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Abstract—Genetic Algorithms (GAs) are powerful search techniquesthat are
usedto solve difficult problemsin many disciplines. Unfortunately, they canbe very
demandingin terms of computation load and memory. Parallel GeneticAlgorithms
(PGAs) are parallel implementations of GAs which can provide considerablegains
in terms of performance and scalability. PGAs can easily be implemented on net-
works of heterogeneousomputersor on parallel mainframes.

In this paper we review the state of the art on PGAs and proposea new taxono-
my alsoincluding a new form of PGA (the dynamic dememodel) we have recently
developed.

|. INTRODUCTION

GeneticAlgorithms (GAs) are searchalgorithmsinspired
by geneticsand natural selection[1]. The mostimportant
phasesn GAs arereproductionmutation,fithessevaluation
and selection(competition). Reproductionis the processby
which the geneticmaterialin two or more parentindividuals
is combinedto obtainoneor moreoffspring. Mutationis nor-
mally appliedto oneindividualin orderto producea new ver
sionof it wheresomeof theoriginal geneticmaterialhasbeen
randomlychangedFitnessevaluationis the stepin which the
quality of anindividualis assessedhisis very oftenthemost
CPUintensve partof a GA. Selectionis anoperationusedto
decidewhichindividualsto usefor reproductiorandmutation
in orderto producenew searchpoints.

SequentialGAs have beenshown to be very successfuln
mary applicationsandin very differentdomains. However
thereexist someproblemsn their utilisationwhich canall be
addresseavith someform of ParallelGA (PGA):

« For somekind of problemsthe populationneedso be
very largeandthe memoryrequiredto storeeachindi-
vidual maybeconsiderabl€lik e for examplein genet-
ic programmindg?2]). In somecaseghis makesit im-
possibleto run anapplicationefficiently usinga single
machine sosomeparallelform of GA is necessary

« Fitnessevaluationis usuallyvery time-consuming.n
the literaturecomputationtimes of morethan1 CPU
year have beenreportedfor a singlerun in complex
domaing(e.g.see[3]). It standdo reasorthattheonly
practicalway of provide this CPU power is to the use
of parallelprocessing.

« SequentialGAs may gettrappedin a sub-optimalre-
gion of the searchspacethusbecomingunableto find
betterquality solutions. PGAs cansearchin parallel
differentsubspacesf the searchspace thus making
it lesslikely to becometrappedby low-quality sub-
spaces.

For thefirst two reasong®GAsarestudiedandusedfor ap-
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plicationson massvely parallelmachined4], transputer$5],
andalsoondistributedsystemg6]. However, the mostimpor-
tantadvantageof PGAsis thatin mary caseghey provide bet-
terperformancéhansinglepopulation-basedlgorithms gven
whenthe parallelismis simulatedon corventionalmachines.
The reasonis that multiple populationspermit speciation,a
procesdy which differentpopulationsevolve in differentdi-
rections(i.e. toward differentoptima)[7]. For this reason
Parallel GAs are not only an extensionof the traditional GA
sequentiamodel,but they represena new classof algorithms
in thatthey searchthe spaceof solutionsdifferently.

Interestingly PGAsoftenallow theoreticalanalyseswhich
arenotharderthanthosefor sequentiaGAs|[8], [9]. Owingto
thelargenumberof modelproposedn theliterature, the only
problemthatonehasto faceto usePGAsis how to determine
which parallelmodelto use.

Therehave beensomeattemptsto develop a unified taxon-
omy of parallelGAs whichwould greatlyhelpaddressinghis
issue.Someare generaldistributed-memonarchitectureax-
onomies[10], othersare taxonomiesof coarsegrainedGAs
[11], or of fine-grainedGAs [12]. (For otherrelatedefforts
aresee[13], [14], [15].) ThemostrecentgeneralPGA taxon-
omy wascompiledby Eric Canti-Paz[16]. However, noneof
thesetaxonomiesds fully comprehensie andsatishctory In
additiondifferenttaxonomiesareincompatible.

In orderto overcomeheseproblemswe decidedo propose
anew, uniformtaxonomyof ParallelGeneticAlgorithms. This
will bedescribedn therestof thepapertogethemwith areview
of theresearchdoneon eachclassof PGAs?

Il. OVERVIEW OF OUR PGA TAXONOMY

Theway in which GAs canbe paralleliseddependson the
following elements:

« How fitnessis evaluatedandmutationis applied

« If singleor multiple subpopulationgdemesyareused

« If multiple populationsare used,how individuals are
exchanged

« How selectionis applied(globally or locally)

Dependingon how eachof theseelementsis implemented,
morethanten differentmethodsof parallelisingGAs canbe
obtained.Thesecanbe classifiednto eight(moreor lessgen-
eral)classes:

1. MasterSlave parallelisation(distributedfitnessevalu-
ation)

1 For moreinformationsee[17].
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(a) Synchronous
(b) Asynchronous
. Staticsubpopulationsvith migration
. Staticoverlappingsubpopulationgwithoutmigration)
. Massvely parallelgeneticalgorithms
. Dynamic demes (dynamic overlapping subpopula-
tions)
6. Parallelsteady-statgeneticalgorithms
7. Parallelmessygeneticalgorithms
8. Hybrid methods(e.g. static subpopulationsvith mi-
gration,with distributedfithessevaluationwithin each
subpopulation)

abhwWN

The relationsbetweentheseclassesare shawvn in Figure 1.
To overcomemisinterpretation®ur taxonomyincludesmore
classeghan othertaxonomies.In the following sectionswe
will briefly describeeachof theclassesn termsof the parallel
modelthey useandwe will discusshow they relateto other
taxonomies.

Master-Slave (fitness distribution)

(static) subpopulations with migration
overlapping subpopulations (without migrati
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massively parallel genetic algorithms
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Fig. 1. ParallelGeneticAlgorithms Taxonomy

This method,alsoknown asdistributedfithessevaluation-
was,is oneof thefirst successfuapplicationsof parallel GAs.
It is known asglobal parallelisation, masterslavemode| or
distributedfitnessevaluation

The algorithm usesa single populationand the evaluation
of theindividualsand/orthe applicationof geneticoperators
are performedin parallel. The selectionand matingis done
globally, henceeachindividual may competeand matewith
ary other

The operationthatis mostcommonlyparalleliseds the e-
valuationof thefitnessfunction, becausaormallyit requires
only the knowledgeof theindividual beingevaluated(not the
whole population),and so thereis no needto communicate
duringthis phase.This is usuallyimplementedusingmaster
slave programs,wherethe masterstoresthe populationand
the slavesevaluatethefitness,apply mutation,andsometimes
exchangebits of thegenomeaspartof crosswer).

MASTER-SLAVE PARALLELISATION

Parallelisationof fitnessevaluationis done by assigning
a fraction of the populationto eachof the processorsvail-
able(in theideal caseoneindividual perprocessinglement).
Communicatioroccursonly aseachslave recevestheindivid-
ual (or subsetof individuals)to evaluateandwhenthe slaves
returnthe fitnessvalues,sometimesafter mutationhasbeen
appliedwith the givenprobability.

Thealgorithmis saidto be syndironous if the masterstops
and waits to receve the fitnessvaluesfor all the population
before proceedingwith the next generation. A synchronous
masterslave GA hasexactly the samepropertiesasa simple
GA, exceptfor its speedj.e. this form of parallelGA carries
outexactlythe samesearchasa simpleGA.

An asyntironousversion of the masterslave GA is also
possible. In this casethe algorithmdoesnot stopto wait for
ary slow processorskor thisreasortheasynchronoumaster
slave PGAdoesnotwork exactlylike asimpleGA, butis more
similar to parallel steady-stat&As (seebelav). The differ-
encelies only in the selectionoperator In a asynchronous
masterslave algorithm selectionwaits until a fraction of the
populationhasbeenprocessedyhile in a steady-stat&As s-
electiondoesnotwait, but operate®ntheexisting population.

A synchronousnasterslave PGA is relatively easyto im-
plementanda significantspeeduganbe expectedf thecom-
municationscost does not dominatethe computationcost.
However, thereis a classicalbottle-neckeffect. The whole
processhasto wait for the slowestprocessoto finish its fit-
nessevaluations.After that,the selectionoperatorcanbe ap-
plied. The asynchronousnasterslave PGA overcomeshis,
but as statedbefore, the algorithm changessignificantly the
GA dynamicsandasaresultit is difficult to analyse Perhap-
s the easiestway of implementingan asynchronousnaster
slave PGA is applyingtournamenselectiononly considering
thefraction of individualsin the populationwhosefitnesshas
beenalreadyevaluated.

IV. STATIC SUBPOPULATIONS WITH MIGRATION

The importantcharacteristic®f the classof staticsubpop-
ulationswith migration parallel GAs are the use of multiple
demesandthe presencef a migrationoperator

Multiple-deme GAs are the most popular parallelisation
method andmary papershave beenwritten describingdetail-
s of theirimplementatio{16]. Thesealgorithmsare usually
referredto assubpopulationsvith migration, static subpopu-
lations,multiple-demeGAs, coarse-graine@As andevenjust
parallelGAs.

This parallelisationmethodrequiresthe division of a pop-
ulationinto somenumberof demegsubpopulations)Demes
areseparatedfom oneanother(geagraphicisolation), andin-
dividualscompeteonly within ademe.An additionaloperator
called migration is introduced: from time to time, somein-
dividuals are moved (copied)from one demeto another If
individualscanmigrateto ary otherdeme the modelis called
anislandmodel If individualscanmigrateonly to neighbour
ing demeswe have a steppingstonemodel Thereareother
possiblemigrationmodels.
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The migration of individualsfrom one demeto anotheris
controlledby severalparametertike:

» Thetopologythatdefinesthe connectionbetweerthe
subpopulations.Commonlyusedtopologiesinclude:
hypercube two-dimensional/three-dimensioniadesh,
torus,etc.

« A migration rate that controlshow mary individuals
migrate

« A migration scheme that controlswhich individuals
from the sourcedeme(best, worst, random)migrate
to anotherdeme,and which individuals are replaced
(worst,random.etc.)

« A migrationinterval that determineshe frequeng of
migrations

Coarsegrained algorithms is ageneratermfor asubpop-
ulation modelwith a relatively small numberof demeswith
mary individuals. Thesemodelsarecharacterisetly therela-
tively longtimethey requirefor processin@generatiowithin
each(“sequential”’ydeme,and by their occasionacommuni-
cationfor exchangingindividuals. Sometimesoarsegrained
parallel GAs are known asdistributed GAs becausehey are
usuallyimplementecbn distributedmemoryMIMD comput-
ers. This approachs alsowell suitedfor heterogeneouset-
works.

Fine grained algorithms arethe opposite.They requirea
large numberof processordecausehe populationis divided
into a large numberof small demes.Inte-demecommunica-
tion is realisedeitherby usinga migrationoperatoy or by us-
ing overlappingdemes.Recently the term fine-grainedGAs
wasredefinedandis now usedalsoto indicatemassiely par
allel GAs[16] (seebelow).

The multiple-dememodel presentone problem: scalabil-
ity. If onehasonly a few machinesit is efficient to usea
coarsegrainedmodel. However, if onehashundredsof ma-
chinesavailable, it is difficult to scaleup efficiently the size
and numberof subpopulationsto usethe hardware platform
efficiently.?

Despitethis problem the multiple-demeamodelis very pop-
ular. Fromthe implementatiorpoint of view, multiple-deme
GAs are simple extensionsof the serial GA. It's enoughto
take a few corventional(serial) GAs, run eachof themon a
nodeof a parallelcomputey andto apply migrationat some
predeterminedimes.

V. STATIC OVERLAPPING SUBPOPULATIONS WITHOUT
MIGRATION

This modelis similar to the previous one. The entire pop-
ulation consistsof a numberof demes. The main difference
is the lack of migration operatorassuch. Instead,propaga-
tion andexchangeof traitsis doneby individualswhich lie in
thesocalledoverlappingareas Thedemesareorganisedn a
kind of spatialstructurethat providesthe interactionbetween
them. Someindividualsbelongsto morethanonedeme,and

2 Whenhundredsf PEsin aMIMD architectureareavailable, the useof hybrid methoddike static
subpopulationsvith migrationanddistributedfitnessevaluationwithin eachsubpopulatiortanbe quite
efficient.

participatein morethansingle cross@er and selectionoper
ations. This methodcanbe easilyappliedto sharedmemory
systemspy placingthe whole populationin the sharedarea,
andby runningthe GAs in eachdemeconcurrently A small
amountof synchronisations neededn overlappingareasor
the cross@er, mutationandselectionoperators A numberof
differentmodelsof spatialdistributionfor thedemesxist, e.qg.
2D-mesh3D-meshetc.

VI. MASSIVELY PARALLEL GENETIC ALGORITHMS

If weincreasehenumberof demesn theoverlappingstatic
subpopulationsnodelanddecreas¢he numberof individuals
in eachdemewewill obtaina(fine-grainedynassvely parallel
GA. Becausehe featuresof this kind of algorithmsare quite
differentthanthoseof the overlapping(coarse-grained3ub-
populationmodel,andbecauseéhis algorithmis usuallyused
in massiely parallelsystemsywe decidedto addthis cateyory
to the generalcategyoriesof parallel geneticalgorithms[18],
[19]. Algorithmsin this category areoften calledsimply fine-
grainedGAs.

In thesealgorithm thereis only one population,but it is
has,like in overlappingdemes.a spatialstructurethat limits
the interactionshetweenindividuals. An individual canonly
competeand matewith its neighbours but sincethe neigh-
bourhood®verlap,goodsolutionsmaydisseminat@acrosshe
entirepopulation.

It is commonto placetheindividualsin atwo-dimensional
grid, becausemary massvely parallel systemsuseintercon-
nectednetworks of PEswith this topology However, it is
alsopossibleto usea hypercubearchitectureor otherrouting
schemetike: aring, atorus,al6 x8x8 cubead x4x4x4x4
hypercubeanda 10-D binary hypercube.lt is alsopossible
to useanisland structurewhereonly oneindividual of each
demeoverlapswith otherdemes.

Theideal caseis to have just oneindividual for every pro-
cessingelement(PE) available. This modelis suitedfor mas-
sively parallel computersbut it can be implementedon ary
multiprocessar

This model can be simulatedon a clusterof workstation-
s, but in this caseit hasthe disadwantageof involving an ex-
tremelyhigh communicatiorcost.

VIl. DYyNAMIC DEMES

Dynamic Demesis a new parallelisationmethodfor GAs
[17] which allows the combinationof global parallelism(the
algorithmcanwork asa simple masterslave distributed GA)
with a coarse-graineGA (overlappingsubpopulationgnod-
el). In this modelthereis no migrationoperatorassuch,be-
causehewholepopulationis treatedduringevolutionasasin-
glecollectionof individuals,andinformationbetweerindivid-
ualsis exchangedvia a dynamicreomanisatiorof the demes
duringthe processingycles.

From the parallel processingpoint of view the dynamic
demesapproactits perfectlytheMIMD category (Flyn classi-
fication)asanasynchronoumultiple masterslave algorithm.

The main idea behind this approachis to cut down the
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waiting time for thelast (slowest)individualsto arrive in the
masterslave model, by dynamically splitting the population
into demeswhich canthenbe processedvithout delay This
is efficientin termsof processingpeed.In additionthe algo-
rithmis fully scalable Startingfrom a globalparallelismwith

fitness-processindistribution, onecanscaleup the algorithm
upto afinegrainedversionwith afew individualswithin each
demeandbig numbersf demes.

The algorithm, can be run on shared-and distributed-
memoryparallelmachines.Thanksto its scalabilityit canbe
usedin systemswith a few Processingelementsaswell as
in massvely parallelsystemswith large numberof PEs,and
everythingin between.

DynamicDemesis scalableandeasyto implementmethod
of GA parallelisation.The methodhasbeenshowvn to bevery
efficientandusefulin numberof application[17].

VIIl. PARALLEL STEADY-STATE ALGORITHMS

In steady-stat&As, it isreally straightforvardto parallelise
the geneticalgorithmsoperators sincethis kind of GAs use
continuouspopulation-updatschemes.f childrenare grad-
ually introducedinto a single, continuously-golving popula-
tion, the only thing to do is apply selectionandreplacement
schemesn the critical section® The other GA operatorsjn-
cludingfitnessevaluation,canberunin parallel.

IX. PARALLEL MESSY GENETIC ALGORITHMS

MessyGAs have threephasesin theinitialisationandpri-
mordialphasegheinitial populationis createdusinga partial
enumerationandit is reducedusinga kind of tournamens-
election. Then,in the juxtapositionalphase partial solutions
foundin the primordial phaseare mixedtogether Theinitial-
isation phasecan be done completelyconcurrentlysinceno
communicatioris needed Sincethe primordial phaseusually
dominateghe executiontime, concurrenimodelsof selection
andevaluationare normally usedonly in this phase.For ex-
ampleavariantof distributedfitnessevaluationhasbeenused,
but with someadditionalfeaturein the masterprocesgo de-
creasehesizeof population[20].

X. HYBRID METHODS

In orderto paralleliseGAs it is alsopossibleto usesome
combinationof methodspreviously described. We call this
classof algorithmshybrid parallelGAs. Combiningparalleli-
sationtechniquesnay resultin algorithmsthathave thebene-
fits of theircomponentandshow betterperformanceéhanary
of thecomponentsalone.

XI|. DIFFERENCES WITH OTHER TAXONOMIES

Thereare somerelationsbetweenexisting taxonomiesand
theproposedne. Someof themwereexploredin appropriate
sectionsabove. Therearetwo major differencedeft, which
will bedescribedriefly in following paragraphs.

3 Critical sectionroutines(critical section)is anapproachto the problemof two or moreprocessors
(processesyompetingfor the sameresourceat the sametime. In concurrenprogramminghe critical
sectionbits of the programshouldbe synchronise@ndrun sequentially

It is importantto emphasisehat while the synchronous
masterslave methoddoesnot affectthebehaiour of thealgo-
rithm, coarsggrainedmethodsntroducefundamentathanges
in the way the GA works. For example,in the synchronous
masterslave methodthe selectionoperatortakesinto account
the entire population,while in the other parallel GAs selec-
tion is localto eachdeme.Also in themethodghatdivide the
populationinto demest is only possibleto matewith a subset
of individualswhereasn the globalsynchronousnasterslave
modelit is possibleto matewith ary otherindividual. Some
taxonomiesxcludefrom parallelmodelsthose which do not
differ from sequentiacounterpartsand becauseof that, the
syndironousmasterslavemodelis excludedfrom the classof
ParallelGeneticAlgorithmsin sometaxonomies.

In sometaxonomiesthe category parallel steady-stat&A
representshe modelof subpopulationsvith migration,where
eachsubpopulationvorksasa steady-stat&A. In ourtaxono-
my thismodelrepresentthe hybrid method:staticsubpopula-
tionswith migrationwhereeachsubpopulatiors a (sequential
or parallel)steady-statgeneticalgorithm.

XIl. CONCLUSIONS

In this paperwe have reviewed the main resultsin the re-
searchon parallelgeneticalgorithmsandproposed new tax-
onomy which overcomeshe problemspresentin earlier at-
temptsto classifythe hugeliteratureon this subject.

We hopethis effort will help others(particularlydesigner
s andengineersvho wantto usegeneticalgorithmsfor large
scalecomplex optimisationproblems)choosethe right paral-
lelisationmodelfor their applications.
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