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Abstract. A coarse-grainegbarallelizationof an adaptve differential evolution al-
gorithm is described.The parallelizationis basedon the multi-populationmodel, a
randomconnectiortopologybeingused.Theresultsobtainedby the implementation
of the proposedalgorithmon a PC clustershowv not only a speedupn executiontime,
but alsoa higherprobability of corvergence.
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1 Introduction

Evolutionaryalgorithmsarestochastioptimizationmethodsvhich areparticularlywell sui-
tedfor hardproblemswherelittle is known aboutthe searchspace They maintaina popula-
tion of candidatesolutionswhich areiteratively transformediy somenature-inspirespera-
tors: mutation recombinatiorandselection The evolutionaryprocesgendsto find globally
satishctory evenif notoptimal,solutionsto theoptimizationproblem Whenthey areapplied
to largerealproblemshey maybecomeoo slow [14]. To overcomethis difficulty eithernew
evolutionaryoperatoror parallelizatiormethodshave beenproposed.

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

Ontheotherhandtherearetwo mainreasongor parallelizinganevolutionaryalgorithm:
oneis to achieve time savings by distributing the computationakffort andthe seconds to
benefitfrom the algorithmicpoint of view [14].

Efficient parallelizationof evolutionary algorithmsis not a trivial task despitethe fact
thatthesealgorithmsareinherentlyparallel. Thisis mainly dueto thefactthatthe population
elementsnteractduring the evolution andthe effect of operatorss sensitve to their control
parametershoice. Thismeanghatall theempiricalknowledgeconcerningparametershoice
gatheredrom serialimplementationss not necessarilyusefulfor parallelimplementations
(mainlyif parallelizationmpliesmodificationin the populationstructure) Onthe otherhand
thereexistsdifferentclasse®f evolutionaryalgorithms.geneticalgorithms geneticorogram-
ming, evolutionary stratgiesand evolutionary programming Evenif they arebasedon the
samenaturalevolution principlethey aredifferent,andsoaretheir parallelimplementations.
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During the lastyears,several parallelmodelshave beenproposed1], [3], [14]. The pa-
rallelization of an evolutionary algorithm canbe madeat one of the following levels [14]:
objectie function evaluationlevel (masterslavemode), populationlevel (multi-population
mode] called alsoisland modelor migration mode), elementdevel (cellular mode). The
cellularmodelleadsto fine-grainedparallelizatiorwnhile the othertwo leadto coarse-grained
parallelization.

Theaim of thiswork is to analyzea parallelimplementatiorof the differentialevolution
basedon the multi-populationmodel. The reasonsf choosingthe multi-populationmodel
were: (i) it is inspiredfrom the spatial structureof natural populations;(ii) its ability of
preservinghe populationdiversitythroughthe migrationprocess.

Dueto theabsencef arealmutation differentialevolutionis highly predisposetb afast
decreasef the populationdiversity which leadsto the undesirableorematurecorvergence
(thealgorithmis trappednto asub-optimalktate). The multi-populationapproaclkcouldhelp
avoiding suchasituation.

Unlike otherevolutionaryalgorithmsfor which differentparallelimplementationdhave
beenproposedthereexists few parallelimplementationof differential evolution [9], [12].
Theseare basedon parallelizationof the objective function evaluationand on the cellular
model, respectrely. As is motivatedin [9], the multi-populationmodel hasbeenavoided
becausef thedifficultiesrelatedwith the parameterghoice.Sincethe algorithmwhich we
proposeis adaptve, the parameterchoiceis no more a difficulty and,aswe shall see,the
multi-populationapproackcanimprove the DE behaior.

Thepapelis organizedasfollows. Section2 presenta shortoverview of theparallelmod-
elsfor evolutionaryalgorithms.The adaptve differentialevolution andthe multi-population
approacharedetailedin Section3. Section4 describeghe parallelimplementatiorandthe
numericaltestsperformedon a PCcluster Concludingremarksarepresentedn Section5.

2 Overview of parallel evolutionary algorithms

The parallelizationat the objectve function level hasas main motivation the fact that the
mostcostly computations the objective functionevaluation.In this model,all computations
exceptingthe evaluationoperationis performedby a masterprocessarThe evaluationstep
consistan computingthe objective functionvaluesfor all the elementf the populationand
this stepis donein parallelin the following way. The masterprocessotransferselements
of the populationto slave processorsvhich have only the role of evaluatingthe objectve
functionfor thereceved element After the mastemrecevesthe datafrom the slaves,it con-
tinueswith the next stepof the algorithm(e.g.selection).This synchronousipdatingof the
populationis not very efficient dueto the needof waiting until thelastslave returnthe func-
tion value.In orderto preventtheseidle times,in [2] is usedanasynchronousipdateof the
population:eachnew elementobtainedby mutationand recombinationis sendto a slave
processofor evaluationwithout waiting to constructall the new candidatesmoreoserwhen
a slave returnsa result,if the correspondingelements betterthanthe worstelementn the
populationthenwill replaceit. This algorithmwastestedin [2] on a concreteproblemon
a LAN of SunSparcworkstationsusing PVM. Parallelizationat objectve functionlevel is
efficientif the populationsizeis hugeandthe objectve functionis complec [5]. PGA pack
(http:/lwww.mcs.anl.ge/pgapack)s afree softwarebuild onthis model.

In the multi-populationmodel, the populationis divided into sub-populationgalledis-
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landsor demesin eachislanda standardsequentiabvolutionaryalgorithmis executed.The

communicatiorbetweersub-populationss assuredby a migrationprocessaftersomegener

ationsseveralelementdeavetheirislandandmigrateto anotherThis proces$asin important
rolein preservinghe populationdiversity, thusin avoiding prematurecorvergencecaseslts

effectivenessdependn the communicatiortopology (a graphstructurein which the sub-

populationsarenodesandthe connectionsndicatethecommunicatingub-populations)The

frequeng of migration(numberof generationbetweertwo migrations) themigrationtopol-

ogy, andthe selectionof migrantshave to be establishedor eachevolutionaryalgorithmbe-

causeageneraligorouswayto chooseghemis notknown atpresentFromanimplementation
pointof view, thecoarse-graineohodelsaresuitedto distributedmemorymulticomputersand

clustersonly if theratio of computatiorto communications high [14].

Thereexist several implementationof parallel geneticalgorithmsbasedon the multi-
populationrmodel.For example VEGA [18] implementsadistributedgeneticalgorithmbased
on theislandmodelwith exchangeof individualsover a definedconnectiortopology (ring,
grid, x-net, hypercubefully connected)it worksonthe MIMD computerintel Paragonand
workstationclusters.

In the cellular model (also called neighborhoodor diffusion models)the elementsare
placedonthenodesof atoroidalone-or two-dimensionagrid. The evolutionarytransforma-
tionstake placewithin asmallneighborhoodThey aresuitedfor massve parallelmachines.

Differenthybrid stratgjieswerealsoconsideredTheideaproposedn [10] is to consider
an architecturebasedon the island model at a top level where eachisland acts basedon
a cellular model. A processs dedicatedo control the islanders evolution, to managethe
migration,to collectthelocal statistics andfinally to generatehe globalones.

Choosingthe adequatenodeldependson the problemparticularities,on the specificof
theevolutionaryalgorithm,andon the availablehardwaresupport.

3 Themulti-population adaptive differential evolution

Thedifferentialevolution algorithmhasbeensuccessfullyappliedin solving continuousop-
timization problemsencounteredn engineeringlesign[8]. To describethe algorithmstruc-
ture we considerthe problemof finding the minimum, z* € D, of an objectve function
f: D CIR" = IRonwhichwe do notimposeary restriction.

The classicalDE algorithmevolvesa fixed size population,P = {z1,... ,z,}, which
is randomlyinitialized with elementsfrom D. After populationinitialization, an iteratve
processs started,and, at eachiteration (generation)a new populationis produceduntil a
stoppingconditionis satisfied.At eachgenerationgachpopulationelement(z;) could be
replaced(with probability p) with a new generatecelement.The nev elementis a linear
combinationbetweera randomlyselectecelement(z,:) anda differencebetweernothertwo
randomlyselectecelementsz andz.:). For eachl, theindicesc/, ' and+' areselected
withoutreplacementrom {1, ... ,m}. Besideghepopulationsize(m), theparametersf the
algorithmare:p € [0, 1] (theprobability of replacinganelementwith thenew generate@ne)
andF' > 0 (thefactorwhichamplify the"dif ferential” term). Experimentabktudiesshaw that
DE corvergencepropertiesarehighly dependenon thealgorithmparameter§6], [13], [15].
Thus,asfor otherevolutionaryalgorithms,adaptatiormethodsare highly desirableln [16]
is proposeda parameteadaptatiorbasedon theideaof controllingthe populationdiversity.

The classicalDE is modifiedasfollows. The parameterd' andp arereplacedwith two



4 Danielazaharie,DanaPetcu

setsof parameters{ Fi},_1; and{p;},_1 (apairof parameterg,F;, p;) for eachcomponent).
At eachgeneratiorthevariancedor all n componentarecomputedasfollows:

EDEESY (w;(g) - %sz@) i=

Thesevaluesare usedto computethe nev parametersThe parametemodificationis based
onthevaluec;(g + 1) = yVar(z'(g))/Var(z*(g + 1)), with v > 0 anew control parameter
Thevaluesc;(g + 1), ¢ = 1, n areusedto adjustthe parameterinvolvedin the computation
of the new population,z(g + 2). At eachgeneratioronly onesetof parameterss modified.
For instanceat evengenerationshevaluesF; aremodifiedasfollows:

if m(ci — 1) +pi(2 —pi) > 0 (1)
Fine if m(c; —1)+pi(2—pi) <0

with Fi,r the minimal valuefor F'. A sufficient conditionfor increasinghe populationvari-
anceby recombinatiornis that F > 1/1/m, thuswe shalluseF;,s = 1/4/m. An upperbound
for F; canalsobeimposedempiricalresultssuggesty,, = 2).

At oddgenerationsthe parameterg; areadaptedasfollows:

Dy = { —(mF = 1)+ /(mFy =12 —m(l—c) ife>1 2

Dinf ifcg <1

with piye the minimal valuefor p;. Sincep; € [0, 1] a minimal valuefor p; shouldbe near
0, e.9.pine = 0.01 while the maximalvalue shouldbe ps,, = 1. Whenthe computedva-
lues of the parametersire outsidetheir domain,they are correctedasfollows: a valueless
thanthe lower boundis replacedwith the lower bound,while a valuegreaterthanthe upper
boundis replacedwith the upperbound.The generalstructureof the adaptve DE algorithm
is illustratedin Fig. 1.

Unlike other adaptatiorrules [4] (e.g. self-adaptationvhere eachpopulationelement
hasspecificvaluesof the parametersthe proposedmethodusesdifferentvaluesfor each
componentln this way the particularitiesof the fitnesslandscapecould be "captured” by
the parametersdaptatiorprocessMoreover, this will simplify the communicatiorbetween
sub-populationgn the multi-populationapproach.

We considemow amulti-populationapproactor theadaptve DE. Our modelconsistdn
dividing the populationin s sub-population®f the samesize, 1. On eachsub-populatioran
adaptve DE is executedfor a fixed number 7, of generationsEachDE correspondingo a
sub-populatiorworkswith its own setsof randomlyinitialized adaptve parameters.

After eachr generation® migrationprocesspasedon a randomconnectiontopology
is started More specifically the migrationstrategy consistan: eachelementfrom eachsub-
populationcanbe swaped(with a givenmigration probability, p,,) with arandomlyselected
elementfrom arandomlyselectedsub-populatior(including the sub-populatiorwhich con-
tainstheinitial element).

Dueto themigrationprocessa sub-populationwith alow diversitycanberevived” after
the migrationtakes place.Hencethe multi-populationapproachallows avoiding premature
corvergencesituationsn DE. We shallillustratethis by numericalresultsobtainedfor some
benchmarkestfunctions(seeTablel).



Parallelimplementatiorof multi-populationdifferentialevolution

Randominitialization of P(0) = {z1(0), ..., 2x(0)}, {Fi}i—tz + {Pi}i=tn

g=20
Conput e Var(z(0)),i=1,n
Repeat

Perturbationstep:

- { aiy(g) + Fi - (eh(g) — ebi(9))  with probabiliyp;,
z = ; . .
z1(9) with probability1 — p;
Evaluationstep:
Conput e f(z1),..., f(zm)
Selectiorstep:

=1,m,i=1n

I f(z) < f((g)) thenz(¢g+1) = z el se zi(g + 1) = zi(g) I=1,m
Variancecomputation:
Conput e Var(zi(g + 1)),i=1,n
Parametes adaptation:
| f gisevent hen adaptF;, i = 1,n accordingwith (1)
el se adaptp;, ¢ = 1, n accordingwith (2)
g=g+1
Unti | astoppingcriterion is satisfied
Figurel: Thegeneraktructureof the adaptve DE algorithm
Tablel: Testfunctions
Name Expression Domain
Sphere filz) =) [—100, 100]™
Rastrigin = fa(z) = Y _[z7 — 10 cos(2mz;) + 10] [-5.12,5.12]"
i= 1
Griewank  f3(z) 4000 Zx - Hcos i/ Vi) + [—600,600]™
Ackley fa(z) = —20exp (—0 2\/7295 ) — exp ( Zcos 2 E; ) +20+e [-32,32"
n—1
Rosenbrock fs(z) = Y [100(zip1 — 7)° + (zi — 1)] [—30,30]"

=1
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Table2: Influenceof migrationonthe adaptve DE. Testfunctions:f; andfe, e = 1075,y = 0.5.

Sphere(f1) Rastrigin(f2)

S U  Dm Success PC (fe) Success PC (f+)
cases/gen. cases/gen. cases/gen. cases/gen.

1 60 0 - 10/2002  9.2829 - 10/2011  8.1777
2 30 0.5 7/1223 3/1700  0.0001 - 10/2398  3.0844
3 20 05 10/1282 - 108 2/2852 8/2988  0.9950
4 15 0.5 10/1337 - 108 4/3447 6/3552  0.7959
5 12 0.5 10/1410 - 108 7/3967 3/4385  0.2984
6 10 0.5 10/1478 - 108 7/4631 3/4874  0.3979

Table3: Influenceof migrationon the adaptve DE. Testfunctions:f3 and £y, e = 1075,y = 0.5.

Griewank(fs) Ackley (f1)
S U Dm Success PC (fe) Success PC (f+)
cases/gen. cases/gen. cases/gen. cases/gen.
1 60 0 - 10/2251  0.3926 - 10/1613  0.2730
2 30 05 6/1205 4/1946  0.0031 - 10/1562  0.0011
3 20 05 10/1285 - 108 - 10/1582 4-107°
4 15 05 10/1314 - 10-¢ - 10/1658 4-107
5 12 0.5 10/1391 - 10— - 10/1740 4-107°
6 10 0.5 10/1456 - 108 - 10/1825 4-107°

The minimal valuefor all testfunctionsis 0. Functionsf; and f5 have a uniquemini-
mum,while fs, f3 and fy have mary local minimabesidethe global minimum.For instance
Rastrigins function f; has11™ local minima.

During the experimentsthe following parametersvere fixed: m = 60 (the population
size),n = 100 (theproblemdimension); = 100 (thenumberof generationbetweemmigra-
tions), p,, = 0.5 (themigrationprobability),r = 10 (the numberof independentunsof the
algorithm,usedto computethe averagedvalues).The stoppingconditionwhich we usedis:
"fo < eor (Var(z)) < 10712" (f, is the bestvalueof the objective functionfoundinto the
population).Thealgorithmis considereduccessfu{Successif thefirst partof the condition
is satisfied,andit prematurelycorverges(PC) if only the secondpartis true. In Tables2
and 3, for eachsituation(succes®r prematureconvergence)the numberof caseqfrom 10
independentrials) andthe averagechumberof generationsrepresented.

Having the aim of verifying if the migration processcanavoid prematurecorvergence
we useda low value for the control parametery = 0.5. This value inducesa premature
convergenceontheadaptve DE, but asnumericalresultsin Tables2 and3 shaws, the multi-
populationapproachassuresn mostcasesarepairingeffect.

4 Numerical testson the parallel implementation

In this sectionwe presentthe resultsobtainedrunning a multi-populationadaptve DE im-
plementatioron a PC cluster:8 PC 1V 1500MHz with 256 Mb RAM interconnectedia a
Myrinet switch andopticalfiber cablesensuringa transmissiorof 2 Gb/s.Sucha systemis
suitedfor a randomcommunicatiortopologybetweerthe processesf a parallelcode.The
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Figure2: Implementatiorstrategy — the migrationprocesshasthreestages(a) internalexchangef elements
from the sameprocessyb) sendthe dataof the elementamigratingfrom the currentprocessjc) receve the
elementgeplacingthe migrants

codeis writtenin C andPVM (Parallel Virtual Machine,http://netlihorg/pvm).We usedthe
testfunctionsfrom Tablel.

Similar numericaltestswere performedin [7] on a 16 PC clustersystem(Intel P11 400
MHz, 128 Mb, FastEthernetMPICH) for Rastrigins function. A geneticalgorithmbased
on gray-coding,one point crosseer and standardmutationis used.The migrationis based
on aring topologywith connectionsestablishedn arandommannereachtime a migration
takesplace.The testsusedthefollowing parametersmigrationrateequalto 0.5, population
size between20 and 270, sub-populationsiumberbetweenl and 16, and 30 independent
trials. The simulationof theislandmodelis terminatedvhenall islandssatisfythe termina-
tion condition(synchronousperationsareneeded)Thenumberof generationshatensurea
reasonablepeedupd12 for 16 processorsis around40.

Themodeladoptedn [11] distributesall the populationelementn atoroidallandscape
andthesub-populationareobtainedoy introducinglogical boundariesThe migrationstrate-
gy is definedby letting arandomwalk pathto crossthe boundariebetweensub-populations
onthebase®f agivenprobabilityfunction(flip rate thesamefor all boundaries)Themaster
slave modelis usedin the implementationon a SGI Powver Challengesystemwith 10 R-
1000 processorsThe algorithmwas appliedto the Rastrigins functionwith n = 16. The
minimum value for the objective functionis setto 10~%, threesteplengthfor the random
walk, populationssizes64-900,10 trials, toroidallandscapesplit in 4 equalregions,flip rate
between0 and 1. Testsshow that a clear correlationbetweenthe optimal flip rate andthe
populationsize cannotbe settledandextremeflip rates(0 and1) arenotrecommended-or
10 generationshe speedumbtainedusing4 processorand900individualsis 3.8.

We expectto obtainbetterspeedupesultsfor smallerpopulationsizesdueto the faster
andnewestcomputingandcommunicatiorarchitecture.

We have adoptedhe following stratgy. The usercandecideif the sub-populationsvill
be treatedin one or more processesOne processoif the clustersystemcantreatoneor
more processesA randomcommunicationtopologyis usedin the migration processAn
elementis moved with respecto a userdefinedprobability (p,,,) in a randompositionof a
randomlyselectedsub-populationThe selectedositionbeingoccupiedoy anotherelement,
thelateronewill migrateto theformerpositionof theincomingindividual. If thedestination
sub-populations treatedby the sameprocessjt sufficesa simple exchange;otherwisethe
elemenwill begatheredn a messagéuffer togethemith the otherswilling to migratefrom
the currentprocess.This messagduffer is sendto all other processesvhich will extract
datacorrespondingo the incoming elementsand sendbackthe datacorrespondingo the
elementdeingreplacedFigure2). Thealgorithmstopswhenoneof sub-populatiorsatisfies
the terminationcondition(distanceto the minimal valuelessthan10-9).
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We havetestedheparallelalgorithm,for thetestfunctionsfrom Tablel, with theproblem
dimensions: =30,100,250,500,the populationsizesm =50,100,300,thesub-populations
numbers =1, 2, 3, 4, 6, 8, the numberof processes =1, 2, 3, 4, 6, 8, the numberof
processorg =1, 2, 3, 4, 6, 8, andthe probability of migrationfrom oneislandto anotherset
to 0.5. Themigrationprocesdollows after 100iterations.

In orderto measurdghe speedupf the codedueto the parallelimplementatiorwe look
to themeantime spentin 100iterationsof the adaptve DE algorithmandthe corresponding
migration stage.Let T'(p, t, s) denotethis time spentby p processordreatingt processes
dealingwith s sub-populations.

Figures3 (a) and(b) shawv thatthe meantime spentby the implementatiorof the algo-
rithm with severalsub-populationsndmigrationsis approximatelythe samelik e that of the
algorithmwhichdonotusesub-populationsndependenvntheproblemdimensiom andthe
populationsizem: T'(1,1, s) =~ T'(1,1, 1) (in severalcasesthefirst oneis smaller).T'(1, 1, s)
with s > 1 differsfrom T'(1,1,1) in thatit includesthe migration (implying 7'(1,1, s) >
T(1,1,1)), andtheaccesdo datais moresimple(implying 7'(1, 1, s) < 7'(1,1, 1)).

Figures3 (c) and(d) shawv thata significanttime decreaseanbe obtainedby treatingthe
sub-population®n differentprocessesjueto the fact that eachprocessdealswith smaller
setsof elementsT(1,t,s) < T'(1,1, s) wherel <t < s, atleastfor m > 100 orn > 100.

The computatiorof the speedumt onestageof the algorithmcanbe donein threeways:

- algorithmicspeedupS{Y = T(1,1,1)/T (p, p, p);

- concurrenimplementatiorspeedupSS? = T(1,1,p)/T(p, p, p);

- parallelimplementatiorspeedupS{¥ = T'(1, p, p) /T (p, p, p)-

Accordingthe above remarkswe expectthat S5 < min(S5”, S87). Figure3 (e) suggests
alsotheseinequalitiesin the caseof m = 300 andp = 4 processorsThe speedupvaluesare
comparablavith thosefrom [11] (in our casewe have asmallerpopulationsizeanda higher
problemdimension).Figure 3 (f) treatsthe dependencef the S,(,2) valueson the problem
dimensiomandpopulationsizein the caseof p = 2 processorgno majordifferences).

The codeefficiengy is measuredising the above definedspeed-upsndthe numberof
processorsE, = S,/p. Figure3 (g) refersto E,(,2) in the caseof thepopulationsizem = 300

ands = p sub-populationaNotethathigh efficiency vaIues(E,(,2) > 85%) alsoin the caseof
p = 8 processors.

Figure3 (h) shawvs thatonly smalldifferenceswill beencounteredby changingthe prob-
lem: E,(,?’) is computedn the caseof m = 300 andn = 250.

5 Conclusions

We implementeda coarse-grainednodel of an adaptve differentialevolution algorithmon
a PC cluster The parallelizationis basedon the multi-populationmodel. In summary we
obtainedthe following results:parallel executionon the clusteris ableto speedupghe DE
significantly andthe global optimumis found with a higher probability evenif thereexist
mary similar sub-optimalmprovementsof the corvergencehave beenobtainedevenby se-
quentialimplementatiordueto theability of themigrationprocesso preserethepopulation
diversity, thusto avoid prematurecorvergence.

In [17] anadaptve Paretodifferentialevolution algorithmfor multi-objectve optimiza-
tion andits parallelizationarefurtherproposed.
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Figure 3: Time, speedupand efficiency of the parallelalgorithmappliedto Rastrigins function : (a) time

differenceswvhenusingor not sub-populationandmigrations— is variable;(b) thesame- is variable;(c)

time differencesvhenusingor not differentprocesseso treatthe sub-populations-  is variable;(d) thesame
— isvariable;(e) differentmeasurement®r the speedupn the caseof ; (f) dependencef thespeedup
on and inthecase ; (g) parallelcodeefficiency in the case ; (h) efficiency variationwhen

thecodeis appliedto severalfunctions
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