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ABSTRACT. Geneticalgorithms(GAs) arepowerful searchtechniquesthatareusedsuccess-
fully to solve problemsin many differentdisciplines.ParallelGAs areparticularlyeasyto im-
plementandpromisesubstantialgainsin performance.As such,therehasbeenextensive re-
searchin thisfield. Thissurvey attemptsto collect,organize,andpresentin aunifiedwaysome
of the most representative publicationson parallelgeneticalgorithms.To organizethe litera-
ture,thepaperpresentsa categorizationof the techniquesusedto parallelizeGAs, andshows
examplesof all of them.However, sincethemajority of the researchin this field hasconcen-
tratedonparallelGAswith multiplepopulations,thesurvey focuseson this typeof algorithms.
Also, the paperdescribessomeof the most significantproblemsin modelinganddesigning
multi-populationparallelGAsandpresentssomerecentadvancements.
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1. Intr oduction

GeneticAlgorithms(GAs)areefficientsearchmethodsbasedonprinciplesof nat-
ural selectionand genetics.They are being appliedsuccessfullyto find acceptable
solutionsto problemsin business,engineering,andscience[GOL 94]. GAsaregener-
ally ableto find goodsolutionsin reasonableamountsof time,but asthey areapplied
to harderandbiggerproblemsthereis anincreasein thetimerequiredto find adequate
solutions.As aconsequence,therehavebeenmultipleefforts to makeGAsfaster, and
oneof themostpromisingchoicesis to useparallelimplementations.

The objective of this paperis to collect,organize,andpresentsomeof the most
relevantpublicationsonparallelGAs. In orderto organizethegrowing amountof lit-
eraturein thisfield, thepaperpresentsa categorizationof thedifferenttypesof paral-
lel implementationsof GAs.By far, themostpopularparallelGAsconsistin multiple
populationsthat evolve separatelymostof the time andexchangeindividualsocca-
sionally. This typeof parallelGAs is calledmulti-deme,coarse-grainedor distributed
GAs,andthissurvey concentrateson thisclassof algorithm.However, thispaperalso
describestheothermajortypesof parallelGAsanddiscussesbriefly someexamples.

Therearemany examplesin theliteraturewhereparallelGAsareappliedto apar-
ticular problem,but the intentionof this paperis not to enumerateall the instances
whereparallelGAs have beensuccessfulin finding goodsolutions,but instead,to
highlight thosepublicationsthathavecontributedto thegrowth of thefield of parallel
GAs in someways.The survey examinesin moredetail thosepublicationsthat in-
troducesomethingnew or that attemptto explain why this or that works,but it also
mentionsafew of theapplicationproblemsto show thatparallelGAsareusefulin the
“real world” andarenot justanacademiccuriosity.

This paperis organizedasfollows.Thenext sectionis a brief introductionto ge-
neticalgorithmsandSection3 describesa categorizationof parallelGAs.Thereview
of parallelGAs beginsin Section4 with a presentationof earlypublications.Section
5 describesthemaster-slavemethodto parallelizeGAs.Sections6 and7 examinethe
literatureon parallelGAs with multiple populationsandSection8 summarizesthe
researchon fine-grainedparallelGAs. Section9 dealswith hybrid methodsto paral-
lelize GAs. Next, Section10 describessomeopenproblemsin modelinganddesign
andsomerecentadvancements.Thereportendswith a summaryandtheconclusions
of thisproject.

2. GeneticAlgorithms — A Quick Intr oduction

This sectionprovidesbasicbackgroundmaterialon GAs. It definessometerms
anddescribeshow a simpleGA works, but it is not a completetutorial. Interested
readersmayconsultthebookby Goldberg [GOL 89a] for moredetailedbackground
informationonGAs.

Geneticalgorithmsarestochasticsearchalgorithmsbasedonprinciplesof natural
selectionandrecombination.They attemptto find the optimal solutionto the prob-



lem at handby manipulatinga populationof candidatesolutions.The populationis
evaluatedandthebestsolutionsareselectedto reproduceandmateto form thenext
generation.Overanumberof generations,goodtraitsdominatethepopulation,result-
ing in anincreasein thequalityof thesolutions.

The basicmechanismin GAs is Darwinianevolution : badtraits areeliminated
from thepopulationbecausethey appearin individualswhich do not survive thepro-
cessof selection.Thegoodtraitssurviveandaremixedby recombination(mating)to
form betterindividuals.Mutationalsoexists in GAs,but it is considereda secondary
operator. Its functionis to ensurethatdiversityis not lost in thepopulation,sotheGA
cancontinueto explore.

Thenotionof ‘good’ traitsis formalizedwith theconceptof buildingblocks(BBs),
whicharestringtemplates(schemata)thatmatchashortportionof theindividualsand
actasa unit to influencethefitnessof individuals.Theprevailing theorysuggeststhat
GAs work by propagatingBBs usingselectionandcrossover. We follow Goldberg,
Deb,andThierens[GOL 93b], andrestrictthenotionof abuilding blockto theshort-
estschematathatcontributeto theglobaloptimum.In this view, the juxtapositionof
two BBsof order

�
ataparticularstringdoesnot leadto aBB of order � � , but instead

to two separateBBs.
Often,theindividualsarecomposedof abinarystringof afixedlength, � , andthus

GAs explorea searchspaceformedby ��� points.Initially, thepopulationconsistsof
pointschosenrandomly, unlessthereis a heuristicto generategoodsolutionsfor the
domain.In the latter case,a portionof the populationis still generatedrandomlyto
ensurethatthereis somediversityin thesolutions.

Thesizeof thepopulationis importantbecauseit influenceswhethertheGA can
find good solutionsand the time it takes to reachthem [GOL 92, HAR 97]. If the
populationis too small, theremight not be an adequatesupplyof BBs, and it will
bedifficult to identify goodsolutions.If thepopulationis too big, theGA will waste
computationalresourcesprocessingunnecessaryindividuals.This balancebetween
thequalityof thesolutionandthetimethatasimpleGA needsto find it alsoexistsfor
parallelGAs,andlaterweshallseehow it affectstheirdesign.

Eachindividual in the populationhasa fitnessvalue.In general,the fitnessis a
payoff measurethatdependsonhow well theindividualsolvestheproblem.In partic-
ular, GAs areoftenusedasoptimizers,andthefitnessof anindividual is thevalueof
theobjective functionat thepoint representedby thebinarystring.Selectionusesthe
fitnessvalueto identify the individualsthatwill reproduceandmateto form thenext
generation.

SimpleGAs usetwo operatorslooselybasedon naturalgeneticsto explore the
searchspace: crossover andmutation.Crossover is the primaryexplorationmecha-
nismin GAs.Thisoperatortakestwo randomindividualsfrom thosealreadyselected
to form the next generationandexchangesrandomsubstringsbetweenthem.As an
example,considerstrings��� and �	� of length8 :� � = 0 1 1 0 | 1 1 1 1� � = 1 1 1 0 | 0 0 0 0

Thereare ��

� possiblecrossover pointsin stringsof length � . In theexample,a



singlecrossoverpoint is chosenrandomlyas4 (asindicatedby thesymbol| above).
Exchangingsubstringsaroundthe crossover point resultsin two new stringsfor the
next generation:���� = 0 1 1 0 0 0 0 0� �� = 1 1 1 0 1 1 1 1

The recombinationoperationcantake many forms.The exampleabove used1-
point crossover, but it is possibleto use2-point,n-point,or uniform crossover. More
crossover pointsresultin a moreexploratorysearch,but alsoincreasethechanceof
destroying longBBs.

Mutation is usuallyconsidereda secondarysearchoperator. Its function is to re-
storediversitythatmaybelostfromtherepeatedapplicationof selectionandcrossover.
This operatoralterssomerandomvaluewithin a string.For example,take string ���
= 1 1 0 1 1 andassumethat position3 is chosenrandomlyto mutate.The new
stringwould be � � � = 1 1 1 1 1. As in Nature,theprobabilityof applyingmuta-
tion is very low in GAs,but theprobabilityof crossover is usuallyhigh.

Thereareseveralwaysto stopa GA. Onemethodis to stopaftera predetermined
numberof generationsor functionevaluations.Anotheris to stopwhenthe average
qualityof thepopulationdoesnot improveaftersomenumberof generations.Another
commonalternativeis to halt theGA whenall theindividualsareidentical,whichcan
only occurwhenmutationis notused.

3. A Classificationof Parallel GAs

Thebasicideabehindmostparallelprogramsis to divideataskinto chunksandto
solve thechunkssimultaneouslyusingmultiple processors.This divide-and-conquer
approachcanbe appliedto GAs in many differentways,andthe literaturecontains
many examplesof successfulparallelimplementations.Someparallelizationmethods
usea singlepopulation,while othersdivide thepopulationinto severalrelatively iso-
latedsubpopulations.Somemethodscanexploit massivelyparallelcomputerarchitec-
tures,while othersarebettersuitedto multicomputerswith fewer andmorepowerful
processingelements.Theclassificationof parallelGAs usedin this review is similar
to others[ADA 94, GOR93, LIN 94], but it is extendedto includeonemorecategory.

Therearethreemaintypesof parallelGAs : (1) globalsingle-populationmaster-
slave GAs, (2) single-populationfine-grained,and (3) multiple-populationcoarse-
grainedGAs.In a master-slaveGA thereis a singlepanmicticpopulation(justasin a
simpleGA), but theevaluationof fitnessis distributedamongseveralprocessors(see
Figure1). Sincein this typeof parallelGA, selectionandcrossover considertheen-
tire populationit is alsoknown asglobalparallelGAs.Fine-grainedparallelGAs are
suitedfor massively parallelcomputersandconsistof onespatially-structuredpop-
ulation. Selectionandmatingare restrictedto a small neighborhood,but neighbor-
hoodsoverlappermittingsomeinteractionamongall theindividuals(seeFigure2 for
a schematicof this classof GAs). The ideal caseis to have only oneindividual for
everyprocessingelementavailable.
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Figure1. A schematicof a master-slaveparallel GA. Themasterstoresthepopula-
tion, executesGA operations,anddistributesindividualsto theslaves.The
slavesonlyevaluatethefitnessof theindividuals.

Multiple-population(or multiple-deme)GAs aremoresophisticated,asthey con-
sistonseveralsubpopulationswhich exchangeindividualsoccasionally(Figure3 has
a schematic).This exchangeof individuals is calledmigrationand,aswe shall see
in latersections,it is controlledby severalparameters.Multiple-demeGAs arevery
popular, but alsoaretheclassof parallelGAs which is mostdifficult to understand,
becausetheeffectsof migrationarenot fully understood.Multiple-demeparallelGAs
introducefundamentalchangesin theoperationof theGA andhaveadifferentbehav-
ior thansimpleGAs.

Multiple-demeparallelGAs areknown with differentnames.Sometimesthey are
known as “distributed” GAs, becausethey areusually implementedon distributed-
memoryMIMD computers.Sincethecomputationto communicationratio is usually
high,they areoccasionallycalledcoarse-grainedGAs.Finally, multiple-demeGAsre-
semblethe“islandmodel” in PopulationGeneticswhich considersrelatively isolated
demes,sotheparallelGAsarealsoknown as“island” parallelGAs.

Sincethe sizeof the demesis smallerthanthe populationusedby a serialGA,
we would expectthat the parallelGA convergesfaster. However, whenwe compare
the performanceof the serialandthe parallelalgorithms,we mustalsoconsiderthe
quality of the solutionsfound in eachcase.Therefore,while it is true that smaller
demesconvergefaster, it is alsotruethat thequality of thesolutionmight bepoorer.
Section11 presentsa recenttheorythatpredictsthequality of thesolutionsfor some
extremecasesof multi-demeparallelGAs, andallows us to make fair comparisons
with serialGAs.

It is importantto emphasizethat while the master-slave parallelizationmethod
doesnotaffect thebehavior of thealgorithm,thelasttwo methodschangethewaythe
GA works.For example,in master-slaveparallelGAs,selectiontakesinto accountall
thepopulation,but in theothertwo parallelGAs,selectiononly considersa subsetof
individuals.Also, in themaster-slave any two individualsin thepopulationcanmate
(i.e., thereis randommating),but in theothermethodsmatingis restrictedto asubset
of individuals.

Thefinal methodtoparallelizeGAscombinesmultipledemeswith master-slaveor
fine-grainedGAs.Wecall thisclassof algorithmshierarchicalparallelGAs,becauseat



Figure2. A schematicof a fine-grainedparallel GA. Thisclassof parallel GAshas
onespatially-distributedpopulation,and it can be implementedvery effi-
cientlyonmassivelyparallel computers.

Figure3. A schematicof a multiple-populationparallel GA.Each processis a simple
GA,andthere is (infrequent)communicationbetweenthepopulations.



a higherlevel they aremultiple-demealgorithmswith single-populationparallelGAs
(eithermaster-slave or fine-grained)at the lower level. A hierarchicalparallelGAs
combinesthebenefitsof its components,andit promisesbetterperformancethanany
of themalone.Section10reviewstheresultsof someimplementationsof hierarchical
parallelGAs.

4. Early Studies

Despiteall thegrowing attentionthatparallelcomputationhasreceivedin thelast
15years,theideaof buildingmassivelyparallelcomputersismucholder. Forexample,
in the late 1950sJohnHolland proposedan architecturefor parallelcomputersthat
couldrunanundeterminednumberof programsconcurrently[HOL 59, HOL 60]. The
hardwareof Holland’s computerwascomposedof relatively simple interconnected
modulesandtheprogramsrunningonthesemachinescouldmodify themselvesasthey
wereexecuting,mainly to adaptto failuresin thehardware.Oneof theapplications
that Holland had in mind for this computerwas the simulationof the evolution of
naturalpopulations.

The“iterative circuit computers”,asthey werecalled,werenever built, but some
of the hardwareof the massively parallelcomputersof the 1980s(e.g.,Connection
Machine1) usethe samemodularconceptof Holland’s computers.The software,
however, is notveryflexible in themorerecentcomputers.

An earlystudyof how to parallelizegeneticalgorithmswasconductedby Bethke
[BET 76]. He described(global)parallelimplementationsof a conventionalGA and
of aGA with agenerationgap(i.e., it only replacesaportionof its populationin every
generation),andanalyzedtheefficiency of thebothalgorithms.His analysisshowed
thatglobal parallelGAs mayhave an efficiency closeto 100%in SIMD computers.
Healsoanalyzedgradient-basedoptimizersandidentifiedsomebottlenecksthatlimit
theirparallelefficiency.

Anotherearlystudyonhow to mapgeneticalgorithmsto existingcomputerarchi-
tectureswasmadeby Grefenstette[GRE81]. He proposedfour prototypesfor paral-
lel GAs; thefirst threearevariationsof themaster-slave scheme,andthe fourth is a
multiple-populationGA. In thefirst prototype,themasterprocessorstoresthepopu-
lation,selectstheparentsof thenext generation,andappliescrossoverandmutation.
Theindividualsaresentto slaveprocessorsto beevaluatedandreturnto themasterat
theendof everygeneration.Thesecondprototypeis verysimilar to thefirst, but there
is nocleardivisionbetweengenerations,whenany slaveprocessorfinishesevaluating
an individual it returnsit to themasterandreceivesanotherindividual.This scheme
eliminatestheneedto synchronizeevery generationandit canmaintaina high level
of processorutilization,evenif theslaveprocessorsoperateatdifferentspeeds.In the
third prototypethepopulationis storedin sharedmemory, which canbeaccessedby
theslavesthatevaluatethe individualsandapplygeneticoperatorsindependentlyof
eachother.

Grefenstette’sfourthprototypeis amultiple-populationGA wherethebestindivid-



ualsof eachprocessorarebroadcastevery generationto all theothers.Thecomplex-
ity of multiple-demeparallelGAs wasevident from this earlyproposalandGrefen-
stetteraisedseveral“interestingquestions”aboutthefrequency of migration,thedes-
tination of the migrants(topology),and the effect of migration on preventingpre-
matureconvergence.This is the only prototypethat was implementedsometime
later [PET87b, PET87a] andwe review someof the resultsin Section6. Grefen-
stettealsohintedat thepossibilityof combiningthefourth prototypewith any of the
otherthree,therebycreatingahierarchicalparallelGA.

5. Master-SlaveParallelization

Thissectionreviewsthemaster-slave(or global)parallelizationmethod.Thealgo-
rithm usesasinglepopulationandtheevaluationof theindividualsand/ortheapplica-
tion of geneticoperatorsaredonein parallel.As in theserialGA, eachindividualmay
competeandmatewith any other(thusselectionandmatingareglobal).Globalpar-
allel GAsareusuallyimplementedasmaster-slaveprograms,wherethemasterstores
thepopulationandtheslavesevaluatethefitness.

Themostcommonoperationthat is parallelizedis theevaluationof the individu-
als,becausethefitnessof anindividual is independentfrom therestof thepopulation,
andthereis no needto communicateduring this phase.The evaluationof individu-
als is parallelizedby assigninga fractionof thepopulationto eachof theprocessors
available.Communicationoccursonly aseachslave receivesits subsetof individuals
to evaluateandwhentheslavesreturnthefitnessvalues.

If thealgorithmstopsandwaitsto receive thefitnessvaluesfor all thepopulation
beforeproceedinginto thenext generation,thenthealgorithmis synchronous.A syn-
chronousmaster-slaveGA hasexactlythesamepropertiesasasimpleGA, with speed
beingtheonly difference.However, it is alsopossibleto implementanasynchronous
master-slave GA wherethealgorithmdoesnot stopto wait for any slow processors,
but it doesnot work exactly like a simpleGA. Most globalparallelGA implementa-
tionsaresynchronousandtherestof thepaperassumesthatglobalparallelGAscarry
out theexactsamesearchof simpleGAs.

Theglobal parallelizationmodeldoesnot assumeanything aboutthe underlying
computerarchitecture,andit canbe implementedefficiently on shared-memoryand
distributed-memorycomputers.On a shared-memorymultiprocessor, thepopulation
couldbestoredin sharedmemoryandeachprocessorcanreadtheindividualsassigned
to it andwrite theevaluationresultsbackwithoutany conflicts.

Onadistributed-memorycomputer, thepopulationcanbestoredin oneprocessor.
This “master” processorwould be responsiblefor explicitly sendingthe individuals
to theotherprocessors(the“slaves”) for evaluation,collectingtheresults,andapply-
ing the geneticoperatorsto producethenext generation.The numberof individuals
assignedto any processormay be constant,but in somecases(like in a multiuser
environmentwherethe utilization of processorsis variable)it may be necessaryto
balancethecomputationalloadamongtheprocessorsby usinga dynamicscheduling



algorithm(e.g.,guidedself-scheduling).
FogartyandHuang[FOG91] attemptedtoevolveasetof rulesfor apolebalancing

applicationwhichtakesaconsiderabletimeto simulate.They usedanetwork of trans-
puterswhich aremicroprocessorsdesignedspecificallyfor parallelcomputations.A
transputercanconnectdirectly to only four transputersandcommunicationbetween
arbitrarynodesis handledby retransmittingmessages.This causesan overheadin
communications,andin anattemptto minimizeit, FogartyandHuangconnectedthe
transputersin differenttopologies.They concludedthat theconfigurationof thenet-
work did not make a significantdifference.They obtainedreasonablespeed-ups,but
identifiedthefast-growing communicationoverheadasanimpedimentfor furtherim-
provementsin speed.

AbramsonandAbela[ABR 92] implementedaGA onashared-memorycomputer
(anEncoreMultimax with 16processors)to searchfor efficienttimetablesfor schools.
They reportedlimited speed-ups,andblamedafew sectionsof serialcodeonthecriti-
calpathof theprogramfor theresults.Later, Abramson,Mills, andPerkins[ABR 93]
addeda distributed-memorymachine(a FujitsuAP1000with 128processors)to the
experiments,changedtheapplicationto train timetables,andmodifiedthecode.This
time,they reportedsignificant(andalmostidentical)speed-upsfor upto 16processors
on thetwo computers,but thespeed-upsdegradesignificantlyasmoreprocessorsare
added,mainlydueto theincreasein communications.

A morerecentimplementationof a global GA is the work by HauserandMän-
ner [HAU 94]. They usedthreedifferentparallelcomputers,but only obtainedgood
speed-upson a NERV multiprocessor(speed-upof 5 using6 processors),that hasa
very low communicationsoverhead.They explain thepoorperformanceon theother
systemsthey used(a SparcServeranda KSR1)on theinadequateschedulingof com-
putationthreadsto processorsby thesystem.

Anotheraspectof GAsthatcanbeparallelizedis theapplicationof thegeneticop-
erators.Crossoverandmutationcanbeparallelizedusingthesameideaof partitioning
thepopulationanddistributing thework amongmultiple processors.However, these
operatorsaresosimplethat it is very likely thatthetime requiredto sendindividuals
backandforth wouldoffsetany performancegains.

Thecommunicationoverheadalsoobstructstheparallelizationof selection,mainly
becauseseveral forms of selectionneedinformationabouttheentirepopulationand
thusrequiresomecommunication.Recently, Branke [BRA 97] parallelizeddifferent
typesof globalselectionon a 2-D grid of processorsandshow that their algorithms
areoptimal for the topology they use(the algorithmstake ����� ��� time stepson a� ����� � grid).

In conclusion,master-slave parallelGAs areeasyto implementand it canbe a
very efficientmethodof parallelizationwhentheevaluationneedsconsiderablecom-
putations.Besides,themethodhastheadvantageof not alteringthesearchbehavior
of theGA, sowecanapplydirectlyall thetheoryavailablefor simpleGAs.



6. Multiple-Deme Parallel GAs — The First Generation

The importantcharacteristicsof multiple-demeparallelGAs aretheuseof a few
relatively largesubpopulationsandmigration.Multiple-demeGAs arethemostpop-
ular parallelmethod,andmany papershave beenwritten describinginnumerableas-
pectsand detailsof their implementation.Obviously, it is impossibleto review all
thesepapers,andthereforethissectionpresentsonly themostinfluentialpapersanda
few relevantexamplesof particularimplementationsandapplications.

Probablythefirst systematicstudyof parallelGAs with multiple populationswas
Grosso’s dissertation[GRO 85]. His objective wasto simulatetheinteractionof sev-
eralparallelsubcomponentsof anevolving population.Grossosimulateddiploid in-
dividuals(sothereweretwo subcomponentsfor each“gene”),andthepopulationwas
dividedinto five demes.Eachdemeexchangedindividualswith all theotherswith a
fixedmigrationrate.

With controlledexperiments,Grossofound that the improvementof the average
populationfitnesswasfasterin thesmallerdemesthanin asinglelargepanmicticpop-
ulation.This confirmsa long-heldprinciple in PopulationGenetics: favorabletraits
spreadfasterwhenthedemesaresmall thanwhenthedemesarelarge.However, he
alsoobservedthatwhenthedemeswereisolated,therapidrisein fitnessstoppedat a
lower fitnessvaluethanwith the largepopulation.In otherwords,thequality of the
solutionfoundafterconvergencewasworsein theisolatedcasethanin thesinglepop-
ulation.With alow migrationrate,thedemesstill behavedindependentlyandexplored
differentregionsof thesearchspace.Themigrantsdid nothaveasignificanteffecton
thereceiving demeandthequality of thesolutionswassimilar to thecasewherethe
demeswereisolated.However, at intermediatemigrationratesthedividedpopulation
foundsolutionssimilarto thosefoundin thepanmicticpopulation.Theseobservations
indicatethat thereis a critical migrationratebelow which theperformanceof theal-
gorithmis obstructedby theisolationof thedemes,andabove which thepartitioned
populationfindssolutionsof thesamequalityasthepanmicticpopulation.

In a similar parallelGA by Pettey, Leuze,andGrefenstette[PET87a], a copy of
thebestindividual found in eachdemeis sentto all its neighborsafterevery gener-
ation.The purposeof this constantcommunicationwasto ensurea goodmixing of
individuals.Like Grosso,the authorsof this paperobserved that parallelGAs with
sucha high level of communicationfoundsolutionsof thesamequality asa sequen-
tial GA with a singlelargepanmicticpopulation.Theseobservationspromptedother
questionsthatarestill unresolvedtoday: (1) Whatis thelevel of communicationnec-
essaryto make a parallelGA behave like a panmicticGA ? (2) What is the costof
this communication? And, (3) is thecommunicationcostsmallenoughto make this
a viablealternative for thedesignof parallelGAs? More researchis necessaryto un-
derstandtheeffectof migrationon thequalityof thesearchin parallelGAsto beable
to answerthesequestions.

It is interestingthat suchimportantobservationsweremadeso long ago,at the
sametimethatothersystematicstudiesof parallelGAs wereunderway. For example,
Tanese[TAN 87] proposeda parallelGA with thedemesconnectedon a 4-D hyper-



cubetopology. In Tanese’s algorithm,migrationoccurredat fixed intervalsbetween
processorsalongonedimensionof thehypercube.Themigrantswerechosenproba-
bilistically from thebestindividualsin thesubpopulation,andthey replacedtheworst
individualsin thereceiving deme.Tanesecarriedout threesetsof experiments.In the
first, theinterval betweenmigrationswassetto 5 generations,andthenumberof pro-
cessorsvaried.In testswith two migrationratesandvaryingthenumberof processors,
theparallelGA foundresultsof thesamequalityastheserialGA. However, it is diffi-
cult to seefrom theexperimentalresultsif theparallelGA foundthesolutionssooner
thanthe serialGA, becausethe rangeof the timesis too large. In the secondsetof
experiments,Tanesevariedthemutationandcrossoverratesin eachdeme,attempting
to find parametervaluesto balanceexplorationandexploitation.The third setof ex-
perimentsstudiedtheeffect of theexchangefrequency on thesearch,andtheresults
showedthatmigratingtoo frequentlyor too infrequentlydegradedtheperformanceof
thealgorithm.

Also in this year, Cohoon,Hedge,Martin, andRichardsnotedcertainsimilarities
betweenthe evolution of solutionsin the parallelGA andthe theoryof punctuated
equilibria[COH 87]. This theorywasproposedby ElredgeandGould to explain the
missinglinks in the fossil record.It statesthat mostof the time, populationsarein
equilibrium(i.e., thereareno significantchangesin its geneticcomposition),but that
changesontheenvironmentcanstarta rapidevolutionarychange.An importantcom-
ponentof theenvironmentof apopulationis its own composition,becauseindividuals
in a populationmustcompetefor resourceswith the othermembers.Therefore,the
arrival of individualsfrom otherpopulationscanpunctuatetheequilibriumandtrig-
ger evolutionarychanges.In their experimentswith the parallelGA, Cohoonet al.
noticedthat therewasrelatively little changebetweenmigrations,but new solutions
werefoundshortlyafterindividualswereexchanged.

Cohoonet al. useda linearplacementproblemasa benchmarkandexperimented
by connectingthe demesusinga meshtopology. However, they mentionedthat the
choiceof topologyis probablynot very importantin theperformanceof theparallel
GA, aslongasit has“high connectivity andasmalldiameterto ensureadequate‘mix-
ing’ astimeprogresses”.Notethatthemeshtopologythey choseis denselyconnected
andit alsohasa smalldiameter( ��� � , where � is thenumberof demes).This work
waslaterextendedby thesamegroupusinga VLSI application(a graphpartitioning
problem)on a 4-D hypercubetopology[COH 91a, COH91b]. As in themeshtopol-
ogy, thenodesin thehypercubehavefourneighbors,but thediameterof thehypercube
is shorterthanthemesh( ��� � � � ).

Tanesecontinuedherwork with a very exhaustive experimentalstudyon the fre-
quency of migrationsandthenumberof individualsexchangedeachtime [TAN 89a].
Shecomparedtheperformanceof a serialGA againstparallelGAs with andwithout
communication.All the algorithmshadthe sametotal populationsize(256 individ-
uals)andexecutedfor 500generations.Tanesefoundthata multi-demeGA with no
communicationand � demesof � individualseachcouldfind — atsomepointduring
therun— solutionsof thesamequalityasa singleserialGA with a populationof �!�
individuals.However, theaveragequality of thefinal populationwasmuchlower in



the parallel isolatedGA. With migration,the final averagequality increasedsignifi-
cantly, andin somecasesit wasbetterthanthefinal quality in a serialGA. However,
thisresultshouldbeinterpretedcarefullybecausetheserialGA did notconvergefully
at the endof the 500 generationsandsomefurther improvementwasstill possible.
More detailson theexperimentsandtheconclusionsderived from this studycanbe
foundin Tanese’sdissertation[TAN 89b].

A recentpaperby Belding[BEL 95] confirmsTanese’sfindingsusingRoyal Road
functions.Migrantsweresentto a randomdestination,ratherthanto a neighborin
the hypercubetopology, but the authorclaimedthat experimentswith a hypercube
yieldedsimilar results.In mostcases,theglobaloptimumwasfoundmoreoftenwhen
migrationwasusedthanin thecompletelyisolatedcases.

Evenat this point,wherewe have reviewedonly a handfulof examplesof multi-
demeparallelGAs, we mayhypothesizeseveral reasonsthat make thesealgorithms
sopopular:

— Multiple-demeGAs seemlike a simpleextensionof theserialGA. Therecipe
is simple : take a few conventional(serial)GAs, run eachof them on a nodeof a
parallelcomputer, andat somepredeterminedtimesexchangea few individuals.

— Thereis relatively little extraeffort neededtoconvertaserialGA intoamultiple-
demeGA. Most of the programof the serialGA remainsthe sameandonly a few
subroutinesneedto beaddedto implementmigration.

— Coarse-grainparallelcomputersareeasilyavailable,andevenwhenthey are
not, it is easyto simulateone with a network of workstationsor even on a single
processorusingfreesoftware(likeMPI or PVM).

This sectionreviewed someof the papersthat initiated the systematicresearch
on parallel GAs with multiple populations,and that raisedmany of the important
questionsthatthisareastill facetoday. Thenext sectionreviewsmorepapersonmulti-
demeparallelGAsthatshow how thefield maturedandbeganto exploreotheraspects
of thesealgorithms.

7. Coarse-GrainedParallel GAs — The SecondGeneration

Fromthepapersexaminedin theprevioussection,wecanrecognizethatsomevery
importantissuesareemerging.For example,parallelGAsareverypromisingin terms
of the gainsin performance.Also, parallelGAs aremorecomplex thantheir serial
counterparts.In particular, themigrationof individualsfrom onedemeto anotheris
controlledby several parameterslike : (a) the topologythat definesthe connections
betweenthesubpopulations,(b) a migrationratethatcontrolshow many individuals
migrate,and(c) amigrationinterval thataffectsthefrequency of migrations.

In the late1980sandearly1990s,theresearchon parallelGAs beganto explore
alternativesto make parallelGAs fasterandto understandbetterhow they worked.
Aroundthis time thefirst theoreticalstudieson parallelGAs beganto appearandthe
empirical researchattemptedto identify favorableparameters.This sectionreviews



someof thatearlytheoreticalwork andexperimentalstudiesonmigrationandtopolo-
gies.Also in this period,moreresearchersbeganto usemultiple-populationGAs to
solveapplicationproblems,andthissectionendswith abrief review of theirwork.

Oneof thedirectionsin which thefield maturedis thatparallelGAs beganto be
testedwith very largeanddifficult testfunctions.A remarkableexampleis thework
by Mühlenbein,Schomisch,andBorn [MÜH 91b] who describeda parallelGA that
foundtheglobaloptimumof severalfunctionswhichareusedasbenchmarksfor opti-
mizationalgorithms.Lateron, thefunctionsusedin thispaperwereadoptedby other
researchersasbenchmarksfor their own empiricalwork (e.g., [CHE 93, GOR93]).
Mühlenbein,Schomisch,andBorn useda local optimizer in the algorithm,andal-
thoughthey designedan efficient andpowerful program,it is not clearwhetherthe
resultsobtainedcanbecreditedto thedistributedpopulationor to thelocaloptimizer.

MühlenbeinbelievesthatparallelGAs canbeusefulin thestudyof evolution of
naturalpopulations[MÜH 89a, MÜH 89b, MÜH 92, MÜH 91a]. Thisview is shared
by otherswho perceive thata partitionedpopulationwith anoccasionalexchangeof
individualsis a closeranalogyto thenaturalprocessof evolution thana singlelarge
population.But,while it is truethatin aparallelGA wecanobservesomephenomena
with adirectcounterpartin Nature(for example,a favorablechangein achromosome
spreadsfasterin smallerdemesthanin largedemes),themainintentionof themajority
of theresearchersin thisfield is only to designfastersearchalgorithms.

7.1. Early Theoretical Work

Theconclusionsof all thepublicationsreviewedsofar arebasedon experimental
results,but afterthefirst waveof publicationsdescribingsuccessfulimplementations,
a few theoreticalstudiesappeared.A theoreticalstudyof (parallel)GAs is necessary
to achieve a deeperunderstandingof thesealgorithms,sothatwe canutilize themto
their full potential.

Probablythefirst attemptto provideatheoreticalfoundationto theperformanceof
aparallelGA wasapaperby Pettey andLeuze[PET89]. In thisarticlethey described
a derivationof the schematheoremfor parallelGAs whererandomlyselectedindi-
vidualsarebroadcastevery generation.Their calculationsshowed that the expected
numberof trials allocatedto schematacanbe boundedby an exponentialfunction,
justasfor serialGAs.

A very importanttheoreticalquestionis to determineif (andunderwhat condi-
tions)aparallelGA canfind abettersolutionthanaserialGA. Starkweather, Whitley,
andMathias[STA 91] madetwo importantobservationsregardingthisquestion.First,
relatively isolateddemesarelikely to convergeto differentsolutions,andmigration
andrecombinationmaycombinepartialsolutions.Starkweatheret al. speculatedthat
becauseof this a parallelGA with low migrationmay find bettersolutionsfor sep-
arablefunctions.Their secondobservation was that if the recombinationof partial
solutionsresultsin individualswith lowerfitness(perhapsbecausethefunctionis not
separable),thentheserialGA mighthaveanadvantage.



7.2. Migration

A signof maturityof thefield is thattheresearchstartedto focusonparticularas-
pectsof parallelGAs.Thissectionreviewssomepublicationsthatexplorealternative
migrationschemesto try to makeparallelGAsmoreefficient.

In themajorityof multi-demeparallelGAs,migrationis synchronouswhichmeans
thatit occursatpredeterminedconstantintervals.Migrationmayalsobeasynchronous
so that the demescommunicateonly after someeventsoccur. An exampleof asyn-
chronousmigrationcanbefoundin Grosso’sdissertationwhereheexperimentedwith
a “delayed” migrationscheme,wheremigrationis enableduntil the populationwas
closeto converge.

Braun [BRA 90] usedthe sameidea and presentedan algorithm wheremigra-
tion occurredafter the demesconvergedcompletely(the authorusedthe term “de-
generate”)with the purposeof restoringdiversity into the demesto prevent prema-
ture convergenceto a low-quality solution.The samemigration strategy was used
later by Munetomo,Takai, andSato[MUN 93], and recentlyCantú-Paz andGold-
berg [CAN 97b] presentedtheoreticalmodelswhich predictthe quality of the solu-
tionswhena fully connectedtopologyis used.

Thereis anotherinterestingquestionbeingraisedhere: whenis theright time to
migrate? It seemsthat if migrationoccurstoo early during the run, the numberof
correctbuilding blocksin themigrantsmaybetoosmallto influencethesearchonthe
right direction,andexpensivecommunicationresourceswouldbewasted.

A differentapproachto migrationwasdevelopedby Marin, Trelles-Salazar, and
Sandoval [MAR 94b]. They proposeda centralizedschemein whichslaveprocessors
executea GA on their populationandperiodicallysendtheir bestpartial resultsto
a masterprocess.Then,the masterprocesschoosesthe fittest individuals found so
far (by any processor)and broadcaststhem to the slaves. Experimentalresultson
a network of workstationsshowedthatnear-linearspeed-upscanbeobtainedwith a
smallnumberof nodes(aroundsix), andtheauthorsclaimthatthisapproachcanscale
up to largernetworksbecausethecommunicationis infrequent.

7.3. Communication Topologies

A traditionallyneglectedcomponentof parallelGAs is the topologyof the inter-
connectionbetweendemes.Thetopologyis animportantfactorin theperformanceof
theparallelGA becauseit determineshow fast(or how slow) agoodsolutiondissem-
inatesto otherdemes.If the topologyhasa denseconnectivity (or a shortdiameter,
or both) goodsolutionswill spreadfastto all the demesandmay quickly take over
thepopulation.Ontheotherhand,if thetopologyis sparselyconnected(or hasa long
diameter),solutionswill spreadslowerandthedemeswill bemoreisolatedfrom each
other, permittingtheappearanceof differentsolutions.Thesesolutionsmaycometo-
getherata latertimeandrecombineto form potentiallybetterindividuals.

Thecommunicationtopologyis alsoimportantbecauseit is a major factorin the



costof migration.For instance,a denselyconnectedtopologymaypromotea better
mixing of individuals,but it alsoentailshighercommunicationcosts.

Thegeneraltrendon multi-demeparallelGAs is to usestatictopologiesthatare
specifiedat thebeginningof therunandremainunchanged.Most implementationsof
parallelGAs with statictopologiesusethenative topologyof thecomputeravailable
to theresearchers.For example,implementationsonhypercubes[COH 91a, TAN 89a,
TAN 89b] andrings[GOR93] arecommon.

A morerecentempiricalstudyshowedthatparallelGAswith densetopologiesfind
theglobalsolutionusingfewerfunctionevaluationsthanGAswith sparselyconnected
ones[CAN 94]. This studyconsideredfully connectedtopologies,4-D hypercubes,a" � "

toroidalmesh,andunidirectionalandbidirectionalrings.
The othermajor choiceis to usea dynamictopology. In this method,a demeis

not restrictedto communicatewith somefixedsetof demes,but insteadthemigrants
aresentto demesthatmeetsomecriteria.Themotivationbehinddynamictopologies
is to identify thedemeswheremigrantsarelikely to producesomeeffect.Typically,
thecriteriausedto choosea demeasa destinationincludesmeasuresof thediversity
of thepopulation[MUN 93] or a measureof thegenotypicdistancebetweenthetwo
populations[LIN 94] (or somerepresentativeindividualof apopulation,likethebest).

7.4. Applications

Many applicationprojectsusingmultiple-populationparallelGAshavebeenpub-
lished.Thissectionmentionsonly a few representativeexamples.

Thegraphpartitioningproblemhasbeena popularapplicationof multiple-deme
GAs(seefor examplethework by BessièreandTalbi [BÉS91], Cohoon,Martin, and
Richards[COH 91c], andTalbiandBessière[TAL 91]). Theworkof Levine[LEV 94]
onthesetpartitioningproblemis outstanding.His algorithmfoundglobalsolutionsof
problemswith 36,699and43,749integervariables.He foundthatperformance,mea-
suredasthequalityof thesolutionandtheiterationonwhichit wasfound,increasedas
moredemeswereadded.Also, Li andMashford[LI 90] andMühlenbein[MÜH 89b]
foundadequatesolutionsfor thequadraticassignmentproblem,anothercombinatorial
optimizationapplication.

Coarse-grainedparallelGAs have alsobeenusedto find solutionsfor the prob-
lem of distributing computingloadsto theprocessingnodesof MIMD computersby
Neuhaus[NEU 91], MunteanandTalbi [MUN 91], andSeredynski[SER94].

Anotherchallengingapplicationis thesynthesisof VLSI circuits.Davis, Liu, and
Elias [DAV 94] useddifferenttypesof parallelGAs to searchfor solutionsfor this
problem.Two of the parallel GAs usemultiple populations(four demes),and the
otheris a globalGA thatuses16 worker processesto evaluatethepopulation.In the
first of the multiple-demeGAs the demesareisolated,andin the secondthe demes
communicatewith some(unspecified)programmableschedule.Thispaperis very in-
terestingbecauseit containstwo uncommonelements: first, theparallelGAswereim-
plementedusingLinda,aparallelcoordinationlanguagethatis usually(mis)regarded



asbeingslow ; second,thespeed-upsaremeasuredusingthe timesit takesto find a
solutionof a certainfixedquality by theserialandtheparallelGAs. Computingthe
speed-upin this way givesa moresignificantmeasureof theperformanceof thepar-
allel GAsthansimplycomparingthetimeit takesto runtheGAsfor acertainnumber
of generations.

8. Non-Traditional GAs

Not all multiple-populationparallelGAs usethetraditionalgenerationalGA such
as the one reviewed in Section2. Somenon-traditionalGAs have alsobeenparal-
lelized and someimprovementsover their serial versionshave beenreported.For
example,Maresky [MAR 94a] usedDavidor’s ECO model [DAV 91] in the nodes
for his distributedalgorithm,andexploreddifferentmigrationschemeswith varying
complexity. The simplestschemewasto do no migrationat all, andjust collect the
resultsfrom eachnodeat theendof arun.Themorecomplex algorithmsinvolvedthe
migrationof completeECOdemes.Severalreplacementpolicieswereexploredwith
only marginalbenefits.

GENITOR is a steady-stateGA whereonly a few individuals changein every
generation.In thedistributedversionof GENITOR[WHI 90], individualsmigratedat
fixedintervalsto neighbors,andreplacedtheworst individualsin thetargetdeme.A
significantimprovementover theserialversionwasreportedin theoriginalpaperand
in laterwork by GordonandWhitley [GOR93].

Therehave alsobeenefforts to parallelizemessyGAs [GOL 89b]. MessyGAs
have two phases.In theprimordialphasetheinitial populationis createdusinga par-
tial enumeration,andit is reducedusingtournamentselection.Next, in thejuxtaposi-
tional phasepartialsolutionsfoundin theprimordialphasearemixedtogether. Since
theprimordialphasedominatestheexecutiontime,Merkle andLamonttried several
datadistributionstrategiesto speedupthisphase[MER 93b] extendingpreviouswork
by Dymek [DYM 92]. The resultsindicatethat therewereno significantdifferences
in thequality of the solutionsfor thedifferentdistribution strategies,but therewere
significantgainsin theexecutiontimeof thealgorithm.

Merkle, Gates,Lamont,andPachterparallelizeda fastmessyGA [GOL 93a] to
searchfor optimal conformationsof Met-Enkephalinmolecules[MER 93a]. In this
problem,thealgorithmshowedgoodspeed-upsfor upto 32processors,but with more
than32nodesthespeed-updid not increasevery fast.

Koza and Andre [KOZ 95] useda network of transputersto parallelizegenetic
programming.In their report they madean analysisof the computingandmemory
requirementsof their algorithmandconcludedthat transputerswere the mostcost-
effective solutionto implementit. The 64 demesin their implementationwerecon-
nectedasa 2-D meshandeachdemehad500individuals.Theauthorsexperimented
with differentmigrationrates,and reportedsuperlinear speed-upsin the computa-
tionaleffort (not thetotal time)usingmoderatemigrationrates(around8%).



9. Fine-Grained Parallel GAs

Fine-grainedparallelGAs have only onepopulation,but it is hasa spatialstruc-
ture that limits the interactionsbetweenindividuals.An individual canonly compete
andmatewith its neighbors,but sincetheneighborhoodsoverlapgoodsolutionsmay
disseminateacrosstheentirepopulation.

Robertson[ROB 87] parallelizedthe geneticalgorithmof a classifiersystemon
a ConnectionMachine1. He parallelizedthe selectionof parents,the selectionof
classifiersto replace,mating,andcrossover. Theexecutiontimeof hisimplementation
wasindependentof the numberof classifiers(up to 16K, the numberof processing
elementsin theCM-1).

ASPARAGOSwasintroducedbyGorges-Schleuter[Gor 89a, GOR89b] andMüh-
lenbein[MÜH 89a, MÜH 89b]. ASPARAGOSusedapopulationstructurethatresem-
blesa ladderwith theupperandlower endstied together. ASPARAGOSwasusedto
solve somedifficult combinatorialoptimizationproblemswith greatsuccess.Later,
a linearpopulationstructurewasused[Gor 91], anddifferentmatingstrategieswere
compared[Gor 92b].

ASPARAGOS usesa local hillclimbing algorithmto improve the fitnessof the
individualsin its population.This makesit difficult to isolatethecontribution of the
spatialstructureof the populationto the searchquality. However, all the empirical
resultsshow thatASPARAGOSis is a veryeffectiveoptimizationtool.

ManderickandSpiessens[MAN 89] implementedafine-grainedparallelGA with
the populationdistributed on a 2-D grid. Selectionand mating were only possible
within a neighborhood,andthe authorsobserved that the performanceof the algo-
rithm degradedasthesizeof theneighborhoodincreased.On theextreme,if thesize
of theneighborhoodwasbig enough,thisparallelGA wasequivalentto a singlepan-
mictic population.The authorsanalyzedthis algorithm theoreticallyin subsequent
years[SPI90, SPI91], andtheir analysisshowedthat for a demesize # anda string
length � , the time complexity of thealgorithmwas ���$#	%
�$� or ���$#&�'��� �(#)�*%+�,� time
steps,dependingon theselectionschemeused.

Recently, SarmaandDe Jong[SAR 96] analyzedthe effectsof the sizeandthe
shapeof theneighborhoodontheselectionmechanism,andfoundthattheratioof the
radiusof theneighborhoodto theradiusof thewholegrid is acritical parameterwhich
determinestheselectionpressureover thewholepopulation.Theiranalysisquantified
how thetime to propagatea goodsolutionacrossthewholepopulationchangedwith
differentneighborhoodsizes.

It is commonto placethe individualsof a fine-grainedPGA in a 2-Dimensional
grid, becausein many massively parallelcomputerstheprocessingelementsarecon-
nectedwith this topology. However, mostof thesecomputersalsohaveaglobalrouter
thatcansendmessagesto any processorin thenetwork (at a highercost),andother
topologiesmay be simulatedon top of the grid. Schwehm[SCH92] comparedthe
effect of usingdifferentstructureson thepopulationof fine-grainedGAs. In this pa-
per, agraphpartitioningproblemwasusedasabenchmarkto testdifferentpopulation
structuressimulatedonaMasParMP-1computer. Thestructurestestedwerearing, a



torus,a �!-.��/.�0/ cubea
" � " � " � " � "

hypercube,anda10-Dbinaryhypercube.
Thealgorithmwith thetorusstructureconvergedfasterthantheotheralgorithms,but
thereis nomentionof theresultingquality.

AnderssonandFerris[AND 90] alsotried differentpopulationstructuresandre-
placementalgorithms.They experimentedwith two rings,a hypercube,two meshes
andan “island” structurewhereonly one individual of eachdemeoverlappedwith
otherdemes.They concludedthatfor theparticularproblemthey weretrying to solve
(assemblyline balancing)the ring andthe “island” structureswerethe best.Baluja
comparedtwo variationson a linear structureanda 2-D mesh [BAL 92, BAL 93],
andfoundthatthemeshgavethebestresultsonalmostall theproblemstested.

Of course,fine-grainedparallelGAs have beenusedto solve somedifficult ap-
plicationproblems.A popularproblemis two-dimensionalbin packing,andsatisfac-
tory solutionshave beenfoundby Kröger, Schwenderling,andVornberger[KRÖ 91,
KRÖ 92, KRÖ 93]. Thejob shopschedulingproblemis alsovery popularin GA lit-
erature,andTamakiandNishikawa [TAM 92] successfullyappliedfine-grainedGAs
to find adequatesolutions.

Shapiroand Naveta [SHA 94] useda fine-grainedGA algorithm to predict the
secondarystructureof RNA. They usedthe native X-Net topologyof the MasPar-2
computerto definetheneighborhoodof eachindividual.TheX-Net topologyconnects
aprocessingelementtoeightotherprocessors.Differentlogicaltopologiesweretested
with the GA : all eight nearestneighbors,four nearestneighbors,andall neighbors
within a specifieddistance1 . The resultsfor 1324� werethe poorest,andthe four-
neighborschemeconsistentlyoutperformedthetopologywith eightneighbors.

A few paperscomparefine- andcoarse-grainedparallelGAs [BAL 93, GOR93].
In thesecomparisonssometimesfine-grainedGAs comeaheadof thecoarse-grained
GAs,but sometimesit is just theopposite.Theproblemis thatcomparisonscannotbe
madein absoluteterms,instead,we mustmake clearwhat do we want to minimize
(e.g.,wall clock time) or maximize(e.g.,the quality of the solution)andmake the
comparisonbasedonourparticularcriteria.

Gordon,Whitley, andBöhm [GOR92a] showed that the critical pathof a fine-
grainedalgorithmis shorterthanthatof amultiple-populationGA. Thismeansthatif
enoughprocessorswereavailable,massively parallelGAswouldneedlesstimeto fin-
ish their execution,regardlessof thepopulationsize.However, it is importantto note
that this wasa theoreticalstudythatdid not includeconsiderationssuchasthecom-
municationsbandwidthor memoryrequirements.Gordon[GOR94] alsostudiedthe
spatiallocality of memoryreferencesin differentmodelsof parallelGAs.Thisanaly-
sisis usefulin determiningthemostadequatecomputingplatformfor eachmodel.

10. Hierar chical Parallel Algorithms

A few researchershave tried to combinetwo of the methodsto parallelizeGAs,
producinghierarchicalparallelGAs.Someof thesenew hybridalgorithmsadda new
degreeof complexity to thealreadycomplicatedsceneof parallelGAs,but otherhy-



Figure4. Thishierarchical GAcombinesa multi-demeGA(at theupperlevel)anda
fine-grainedGA (at thelower level).

bridsmanageto keepthesamecomplexity asoneof their components.
Whentwo methodsof parallelizingGAs arecombinedthey form a hierarchy. At

the upperlevel mostof the hybrid parallelGAs aremultiple-populationalgorithms.
Somehybridshave a fine-grainedGA at the lower level (seeFigure4). For example
Gruau[GRU 94] inventeda “mixed” parallelGA. In his algorithm,thepopulationof

Figure5. A schematicof a hierarchical parallel GA.At theupperlevel this hybrid is
a multi-demeparallel GAwhere each nodeis a master-slaveGA.



Figure6. Thishybridusesmulti-demeGAsat boththeupperandthelower levels.At
the lower level themigration rate is fasterandthecommunicationstopol-
ogy is much denserthanat theupperlevel.

eachdemewasplacedon a 2-D grid, andthe demesthemselveswereconnectedas
a 2-D torus.Migration betweendemesoccurredat regularintervals,andgoodresults
werereportedfor a novel neuralnetwork designandtrainingapplication.

ASPARAGOS was updatedrecently[GOR97], and its ladderstructurewas re-
placedby a ring, becausethe ring hasa longerdiameterandallows a betterdiffer-
entiationof the individuals.The new version(Asparagos96)maintainsseveral sub-
populationsthatarethemselvesstructuredasrings.Migration acrosssubpopulations
is possible,andwhena demeconvergesit receivesthe bestindividual from another
deme.After all thepopulationsconverge,Asparagos96takesthebestandsecondbest
individualsof eachpopulation,andusesthemastheinitial populationfor a final run.

Lin, Goodman,andPunch[LIN 97] alsousedamulti-populationGA with spatially-
structuredsubpopulations.Interestingly, they alsouseda ring topology— which is
verysparseandhasa long diameter— to connectthesubpopulations,but eachdeme
wasstructuredasa torus.The authorscomparedtheir hybrid againsta simpleGA,
a fine-grainedGA, two multiple-populationGAs with a ring topology (one uses5
demesandvariabledemesizes,theotherusesa constantdemesizeof 50 individuals
anddifferentnumberof demes),andanothermulti-demeGA with demesconnected
onatorus.Usinga job shopschedulingproblemasabenchmark,they noticedthatthe
simpleGA did not find solutionsasgoodastheothermethods,andthataddingmore
demesto themultiple-populationGAs improvedtheperformancemorethanincreas-
ing thetotalpopulationsize.Theirhybrid foundbettersolutionsoverall.

Anothertypeof hierarchicalparallelGA usesamaster-slaveoneachof thedemes
of a multi-populationGA (seeFigure5). Migration occursbetweendemes,andthe



evaluationof the individualsis handledin parallel.This approachdoesnot introduce
new analyticproblems,andit canbeusefulwhenworkingwith complex applications
with objective functionsthatneeda considerableamountof computationtime.Bian-
chini andBrown [BIA 93] presentedanexampleof thismethodof hybridizingparallel
GAs,andshowedthatit canfind a solutionof thesamequalityof a master-slave par-
allel GA or a multi-demeGA in lesstime.

Interestingly, a very similar conceptwasinventedby Goldberg [GOL 89a] in the
context of an object-orientedimplementationof a “communitymodel” parallelGA.
In each“community” therearemultiple houseswhereparentsreproduceandtheoff-
springareevaluated.Also, therearemultiplecommunitiesandit is possiblethatindi-
vidualsmigrateto otherplaces.

A third methodof hybridizing parallel GAs is to usemulti-demeGAs at both
theupperandthe lower levels (seeFigure6). The ideais to forcepanmicticmixing
at the lower level by usinga high migrationrateanda densetopology, while a low
migrationrateis usedatthehighlevel [GOL 96]. Thecomplexity of thishybridwould
be equivalent to a multiple-populationGA if we considerthe groupsof panmictic
subpopulationsasa singledeme.Thismethodhasnotbeenimplementedyet.

Hierarchicalimplementationscan reducethe executiontime more than any of
their componentsalone.For example,considerthat in a particulardomainthe opti-
mal speed-upof a master-slave GA is 57698;: , andtheoptimalspeed-upof a multiple-
demeGA is 57698;< . Theoverallspeed-upof ahierarchicalGA thatcombinesthesetwo
methodswouldbe 57698;:=�>5?6@8(< .
11. RecentAdvancements

This sectionsummarizessomerecentadvancementsin the theoreticalstudy of
parallelGAs. First, thesectionpresentsa resulton master-slave GAs, andthenthere
is a shortpresentationof a demesizingtheoryfor multiple-populationGAs.

An importantobservationonmaster-slaveGAsis thatasmoreprocessorsareused,
the time to evaluatethe fitnessof the populationdecreases.But at the sametime,
thecostof sendingthe individualsto theslavesincreases.This tradeoff betweendi-
minishingcomputationtimesandincreasingcommunicationtimesentailsthat there
is an optimal numberof slaves that minimizes the total executiontime. A recent

study[CAN 97a] concludedthat the optimal is 5BADCFE G�H�IHKJ , where � is the popu-
lation size, LNM is the time it takes to do a single function evaluation,and LNO is the
communicationstime.Theoptimalspeed-upis PRQTS 5BA .

A naturalstartingpoint in theinvestigationof multiple-populationGAs is thesize
of thedemes,becausethesizeof thepopulationis probablytheparameterthataffects
mostthesolutionqualityof theGA [GOL 91, GOL 92, HAR 97]. Recently, Cantú-Paz
andGoldberg [CAN 97b] extendeda simpleGA populationsizingmodelto account
for two boundingcasesof coarse-grainedGAs.Thetwo boundingcaseswerea setof
isolateddemesandasetof fully connecteddemes.In thecaseof theconnecteddemes,
themigrationrateis setto thehighestpossiblevalue.
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Figure7. A deceptive4-bit trap functionof unity. Thehorizontalaxis is thenumber
of bitssetto 1 andtheverticalaxisis thefitnessvalue. Thedifficultyof this
functioncanbevariedeasilyby usingmore bits in thebasinof thedecep-
tive optimum,or by reducingthefitnessdifferencebetweentheglobal and
deceptivemaxima.Thefirst testproblemwasconstructedbyconcatenating
20 copiesof this functionand the secondtestproblemis formedwith 20
copiesof a similar deceptivefunctionof 8 bits.

The populationsize is also the major factor to determinethe time that the GA
needsto find thesolution.Therefore,thedemesizingmodelsmaybeusedto predict
the executiontime of the parallelGA, andto compareit with the time neededby a
serialGA to reachasolutionof thesamequality. Cantú-PazandGoldberg [CAN 97c]
integratedthe demesizing modelswith a model for the communicationstime, and
predictedtheexpectedparallelspeed-upsfor thetwo boundingcases.

Therearethreemainconclusionsfrom this theoreticalanalysis.First,theexpected
speed-upwhenthe demesareisolatedis not very significant(seeFigures7 and8).
Second,thespeed-upis muchbetterwhenthedemescommunicate.And finally, there
is an optimal numberof demes(and an associateddemesize) that maximizesthe
speed-up(seeFigure9).

Theidealizedboundingmodelscanbeextendedin severaldirections,for example
to considersmallermigrationratesor moresparselyconnectedtopologies.The fact
that thereis an optimal numberof demeslimits the processorsthat canbe usedto
reducethe executiontime. Using morethanthe optimal numberof demesis waste-
ful, andwould resultin a slower algorithm.HierarchicalparallelGAs canusemore
processorseffectively andreducetheexecutiontimemorethana puremultiple-deme
GA.

Parallel GAs arevery complex and,of course,therearemany problemsthat are
still unresolved.A few examplesare: (1) to determinethemigrationratethatmakes
distributeddemesbehave like a singlepanmicticpopulation,(2) to determineanad-
equatecommunicationstopologythatpermitsthemixing of goodsolutions,but that
doesnotresultin excessivecommunicationcosts,(3)find if thereis anoptimalnumber
of demesthatmaximizesreliability.
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Figure8. Projectedandexperimentalspeed-upsfor testfunctionswith 20 copiesof
4-bit and 8-bit trap functionsusingfrom1 to 16 isolateddemes.Thethin
lines showthe experimentalresultsand the thick lines are the theoretical
predictions.Thequalitydemandedwasto findat least16copiescorrect.

12. Summary and Conclusions

This paperreviewedsomeof themostrepresentative publicationson parallelge-
neticalgorithms.Thereview startedby classifyingthework onthisfield into four cat-
egories: globalmaster-slave parallelization,fine-grainedalgorithms,multiple-deme,
andhierarchicalparallelGAs. Someof the most importantcontributionsin eachof
thesecategorieswereanalyzed,to try to identify the issuesthataffect thedesignand
theimplementationof eachclassof parallelGAsonexistingparallelcomputers.

The researchon parallelGAs is dominatedby multiple-demealgorithms,andin
consequence,this survey focusedon them.The survey on multiple-populationGAs
revealedthat thereareseveral fundamentalquestionsthat remainunansweredmany
yearsafter they werefirst identified.This classof parallelGAs is very complex, and
its behavior is affectedby many parameters.It seemsthat theonly way to achieve a
greaterunderstandingof parallelGAs is to studyindividual facetsindependently, and
wehaveseenthatsomeof themostinfluentialpublicationsin parallelGAsconcentrate
on only oneaspect(migrationrates,communicationtopology, or demesize)either
ignoringor makingsimplifying assumptionson theothers.

We alsoreviewedpublicationson master-slave andfine-grainedparallelGAs and
realizedthatthecombinationof differentparallelizationstrategiescanresultin faster
algorithms.It is particularlyimportantto considerthehybridizationof paralleltech-
niquesin thelight of recentresultswhich predicttheexistenceof anoptimalnumber
of demes.

As GAs areappliedto largerandmoredifficult searchproblems,it becomesnec-
essaryto designfasteralgorithmsthatretainthecapabilityof findingacceptablesolu-
tions.This survey haspresentednumerousexamplesthatshow thatparallelGAs are
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Figure9. Projectedandexperimentalspeed-upsfor testfunctionswith 20 copiesof
4-bit and8-bit trapfunctionsusingfrom1 to 16fully connecteddemes.The
quality requirementwasto findat least16correctcopies.

capableof combiningspeedandefficacy, andthatwearereachingabetterunderstand-
ing whichshouldallow usto utilize thembetterin thefuture.
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