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Abstract. A coarse-grainedparallelizationof an adaptive differential evolution al-
gorithm is described.The parallelizationis basedon the multi-populationmodel,a
randomconnectiontopologybeingused.Theresultsobtainedby theimplementation
of theproposedalgorithmona PCclustershow not only a speedupin executiontime,
but alsoa higherprobabilityof convergence.
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1 Introduction

Evolutionaryalgorithmsarestochasticoptimizationmethodswhichareparticularlywell sui-
tedfor hardproblemswherelittle is known aboutthesearchspace.They maintaina popula-
tion of candidatesolutionswhich areiteratively transformedby somenature-inspiredopera-
tors:mutation, recombinationandselection. Theevolutionaryprocesstendsto find globally
satisfactory, evenif notoptimal,solutionsto theoptimizationproblem.Whenthey areapplied
to largerealproblemsthey maybecometooslow [14]. To overcomethisdifficulty eithernew
evolutionaryoperatorsor parallelizationmethodshavebeenproposed.

A resultof theefforts in thefirst directionis the”dif ferentialevolution” algorithm(DE),
developedby StornandPrice[13], whichis anefficientoptimizationtechniqueoncontinuous
domains.

On theotherhandtherearetwo mainreasonsfor parallelizinganevolutionaryalgorithm:
oneis to achieve time savings by distributing the computationaleffort andthe secondis to
benefitfrom thealgorithmicpointof view [14].

Efficient parallelizationof evolutionary algorithmsis not a trivial task despitethe fact
thatthesealgorithmsareinherentlyparallel.This is mainlydueto thefactthatthepopulation
elementsinteractduringtheevolution andtheeffect of operatorsis sensitive to their control
parameterschoice.Thismeansthatall theempiricalknowledgeconcerningparameterschoice
gatheredfrom serial implementationsis not necessarilyusefulfor parallel implementations
(mainly if parallelizationimpliesmodificationin thepopulationstructure).Ontheotherhand
thereexistsdifferentclassesof evolutionaryalgorithms:geneticalgorithms,geneticprogram-
ming, evolutionarystrategiesandevolutionaryprogramming.Even if they arebasedon the
samenaturalevolutionprinciplethey aredifferent,andsoaretheir parallelimplementations.
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During the lastyears,severalparallelmodelshave beenproposed[1], [3], [14]. Thepa-
rallelizationof an evolutionaryalgorithmcanbe madeat oneof the following levels [14]:
objective functionevaluationlevel (master-slavemodel), populationlevel (multi-population
model, calledalso island modelor migration model), elementslevel (cellular model). The
cellularmodelleadsto fine-grainedparallelizationwhile theothertwo leadto coarse-grained
parallelization.

Theaim of this work is to analyzea parallelimplementationof thedifferentialevolution
basedon the multi-populationmodel.The reasonsof choosingthe multi-populationmodel
were: (i) it is inspired from the spatialstructureof naturalpopulations;(ii) its ability of
preservingthepopulationdiversitythroughthemigrationprocess.

Dueto theabsenceof arealmutation,differentialevolutionis highly predisposedto afast
decreaseof the populationdiversity which leadsto the undesirableprematureconvergence
(thealgorithmis trappedinto asub-optimalstate).Themulti-populationapproachcouldhelp
avoiding suchasituation.

Unlike otherevolutionaryalgorithmsfor which differentparallel implementationshave
beenproposedthereexists few parallel implementationof differential evolution [9], [12].
Thesearebasedon parallelizationof the objective function evaluationandon the cellular
model, respectively. As is motivatedin [9], the multi-populationmodel hasbeenavoided
becauseof thedifficultiesrelatedwith theparameterschoice.Sincethealgorithmwhich we
proposeis adaptive, the parameterchoiceis no morea difficulty and,aswe shall see,the
multi-populationapproachcanimprovetheDE behavior.

Thepaperis organizedasfollows.Section2 presentsashortoverview of theparallelmod-
els for evolutionaryalgorithms.Theadaptive differentialevolution andthemulti-population
approacharedetailedin Section3. Section4 describesthe parallelimplementationandthe
numericaltestsperformedon aPCcluster. Concludingremarksarepresentedin Section5.

2 Overview of parallel evolutionary algorithms

The parallelizationat the objective function level hasasmain motivation the fact that the
mostcostlycomputationis theobjective functionevaluation.In this model,all computations
exceptingthe evaluationoperationis performedby a masterprocessor. The evaluationstep
consistsin computingtheobjectivefunctionvaluesfor all theelementsof thepopulationand
this stepis donein parallel in the following way. The masterprocessortransferselements
of the populationto slave processorswhich have only the role of evaluatingthe objective
functionfor thereceivedelement.After themasterreceivesthedatafrom theslaves,it con-
tinueswith thenext stepof thealgorithm(e.g.selection).This synchronousupdatingof the
populationis not veryefficient dueto theneedof waiting until thelastslave returnthefunc-
tion value.In orderto prevent theseidle times,in [2] is usedanasynchronousupdateof the
population:eachnew elementobtainedby mutationand recombinationis sendto a slave
processorfor evaluationwithout waiting to constructall thenew candidates;moreoverwhen
a slave returnsa result,if thecorrespondingelementis betterthantheworstelementin the
populationthenwill replaceit. This algorithmwastestedin [2] on a concreteproblemon
a LAN of SunSparcworkstationsusingPVM. Parallelizationat objective function level is
efficient if thepopulationsizeis hugeandtheobjective function is complex [5]. PGA pack
(http://www.mcs.anl.gov/pgapack)is a freesoftwarebuild on this model.

In the multi-populationmodel,the populationis divided into sub-populationscalled is-
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landsor demes. In eachislanda standardsequentialevolutionaryalgorithmis executed.The
communicationbetweensub-populationsis assuredby amigrationprocess:aftersomegener-
ationsseveralelementsleavetheirislandandmigrateto another. Thisprocesshasin important
role in preservingthepopulationdiversity, thusin avoiding prematureconvergencecases.Its
effectivenessdependson the communicationtopology(a graphstructurein which the sub-
populationsarenodesandtheconnectionsindicatethecommunicatingsub-populations).The
frequency of migration(numberof generationsbetweentwo migrations),themigrationtopol-
ogy, andtheselectionof migrantshave to beestablishedfor eachevolutionaryalgorithmbe-
causeageneralrigorouswayto choosethemis notknownatpresent.Fromanimplementation
pointof view, thecoarse-grainedmodelsaresuitedtodistributedmemorymulticomputersand
clustersonly if theratioof computationto communicationis high [14].

Thereexist several implementationsof parallelgeneticalgorithmsbasedon the multi-
populationmodel.Forexample,VEGA [18] implementsadistributedgeneticalgorithmbased
on the islandmodelwith exchangeof individualsover a definedconnectiontopology(ring,
grid, x-net,hypercube,fully connected);it workson theMIMD computerIntel Paragonand
workstationclusters.

In the cellular model (also called neighborhoodor diffusion models)the elementsare
placedonthenodesof a toroidalone-or two-dimensionalgrid. Theevolutionarytransforma-
tionstakeplacewithin asmallneighborhood.They aresuitedfor massiveparallelmachines.

Dif ferenthybridstrategieswerealsoconsidered.Theideaproposedin [10] is to consider
an architecturebasedon the island model at a top level whereeachisland actsbasedon
a cellular model.A processis dedicatedto control the islander’s evolution, to managethe
migration,to collectthelocal statistics,andfinally to generatetheglobalones.

Choosingthe adequatemodeldependson theproblemparticularities,on the specificof
theevolutionaryalgorithm,andon theavailablehardwaresupport.

3 The multi-population adaptive differential evolution

Thedifferentialevolution algorithmhasbeensuccessfullyappliedin solvingcontinuousop-
timizationproblemsencounteredin engineeringdesign[8]. To describethealgorithmstruc-
ture we considerthe problemof finding the minimum, ������� , of an objective function	�
 �
� IR��� IR on whichwedo not imposeany restriction.

The classicalDE algorithmevolvesa fixed sizepopulation,����� ��� � � � ��� ����� , which
is randomlyinitialized with elementsfrom � . After populationinitialization, an iterative
processis started,and,at eachiteration(generation),a new populationis produceduntil a
stoppingcondition is satisfied.At eachgeneration,eachpopulationelement(��� ) could be
replaced(with probability � ) with a new generatedelement.The new elementis a linear
combinationbetweena randomlyselectedelement(�� ! ) anda differencebetweenothertwo
randomlyselectedelements(��" ! and ��# ! ). For each$ , the indices % � , & � and ' � areselected
withoutreplacementfrom �)()� � � ��� *+� . Besidesthepopulationsize( * ), theparametersof the
algorithmare:�,�.- /0� ( 1 (theprobabilityof replacinganelementwith thenew generatedone)
and 2435/ (thefactorwhichamplify the”dif ferential” term).Experimentalstudiesshow that
DE convergencepropertiesarehighly dependenton thealgorithmparameters[6], [13], [15].
Thus,asfor otherevolutionaryalgorithms,adaptationmethodsarehighly desirable.In [16]
is proposedaparameteradaptationbasedon theideaof controllingthepopulationdiversity.

TheclassicalDE is modifiedasfollows. Theparameters2 and � arereplacedwith two
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setsof parameters:6 7�8 9 8 : ; < = and 6 >08 9 8 : ; < = (apairof parameters,? 7@8 A >08 B for eachcomponent).
At eachgenerationthevariancesfor all C componentsarecomputedasfollows:

Var? D 8 ? E�B BGF HI JK L :�; M D 8 L ? E�B@N HI JK O :�; D 8 O ? E�B PRQ�ATSUF H A C@V
Thesevaluesareusedto computethenew parameters.Theparametermodificationis based
on thevalue W 8 ? ERX H B�F4Y Var? D 8 ? E�B B Z Var? D 8 ? E[X H B B , with Y.\4] a new controlparameter.
ThevaluesW 8 ? ERX H B , SGF H A C areusedto adjusttheparametersinvolvedin thecomputation
of thenew population,DU? ERX5^)B . At eachgenerationonly onesetof parametersis modified.
For instance,at evengenerationsthevalues7 8 aremodifiedasfollows:

7 8 F`_a bdc I ? W 8�N H B�X+>�8 ? ^�N+>�8 B^ I >�8 if I ? W 8 N H B�X+> 8 ? ^eN�> 8 Bgf5]7�h i j if I ? W 8 N H B�X+> 8 ? ^eN�> 8 Bgk5] (1)

with 7�h i j theminimal valuefor 7 . A sufficient conditionfor increasingthepopulationvari-
anceby recombinationis that 74f H Z)l I , thuswe shalluse7 h i j F H Zml I . An upperbound
for 7�8 canalsobeimposed(empiricalresultssuggest7�n o peFd^ ).

At oddgenerations,theparameters>08 areadaptedasfollows:>08�F�q N�? I 7 Q8 N H B�Xdr ? I 7 Q8 N H B Q N I ? H N.W 8 B if W 8@f H> h i j if W 8@k H (2)

with >�h i j the minimal valuefor > 8 . Since > 8[s�t ]�A H u a minimal valuefor > 8 shouldbe near] , e.g. >�h i j�F�]�V ] H while the maximalvalueshouldbe > n o p F H . Whenthe computedva-
luesof the parametersareoutsidetheir domain,they arecorrectedasfollows: a valueless
thanthe lower boundis replacedwith thelower bound,while a valuegreaterthantheupper
boundis replacedwith theupperbound.Thegeneralstructureof theadaptive DE algorithm
is illustratedin Fig. 1.

Unlike other adaptationrules [4] (e.g. self-adaptation)whereeachpopulationelement
hasspecificvaluesof the parameters,the proposedmethodusesdifferentvaluesfor each
component.In this way the particularitiesof the fitnesslandscapecould be ”captured”by
theparametersadaptationprocess.Moreover, this will simplify thecommunicationbetween
sub-populationsin themulti-populationapproach.

Weconsidernow amulti-populationapproachfor theadaptiveDE. Ourmodelconsistsin
dividing thepopulationin v sub-populationsof thesamesize, w . On eachsub-populationan
adaptive DE is executedfor a fixednumber, x , of generations.EachDE correspondingto a
sub-populationworkswith its own setsof randomlyinitialized adaptiveparameters.

After eachx generationsa migrationprocess,basedon a randomconnectiontopology,
is started.More specifically, themigrationstrategy consistsin: eachelementfrom eachsub-
populationcanbeswaped(with a givenmigrationprobability, > J ) with a randomlyselected
elementfrom a randomlyselectedsub-population(includingthesub-populationwhich con-
tainstheinitial element).

Dueto themigrationprocess,asub-populationwith a low diversitycanbe”revived” after
the migrationtakesplace.Hencethe multi-populationapproachallows avoiding premature
convergencesituationsin DE. We shall illustratethis by numericalresultsobtainedfor some
benchmarktestfunctions(seeTable1).
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Randominitialization of y{z |0}U~�� ��� z |0} � � � ��� ���ez |0} � , � �@� � � � � � � , � �0� � � � � � �� ~�|
Compute Varz � � z |0} } , �@~ �m� �
Repeat

Perturbationstep:� �� ~�� � � � � z � }��.�����0z � �� � z � }@��� �� � z � } } with probability �0�� � � z � } with probability ���+� ��� ~ �m� �+� �@~ �m� �
Evaluationstep:
Compute  Uz � � } � � � ���  @z � � }

Selectionstep:
If  @z � � }G¡� Uz � � z � } } then � � z � �5� }G~ � � else � � z � �5� }G~5� � z � } � ~ �)� �

Variancecomputation:
Compute Varz � � z � �5� } } , �@~ �)� �

Parametersadaptation:
If � is eventhen adapt��� , �U~ �m� � accordingwith (1)
else adapt��� , �@~ �m� � accordingwith (2)� ~ � �5�

Until a stoppingcriterion is satisfied.

Figure1: Thegeneralstructureof theadaptiveDE algorithm

Table1: Testfunctions

Name Expression Domain

Sphere ¢ £ ¤ ¥m¦�§©¨ª « ¬ £ ¥m­« ® ¯G° ± ± ² ° ± ± ³ ¨
Rastrigin ¢ ­ ¤ ¥m¦�§©¨ª « ¬ £ ® ¥)­«�¯´° ±�µ ¶ · ¤ ¸ ¹)¥ « ¦�º ° ± ³ ® ¯@» ¼ ° ¸ ² » ¼ ° ¸ ³ ¨
Griewank ¢ ½ ¤ ¥m¦�§ °¾ ± ± ± ¨ª « ¬ £ ¥ ­«�¯ ¨¿« ¬ £ µ ¶ · ¤ ¥ « À Á Â ¦�º ° ® ¯@Ã ± ± ² Ã ± ± ³ ¨
Ackley ¢ Ä ¤ ¥m¦�§ ¯ ¸ ±�Å Æ Ç[È�¯�± ¼ ¸ É °Ê ¨ª « ¬ £ ¥)­« Ë ¯[Å Æ ÇRÈ °Ê ¨ª « ¬ £ µ ¶ · ¤ ¸ ¹)¥ « ¦ Ë º�¸ ± º�Ì ® ¯@Í ¸ ² Í ¸ ³ ¨
Rosenbrock ¢ Î ¤ ¥m¦�§,¨ Ï £ª « ¬ £ ® ° ± ± ¤ ¥ « Ð £ ¯ ¥)­« ¦ ­�º´¤ ¥ « ¯´° ¦ ­ ³ ® ¯@Í ± ² Í ± ³ ¨
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Table2: Influenceof migrationon theadaptiveDE. Testfunctions:Ñ Ò and Ñ Ó , Ô�Õ�Ö × Ø)Ù , Ú[Õ´× Û Ü .
Sphere( Ñ Ò ) Rastrigin( Ñ Ó )ÝßÞáàmâ Success PC ã Ñ ä å Success PC ã Ñ ä å

cases/gen. cases/gen. cases/gen. cases/gen.Öçæ ×è× - Ö × é ê × × êáë Û ê ì ê ë - Ö × é ê × Ö Öíì Û Ö î î îêðï ×T× Û Ü 7/1223 3/1700 × Û × × × Ö - Ö × é ê ï ë ìñï Û × ì ò òïðê ×T× Û Ü 10/1282 - Ö × Ø)Ùóê é ê ì Ü êôì é ê ë ì ìõ× Û ë ë Ü ×òöÖ ÜT× Û Ü 10/1337 - Ö × Ø)Ù÷ò é ï ò ò îøæ é ï Ü Ü êõ× Û î ë Ü ëÜùÖ êT× Û Ü 10/1410 - Ö × Ø)Ùúî é ï ë æ îøï é ò ï ì Üõ× Û ê ë ì òæùÖ ×T× Û Ü 10/1478 - Ö × Ø)Ùúî é ò æ ï Öûï é ò ì î òü× Û ï ë î ë
Table3: Influenceof migrationon theadaptiveDE. Testfunctions:Ñ ý and Ñ þ , Ô�Õ�Ö × Ø)Ù , Ú[Õ´× Û Ü .

Griewank( Ñ ý ) Ackley ( Ñ þ )ÝßÞñàmâ Success PC ã Ñ ä å Success PC ã Ñ ä å
cases/gen. cases/gen. cases/gen. cases/gen.Öçæ ×ÿ× - Ö × é ê ê Ü Ö × Û ï ë ê æ - Ö × é Ö æ Ö ïõ× Û ê î ï ×êðï ×T× Û Ü æ é Ö ê × Üûò é Ö ë ò æõ× Û × × ï Ö - Ö × é Ö Ü æ êõ× Û × × Ö Öïðê ×T× Û Ü Ö × é Ö ê ì Ü - Ö × Ø)Ù - Ö × é Ö Ü ì êíò � Ö × Ø)ÙòöÖ ÜT× Û Ü Ö × é Ö ï Ö ò - Ö × Ø)Ù - Ö × é Ö æ Ü ìíò � Ö × Ø)ÙÜùÖ êT× Û Ü Ö × é Ö ï ë Ö - Ö × Ø)Ù - Ö × é Ö î ò ×íò � Ö × Ø)ÙæùÖ ×T× Û Ü Ö × é Ö ò Ü æ - Ö × Ø)Ù - Ö × é Ö ì ê Üíò � Ö × Ø)Ù

The minimal valuefor all test functionsis
�
. Functions��� and � � have a uniquemini-

mum,while � � , � � and � 	 have many local minimabesidetheglobalminimum.For instance
Rastrigin’s function � � has 
�
 � local minima.

During the experiments,the following parameterswerefixed: 
���� � (the population
size),����
 ��� (theproblemdimension),����
 ��� (thenumberof generationsbetweenmigra-
tions), ����� ��� � (themigrationprobability), ��� 
 � (thenumberof independentrunsof the
algorithm,usedto computetheaveragedvalues).Thestoppingconditionwhich we usedis:
” � !#"�$ or % &('���) *,+ -." 
 ��/ � � ” ( � ! is thebestvalueof theobjective functionfound into the
population).Thealgorithmis consideredsuccessful(Success) if thefirst partof thecondition
is satisfied,and it prematurelyconverges(PC) if only the secondpart is true. In Tables2
and3, for eachsituation(successor prematureconvergence)the numberof cases(from 
 �
independenttrials)andtheaveragednumberof generationsarepresented.

Having the aim of verifying if the migrationprocesscanavoid prematureconvergence
we useda low value for the control parameter, 0 � ��� � . This value inducesa premature
convergenceon theadaptiveDE, but asnumericalresultsin Tables2 and3 shows,themulti-
populationapproachassuresin mostcasesa repairingeffect.

4 Numerical tests on the parallel implementation

In this sectionwe presentthe resultsobtainedrunninga multi-populationadaptive DE im-
plementationon a PCcluster:8 PCIV 1500MHz with 256Mb RAM interconnectedvia a
Myrinet switchandopticalfiber cablesensuringa transmissionof 2 Gb/s.Sucha systemis
suitedfor a randomcommunicationtopologybetweentheprocessesof a parallelcode.The
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Figure2: Implementationstrategy – themigrationprocesshasthreestages:(a) internalexchangesof elements
from the sameprocess;(b) sendthe dataof the elementsmigratingfrom the currentprocess;(c) receive the
elementsreplacingthemigrants

codeis written in C andPVM (ParallelVirtual Machine,http://netlib.org/pvm).We usedthe
testfunctionsfrom Table1.

Similar numericaltestswereperformedin [7] on a 16 PC clustersystem(Intel PII 400
MHz, 128 Mb, FastEthernet,MPICH) for Rastrigin’s function. A geneticalgorithmbased
on gray-coding,onepoint crossover andstandardmutationis used.The migrationis based
on a ring topologywith connectionsestablishedin a randommannereachtime a migration
takesplace.Thetestsusedthefollowing parameters:migrationrateequalto 1�2 3 , population
sizebetween4 1 and 4�5�1 , sub-populationsnumberbetween6 and 6 7 , and 8�1 independent
trials. Thesimulationof the islandmodelis terminatedwhenall islandssatisfythetermina-
tion condition(synchronousoperationsareneeded).Thenumberof generationsthatensurea
reasonablespeedup( 6 4 for 6 7 processors)is around9�1 .

Themodeladoptedin [11] distributesall thepopulationelementsona toroidallandscape
andthesub-populationsareobtainedby introducinglogicalboundaries.Themigrationstrate-
gy is definedby lettinga randomwalk pathto crosstheboundariesbetweensub-populations
onthebasesof agivenprobabilityfunction(flip rate,thesamefor all boundaries).Themaster-
slave model is usedin the implementationon a SGI Power Challengesystemwith 10 R-
1000processors.The algorithmwasappliedto the Rastrigin’s function with :�;<6 7 . The
minimum value for the objective function is set to 6 1�=�> , threesteplength for the random
walk, populationssizes64-900,10 trials, toroidal landscapesplit in 4 equalregions,flip rate
between0 and1. Testsshow that a clearcorrelationbetweenthe optimal flip rateandthe
populationsizecannotbesettledandextremeflip rates(0 and1) arenot recommended.For
10 generationsthespeedupobtainedusing4 processorsand900individualsis 3.8.

We expectto obtainbetterspeedupresultsfor smallerpopulationsizesdueto the faster
andnewestcomputingandcommunicationarchitecture.

We have adoptedthe following strategy. Theusercandecideif thesub-populationswill
be treatedin oneor moreprocesses.Oneprocessorof the clustersystemcantreatoneor
more processes.A randomcommunicationtopology is usedin the migration process.An
elementis movedwith respectto a user-definedprobability (?�@ ) in a randompositionof a
randomlyselectedsub-population.Theselectedpositionbeingoccupiedby anotherelement,
thelateronewill migrateto theformerpositionof theincomingindividual.If thedestination
sub-populationis treatedby the sameprocess,it sufficesa simpleexchange;otherwisethe
elementwill begatheredin amessagebuffer togetherwith theotherswilling to migratefrom
the currentprocess.This messagebuffer is sendto all other processeswhich will extract
datacorrespondingto the incomingelementsandsendbackthe datacorrespondingto the
elementsbeingreplaced(Figure2).Thealgorithmstopswhenoneof sub-populationsatisfies
theterminationcondition(distanceto theminimal valuelessthan 6 1�=�> ).
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Wehavetestedtheparallelalgorithm,for thetestfunctionsfromTable1,with theproblem
dimensionsA�B 30,100,250,500,thepopulationsizesCDB 50,100,300,thesub-populations
number EFB 1, 2, 3, 4, 6, 8, the numberof processesGHB 1, 2, 3, 4, 6, 8, the numberof
processorsIJB 1, 2, 3, 4, 6, 8, andtheprobabilityof migrationfrom oneislandto anotherset
to 0.5.Themigrationprocessfollowsafter100iterations.

In orderto measurethespeedupof thecodedueto theparallelimplementationwe look
to themeantime spentin 100iterationsof theadaptiveDE algorithmandthecorresponding
migration stage.Let K�L INM G M E O denotethis time spentby I processorstreating G processes
dealingwith E sub-populations.

Figures3 (a) and(b) show that themeantime spentby the implementationof thealgo-
rithm with severalsub-populationsandmigrationsis approximatelythesamelike thatof the
algorithmwhichdonotusesub-populations,independentontheproblemdimensionA andthe
populationsize C : K#L P�M P�M E ORQSK�L P�M P�M P O (in severalcases,thefirst oneis smaller).K�L P�M P�M E O
with EUTVP differs from K�L P�M P�M P O in that it includesthe migration(implying K�L P�M P�M E OWT
K�L P�M P�M P O ), andtheaccessto datais moresimple(implying K#L P�M P�M E OYXZK�L P�M P�M P O ).

Figures3 (c) and(d) show thatasignificanttimedecreasecanbeobtainedby treatingthe
sub-populationson differentprocesses,dueto the fact thateachprocessdealswith smaller
setsof elements:K#L P�M G M E O\[ZK�L P�M P�M E O where P([ZG][SE , at leastfor CD^�P _�_ or A`^�P _�_ .

Thecomputationof thespeedupat onestageof thealgorithmcanbedonein threeways:
- algorithmicspeedup:aYb c de BFK#L P�M P�M P�O f K�L INM I,M IgO ;
- concurrentimplementationspeedup:a b h de BZK�L P�M P�M IgO f K#L I,M INM INO ;
- parallelimplementationspeedup:aYb i de BFK#L P�M INM INO f K�L INM I,M IgO .

Accordingthe above remarkswe expectthat a b i de [kjWl m,L a b c de M a b h de O . Figure3 (e) suggests
alsotheseinequalitiesin thecaseof C�BSn�_�_ andI�BSo processors.Thespeedupvaluesare
comparablewith thosefrom [11] (in our casewehaveasmallerpopulationsizeandahigher
problemdimension).Figure3 (f) treatsthe dependenceof the a b h de valueson the problem
dimensionandpopulationsizein thecaseof I�B�p processors(no majordifferences).

The codeefficiency is measuredusing the above definedspeed-upsandthe numberof
processors:q e B�a e f I . Figure3 (g) refersto q b h de in thecaseof thepopulationsize CDBSn�_�_
and E.BrI sub-populations.Notethathighefficiency values( q b h de ^Ss�t�u ) alsoin thecaseof
IJBFs processors.

Figure3 (h) shows thatonly smalldifferenceswill beencounteredby changingtheprob-
lem: q b i de is computedin thecaseof CDBFn�_�_ and A�B�p�t _ .
5 Conclusions

We implementeda coarse-grainedmodelof an adaptive differentialevolution algorithmon
a PC cluster. The parallelizationis basedon the multi-populationmodel. In summary, we
obtainedthe following results:parallelexecutionon the clusteris able to speedupthe DE
significantly, andthe global optimumis found with a higherprobability even if thereexist
many similar sub-optima.Improvementsof theconvergencehave beenobtainedevenby se-
quentialimplementationdueto theability of themigrationprocessto preservethepopulation
diversity, thusto avoid prematureconvergence.

In [17] anadaptive Paretodifferentialevolution algorithmfor multi-objective optimiza-
tion andits parallelizationarefurtherproposed.
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Figure3: Time, speedupandefficiency of the parallelalgorithmappliedto Rastrigin’s function v w : (a) time
differenceswhenusingor not sub-populationsandmigrations– x is variable;(b) thesame– y is variable;(c)
time differenceswhenusingor not differentprocessesto treatthesub-populations– x is variable;(d) thesame
– y is variable;(e)differentmeasurementsfor thespeedupin thecaseof z|{�} ; (f) dependenceof thespeedup
on y and x in thecasez#{`~ ; (g) parallelcodeefficiency in thecasey�{U� � � ; (h) efficiency variationwhen
thecodeis appliedto severalfunctions
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