreeof compleity to thealreadycomplicatedsceneof parallelGAs, but otherhy-



Figure4. Thishierarchical GA combinesa multi-demeGA (at theupperlevel) anda
fine-gminedGA (at thelower level).

bridsmanageo keepthe samecompleity asoneof theircomponents.

Whentwo methodsof parallelizingGAs arecombinedthey form a hierarchy At
the upperlevel mostof the hybrid parallel GAs are multiple-populatioralgorithms.
Somehybridshave a fine-grainedGA at the lower level (seeFigure4). For example
Gruau[GRU 94] inventeda “mixed” parallelGA. In his algorithm,the populationof
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Figure5. A schematicof a hierarchical parallel GA. At theupperlevelthis hybridis
a multi-demeparallel GAwhere eat nodeis a masterslaveGA.



Figure 6. Thishybrid usesnulti-demeGAsat boththe upperandthelowerlevels.At
the lower level the migration rate is fasterand the communicationsopol-
ogy is mud densetthanat theupperlevel.

eachdemewas placedon a 2-D grid, andthe demesthemseleswere connectedas
a 2-D torus.Migration betweerdemesoccurredat regularintervals,andgoodresults
werereportedfor anovel neuralnetwork designandtrainingapplication.
ASPARAGOS was updatedrecently[GOR 97], andits ladderstructurewasre-
placedby aring, becausehe ring hasa longerdiameterand allows a betterdiffer-
entiationof the individuals. The new version(Asparagos96jnaintainsseveral sub-
populationghat arethemselesstructuredasrings. Migration acrosssubpopulations
is possibleandwhena demecorvergesit recevesthe bestindividual from another
deme After all the populationsconverge,Asparagos9éakesthe bestandsecondest
individualsof eachpopulationandusesghemastheinitial populationfor afinal run.
Lin, GoodmanandPuncHhLIN 97] alsousedamulti-populationGA with spatially-
structuredsubpopulationsinterestingly they alsouseda ring topology— which is
very sparseandhasa long diameter— to connecthe subpopulationdyut eachdeme
was structuredas a torus. The authorscomparedheir hybrid againsta simple GA,
a fine-grainedGA, two multiple-populationGAs with a ring topology (one uses5
demesandvariabledemesizesthe otherusesa constandemesizeof 50 individuals
anddifferentnumberof demes)andanothemulti-demeGA with demesconnected
onatorus.Usingajob shopschedulingoroblemasabenchmarkthey noticedthatthe
simpleGA did notfind solutionsasgoodasthe othermethodsandthataddingmore
demedo the multiple-populationGAs improvedthe performancemorethanincreas-
ing thetotal populationsize. Their hybrid foundbettersolutionsoverall.
Anothertypeof hierarchicaparallelGA usesa masterslase on eachof thedemes
of a multi-populationGA (seeFigure5). Migration occurshetweendemesandthe



evaluationof theindividualsis handledn parallel. This approachdoesnotintroduce
new analyticproblemsandit canbe usefulwhenworking with complex applications
with objective functionsthatneeda considerabl@mountof computatiortime. Bian-
chiniandBrown [BIA 93] presente@nexampleof thismethodof hybridizingparallel
GAs, andshowvedthatit canfind a solutionof the sameguality of a masterslave par
allel GA or amulti-demeGA in lesstime.

Interestingly a very similar conceptwasinventedby Goldbeg [GOL 894 in the
context of an object-orientedmplementatiorof a “community model” parallel GA.
In each“community” therearemultiple housesvhereparentseproduceandthe off-
springareevaluated Also, therearemultiple communitiesandit is possiblethatindi-
vidualsmigrateto otherplaces.

A third methodof hybridizing parallel GAs is to use multi-demeGAs at both
the upperandthe lower levels (seeFigure 6). The ideais to force panmicticmixing
at the lower level by usinga high migrationrate and a densetopology while a low
migrationrateis usedatthehighlevel [GOL 96]. Thecompleity of thishybridwould
be equivalentto a multiple-populationGA if we considerthe groupsof panmictic
subpopulationasa singledeme This methodhasnot beenimplementedset.

Hierarchicalimplementationsan reducethe executiontime more than ary of
their componentsalone.For example,considerthatin a particulardomainthe opti-
mal speed-uwf a masterslave GA is Sp,,s, andthe optimal speed-umf a multiple-
demeGA is Spmq. Theoverallspeed-upf ahierarchicalGA thatcombineghesetwo
methodswvouldbe Sp.,s X Spma-

11. RecentAdvancements

This sectionsummarizesomerecentadvancementsn the theoreticalstudy of
parallelGAs. First, the sectionpresents resulton masterslave GAs, andthenthere
is ashortpresentatiommf a demesizingtheoryfor multiple-populationGAs.

An importantobsenationon masterslave GAsis thatasmoreprocessorareused,
the time to evaluatethe fitnessof the populationdecreasesBut at the sametime,
the costof sendingthe individualsto the slavesincreasesThis tradeof betweendi-
minishingcomputationtimesandincreasingcommunicatiortimesentailsthat there
is an optimal numberof slaves that minimizesthe total executiontime. A recent

study[CAN 974 concludedthat the optimalis S* = ,/%, wheren is the popu-
lation size, T is the time it takesto do a single function evaluation,andT is the
communicationsime. Theoptimalspeed-ugs 0.55*.

A naturalstartingpointin theinvestigatiorof multiple-populationGAs is the size
of thedemespecausehesizeof the populationis probablythe parametethataffects
mostthesolutionquality of theGA [GOL 91, GOL 92, HAR 97]. RecentlyCantu-Rz
andGoldbeg [CAN 971 extendeda simpleGA populationsizing modelto account
for two boundingcase®f coarse-graine@As. Thetwo boundingcasesverea setof
isolateddemesandasetof fully connectedlemesin thecaseof theconnectedlemes,
themigrationrateis setto the highestpossiblevalue.
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Figure7. A deceptivet-bit trap functionof unity. The horizontalaxisis the number
of bits setto 1 andthevertical axisis thefitnessvalue Thedifficulty of this
functioncan bevaried easilyby usingmotre bits in the basinof the decep-
tive optimum,or by reducingthe fitnessdifferencebetweerthe global and
deceptivenaxima.Thefirsttestproblemwasconstructedy concatenating
20 copiesof this functionand the secondtest problemis formedwith 20
copiesof a similar deceptivéunctionof 8 bits.

The populationsize is also the major factorto determinethe time that the GA
needdo find the solution. Therefore the demesizing modelsmay be usedto predict
the executiontime of the parallel GA, andto compareit with the time needecdby a
serial GA to reacha solutionof the samequality. Canti-RizandGoldbeg [CAN 97d
integratedthe demesizing modelswith a modelfor the communicationgime, and
predictecthe expectedparallelspeed-up$or thetwo boundingcases.

Therearethreemainconclusiongrom thistheoreticabnalysisFirst, theexpected
speed-upvhenthe demesareisolatedis not very significant(seeFigures7 and8).
Secondthespeed-ups muchbetterwhenthe demescommunicateAnd finally, there
is an optimal numberof demes(and an associatedlemesize) that maximizesthe
speed-uggseeFigure9).

Theidealizedooundingmodelscanbe extendedn severaldirectionsfor example
to considersmallermigrationratesor more sparselyconnectedopologies.The fact
that thereis an optimal numberof demeslimits the processorshat canbe usedto
reducethe executiontime. Using more thanthe optimal numberof demesis waste-
ful, andwould resultin a slower algorithm.Hierarchicalparallel GAs canusemore
processoregffectively andreducethe executiontime morethana puremultiple-deme
GA.

Parallel GAs arevery complex and, of course thereare mary problemsthatare
still unresohed.A few examplesare: (1) to determinethe migrationratethatmakes
distributeddemesbehae like a singlepanmicticpopulation,(2) to determinean ad-
equatecommunicationsopologythat permitsthe mixing of goodsolutions but that
doesnotresultin excessve communicatiorcosts(3) find if thereis anoptimalnumber
of demeghatmaximizegreliability.
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Figure 8. Projectedand experimentalspeed-ups$or testfunctionswith 20 copiesof
4-bit and 8-bit trap functionsusingfrom 1 to 16 isolateddemesThethin
lines showthe experimentalresultsand the thick lines are the theoeetical
predictions.Thequality demandedvasto find at least16 copiescorrect.

12. Summary and Conclusions

This paperreviewed someof the mostrepresentatie publicationson parallelge-
neticalgorithms.Thereview startedby classifyingthework onthisfield into four cat-
egories: global masterslave parallelization fine-grainedalgorithms,multiple-deme,
and hierarchicalparallel GAs. Someof the mostimportantcontritutionsin eachof
thesecateyorieswereanalyzedio try to identify theissueghataffect the designand
theimplementatiorof eachclassof parallelGAs on existing parallelcomputers.

Theresearcton parallelGAs is dominatedby multiple-demealgorithms,andin
consequencehis suney focusedon them. The surey on multiple-populationGAs
revealedthat thereare several fundamentafjuestionghat remainunanswerednary
yearsafterthey werefirst identified. This classof parallelGAs is very comple, and
its behavior is affectedby mary parameterslt seemghatthe only way to achieve a
greatemunderstandingf parallelGAs s to studyindividual facetandependentlyand
we have seernthatsomeof themostinfluentialpublicationsn parallelGAs concentrate
on only one aspect(migration rates,communicationtopology or demesize) either
ignoringor makingsimplifying assumptionsn the others.

We alsoreviewed publicationson masterslave andfine-grainedarallelGAs and
realizedthatthe combinationof differentparallelizationstratgjiescanresultin faster
algorithms.It is particularlyimportantto considerthe hybridizationof paralleltech-
niguesin thelight of recentresultswhich predictthe existenceof anoptimalnumber
of demes.

As GAs areappliedto largerandmoredifficult searchproblemsjt becomesec-
essaryto designfasteralgorithmsthatretainthe capabilityof finding acceptablsolu-
tions. This surwey haspresentechumerousxamplesthatshow thatparallel GAs are
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Figure9. Projectedand experimentalspeed-upsor testfunctionswith 20 copiesof
4-bitand8-bit trap functionsusingfrom1 to 16 fully connectediemesThe
quality requirrmentwasto find at least16 correctcopies.

capableof combiningspeedandefficacy, andthatwe arereachingabetterunderstand-
ing which shouldallow usto utilize thembetterin thefuture.
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