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Abstract—Dynamic Demesis a new method for the parallelisation of evolution-
ary algorithms. It was derived as a combination of two other parallelisation al-
gorithms: the master-slave distributed fitnessevaluation model and the static sub-
population model. In this paper we presentthe algorithm, perform a theoretical
analysisof its performance and presentexperimental resultswhere we compared
Dynamic Demeswith other algorithms.

I . PARALLEL GENETIC ALGORITHMS

SequentialGAs have beenshown to be very successfulin
many applicationsand in very differentdomains. However,
thereexist someproblemsin their utilisationwhich canall be
addressedwith someform of ParallelGA (PGA):

� For somekind of problems,thepopulationneedsto be
very large andthe memoryrequiredto storeeachin-
dividual may be considerable(for examplein genetic
programming[1]). In somecasesthis makes it im-
possibleto runanapplicationefficiently usingasingle
machine,sosomeparallelform of GA is necessary.� Fitnessevaluationis usuallyvery time-consuming.In
the literaturecomputationtimesof morethan1 CPU
year have beenreportedfor a single run in complex
domains(e.g.see[2]). It standsto reasonthattheonly
practicalway of provide this CPUpower is theuseof
parallelprocessing.� SequentialGAs may get trappedin a sub-optimalre-
gion of thesearchspacethusbecomingunableto find
better quality solutions. PGAs can searchdifferen-
t subspacesof the searchspacein parallel,thusmak-
ing it lesslikely to becometrappedby low-qualitysub-
spaces.

For thefirst two reasonsPGAsarestudiedandusedfor ap-
plicationson massively parallelmachines[3], transputers[4],
andalsoon distributedsystems[5]. However, the most im-
portantadvantageof PGAsis thatin many casesthey provide
bettersolutionsthansinglepopulation-basedalgorithms,even
whenthe parallelismis simulatedon conventionalmachines.
Thereasonis thatmultiplepopulationsallow speciation,apro-
cessby which differentpopulationsevolve in differentdirec-
tions(i.e. towarddifferentoptima)[6]. For thisreasonParallel
GAs arenot only an extensionof the traditionalGA sequen-
tial model,but they representanew classof algorithmsin that
they searchthespaceof solutionsdifferently.

Theway in which GAs canbeparalleliseddependson the
following elements:

� How fitnessis evaluatedandmutationis applied� If singleor multiplesubpopulations(demes)areused

� If multiple populationsareused,how individualsare
exchanged� How selectionis applied(globally or locally)

Dependingon how eachof theseelementsis implemented,
several different methodsof parallelising GAs can be ob-
tained.Thesecanbeclassifiedinto eightclasses:

1. Master-Slave parallelisation(alsoknown asdistribut-
edfitnessevaluation)

2. Staticsubpopulationswith migration
3. Staticoverlappingsubpopulations(withoutmigration)
4. Massively parallelgeneticalgorithms
5. Dynamic demes(dynamic overlapping subpopula-

tions)
6. Parallelsteady-stategeneticalgorithms
7. Parallelmessygeneticalgorithms
8. Hybrid methods(e.g. staticsubpopulationswith mi-

gration,with distributedfitnessevaluationwithin each
subpopulation)

In thefollowing subsectionswe provide a shortdescription
of two parallelisationmethodson which dynamicdemesis
basedandto which it will becomparedlateron in thepaper.

A. Master-Slave parallelisation

In thisparallelisationmethod,alsoknown asdistributedfit-
nessevaluation,thealgorithmusesasinglepopulationandthe
evaluationof theindividualsand/ortheapplicationof genetic
operatorsareperformedin parallel. Selectionandmatingare
doneglobally, henceeachindividual may competeandmate
with all theothers.Theoperationthatis mostcommonlypar-
allelisedis theevaluationof thefitnessfunction. This is usu-
ally implementedby master-slaveprograms,wherethemaster
storesthepopulationandtheslavesevaluatethefitness,apply
mutation,andsometimesexchangebitsof thegenome(aspart
of crossover).

Thealgorithmis saidto besynchronous, if themasterstops
andwaits to receive the fitnessvaluesfor all the population
beforeproceedingwith the next generation.A synchronous
master-slave GA hasexactly the samepropertiesasa simple
GA, exceptits speed,i.e. this form of parallelGA carriesout
exactlythesamesearchasasimpleGA. An asynchronous ver-
sion of themaster-slave GA is alsopossible.In this casethe
algorithmdoesnot stopto wait for any slow processors.For
this reasontheasynchronousmaster-slavePGAdoesnotwork
exactlylikeasimpleGA, but is moresimilarto parallelsteady-
stateGAs. The differencelies only in the selectionoperator.
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In anasynchronousmaster-slavealgorithmselectionwaitsun-
til a fractionof thepopulationhasbeenprocessed,while in a
steady-stateGA selectiondoesnot wait, but operateson the
existingpopulation.

B. Static Subpopulations With Migration

Theimportantcharacteristicsof theclassof staticsubpopu-
lationswith migrationparallelalgorithmsaretheuseof multi-
pledemesandthepresenceof a migrationoperator. Multiple-
demeGAs areoneof the mostpopularparallelisationmeth-
ods, and many papershave beenwritten describingdetails
of their implementation[7]. This parallelisationmethodre-
quiresthedivisionof apopulationinto somenumberof demes
(subpopulations).Demesareseparatedfrom oneanother(ge-
ographic isolation), and individuals competeonly within a
deme.An additionaloperatorcalledmigration is introduced:
from time to time, someindividualsaremoved(copied)from
onedemeto another.

I I . DYNAMIC DEMES MODEL

Theideaof parallelisingGAs usingdynamicdemes(DDs)
wasfirst proposedin preliminaryform in [8], andthendevel-
opedandbriefly evaluatedin [9].

Themainadvantagesof dynamicdemesare:
� High scalability and flexibility (DDs can be usedto

implementa broadrangeof algorithmsfrom coarse
grainedto highly finegrainedmodels)� Fault tolerance(someof theprocessorscancrash,but
thealgorithmwill correctlycontinue)� Dynamicloadbalancing� Easymonitoring

DDs are implementedin an object orientedlibrary called
MPGA developedin C++with PVM. Thelibrary alsocontain-
s otherparallelGA models.The library is publicly available
from http://studentweb.cs.bham.ac.uk/˜m xn/
cirrus . The DD algorithmis relatively simple. The pop-
ulation is dividedinto subpopulations(demes).Selectionand
matingareappliedto thedemessimilarly to otherparallelisa-
tion methodsfor GAs. However, in DDs the subpopulations
are createddynamicallyafter eachprocessingcycle, and so
the demesarenot fixed. A moredetaileddescriptionof the
algorithmwill begivenin thefollowing sections.

A. Features

Both the master-slave parallelGA andthe staticsubpopu-
lation GA suffer from someproblems.DDs overcomethese
problemsby combining the best featuresof thesemethods.
DDs is acombinationof globalparallelism(thealgorithmcan
work asa simplemaster-slave distributedGA) with a coarse-
grainedGA (overlappingsubpopulationsmodel). In DDs the
populationis treatedasacollectionof separateddemes.There
is nomigrationoperatorassuch,but individualsareexchanged
via a dynamicreorganisationof the demesat eachprocess-
ing cycle. The main reasonfor reorganisingthe demesis to
cut down thewaiting time for thelast(slowest)individualsin

themaster-slavemodel.This happensbecausenew demesare
createdandexecutedassoonasenoughindividualshavebeen
evaluated.

From the parallel processingpoint of view the dynamic
demesapproachfits perfectlyinto the MIMD category (Flyn
classification)asanasynchronousmultiple master-slavealgo-
rithm.

The algorithmis fully scalable.Startingfrom global par-
allelismwith fitness-processingdistribution,onecanscaleup
thealgorithmupto afinegrainedversion,with afew individu-
alswithin eachdemeanda largenumberof demesi.e. thanks
to its scalabilityit canberunefficiently in systemswith sever-
al ProcessingElements(PEs)aswell asin massively parallel
systemswith largenumberof PEs.Thealgorithmcanberun
on shared-anddistributed-memoryparallelmachines.

B. Algorithm Description

Eachindividual is representedby aseparateprocess(which
wecall aslave), whichis capableof performingthefollowing:

1. Fitnessevaluation
2. Applying mutationto itself (with a predefinedmuta-

tion rate)
3. Doing crossover with anotherindividual (this is done

by passingto eachindividualtheprocessID of another
individualwith which it shouldperformcrossover)

All theindividualsrun concurrently. Theidealcaseis whena
singleprocessingelementprocessesasingleindividual. When
this is not the caseparallelismis simulatedby the operat-
ing systemor, like in our case,by a parallelvirtual machine
(thanksto thePVM library).

Thereare additionalprocesses,called masters, which are
responsiblefor selectionandmating. Mastershandlea fixed
fractionof thepopulationandapplyselectionandmatingonit.
Therefore,eachmasterrepresentsa separatedeme.However,
unlikeotherPGAs,asexplainedbelow, in DDstheindividuals
belongingto eachdemechangedynamically. Thenumberof
mastersis a parameterof the algorithm. If thereis only one
masterDDs is actuallya classicdistributedfitnessevaluation
algorithm.

Eachmasterprocessperformsselectionandmatingconcur-
rently with theothermaster. Mating requiressendingtheap-
propriateslave ID to theindividualschosenfor crossingover.
Whentheslavesreceive a partnerID they performcrossover,
andthenproceedwith fitnessevaluationandmutation.

In additionto mastersandslavesthereis alsoaprocess(pos-
sibly more)responsiblefor loadbalancing,calledcounter. Af-
ter crossover, fitnessevaluationandmutationeachindividu-
al is dynamicallyassignedto a deme(possiblydifferentfrom
the one it belongedto previously). This happenswhen the
individual notifies the counterprocess.The counterprocess
knows which masterprocessesarecurrently idle waiting for
their subpopulationto be filled andit sendsto the individual
theprocessID of onesuchmaster.

The last processwithin the systemis called sorter. This
processis informed by all of the individuals finishing their
evaluation,takestheir genotypeandfitness,andsavesthemin
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appropriatelog files. Thesorterprocessis alsoresponsiblefor
stoppingthe searchwhena terminationcriterion is met (e.g.
whena solutionof sufficient quality is foundor whena fixed
numberof individualshasbeenprocessed).

Becausethe algorithm was developedin a heterogeneous
multiuserenvironment,1 normallytherewasnoneedfor intro-
ducinga strategy to passinformationbetweendemes(like for
exampletheideaof having partially overlappingdemes).The
differencesin speedof the processingelementswasenough
for disturbingtheregularitiesin theprocessingcycles,thusal-
lowing themixing of theindividualsin differentdemes.Usu-
ally in our experimentswith heterogeneousenvironmentsthe
algorithmwasconfiguredsothateachmasterwasin chargeof
a fractionof thepopulationincluding

�������	� 
 �����
� (1)

individuals,where

 ����� is the total numberof slaves (indi-

viduals)and � is the numberof dynamicdemesandalsothe
numberof masterprocesses.Equation1 ensures,that we do
nothavetoomany slaveswaitingfor availablemasters.Weal-
sodonotneedin generalmoremasterprocessesthan � , where� is alsoequalto thenumberof demes.

For parallelsystemswith uniform PEsin problemswhere
fitnessevaluationandotheroperationsareperformedin con-
stanttime it maybenecessaryto allocatemoreslavesto each
masterthanthenumbergivenby Equation1 in orderto avoid
the casewhenthe processingis completelysynchronousand
thealgorithmworksasa subpopulationmodelwithoutmigra-
tion. A simplesolutionis to allow demesto overlap. There-
fore, we needaddan overlapping factor, simply by addinga
particularnumberof individuals ����
���������� to the value ������� ,
andallow � ��
���������� numberof individualsin eachprocessing
cycle to beaccessedby two masterprocesses.Thiswill create
a ring architecturewithin our multiple-dynamic-dememodel,
wheresomeof theindividualsarepartof two dynamicallycre-
ateddemes.

I I I . COMPARISON TO OTHER PARALLEL GA MODELS

Dynamic demesare quite similar to the asynchronous
master-slave methodof parallelisinga geneticsearch. The
mostimportantdifferenceis thatin themaster-slavecasethere
is only one masterand thereare multiple slaves to perform
computationallyintensive tasks(like fitnessevaluation).This
model is bestsuitedwhen fitnessevaluation is the heaviest
task. In the dynamicdemesmodel, the presenceof multiple
demesallows the searchto be easilyscaledup from fine- to
coarsegrained,whichmeansthatthealgorithmis asusefulfor
long andtime consumingfitnessevaluationsasit is for short
andquick ones.By offeringscalabilityandfault tolerance(in
distributedfitnessevaluationit is sufficient to stoponePEfor
thewholesearchprocessto hang,while in dynamicdemeson-
ly onedemestops),the algorithmis muchmoreflexible and
powerful thansimpledistributedfitnessevaluation.�

Thevery first versionwasdevelopedandtestedon a clusterof Linux, MS-Windows andHewlett-
PackardUnix workstations.Furtherresearchwasconductedon DECAlphaclusters.

It is possibleto combinedynamicdemeswith a parallel
steady-statealgorithm,sinceboth aremanagedby the same
mainprinciples.Thenit would bepossibleto run steady-state
versionof dynamicdemesefficiently on shared-memorymul-
tiprocessors.

IV. THEORETICAL PERFORMANCE PREDICTION

The main obstaclesin predicting the speedupof parallel
geneticalgorithmsarethe hardwareandconfigurationdiffer-
ences. When using distributedsystemsit is also a problem
to predict the load due to message-passingandcommunica-
tion costs(parallel overhead). Someattemptsto define“ide-
al” cases,andon this basisto predictthe speedupof parallel
geneticalgorithms,havebeenreportedin theliterature[10].

Becauseof theparalleloverheadonecannotscaleup paral-
lel algorithmsto infinity. For agivenproblemthereis alwaysa
point,whenthealgorithm’sspeedupasa functionof thenum-
ber of processingelements(PEs)stopsincreasingandstarts
decreasingbecausethecommunicationcostis biggerthanthe
advantageof having more PEsavailable. In this sectionwe
wantto estimatetheoptimalnumberof individualsfor dynam-
ic demes.

For simplicity in the following we will assumethat the
number of individuals equals the number of processing
elementsavailablefor slave processes.Let usassumethat:��� ������� ��� is the time requiredfor processingthe whole popu-
lation (all individuals)by thecounterprocess(countercycle)�"! ��#$� �%� is the processingtime for one mastercycle (i.e.
building onedemeandapplyingselectionandmatingto it)& ����� is the time requiredfor onefull cycle of a slave process
(i.e. receiving a genotype,applying crossover, mutation
and fitness evaluation, and waiting for anothergenotype).
Noticethat

& ����� � & #������(' & � � !)! ���*� � �+�,����� , where
& #������ is the

processingtime requiredby crossover, mutationand fitness
evaluationof oneindividual in a sequentialGA.& #������ is thetimeneededfor sendingasinglemessage.

For overlappingdemesEquation1 needsto be modified,
becoming:

� �����.- 
 �����
� (2)

where � is thenumberof demes,

 ����� is thetotal numberof

individuals,and � ����� is the numberof individualsper deme.
In thefollowing we will assumeanidealcasein which some
of the processingtimesarenegligible (e.g. for loops, jumps
or if-lik e statements).So, for the counterthe total time for
processingthewholepopulationis:

� � ������� �%� � 
 �����0/ & #%����� (3)

andfor themasterthetotal time for processingonedemeis:

� ! ��#$� ��� �1� �����(/ & #������)' & #%����� � �,�2��� (4)

where
& #%����� � �,�2��� is the time requiredto applyselectionto the

entiredeme.
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The time requiredby a slave cycle (from onefitnesseval-
uationto anotherfitnessevaluation)is the resultof applying
sequentiallythe GA operators,plus performingthe commu-
nication with the counter, the masterandanotherindividual
duringcrossover:

& ����� � & ! �3� �4�,�2���5' & � �4��#%#���
����6' &�7 ���,���%#%#8':9<; & #%����� (5)

where
& ! �3� �4�,�2��� is the time takenby mutationon a singlein-

dividual,
& � �4��#%#���
���� is thetime takenby crossover on a single

individual,and
&�7 ���,���%#%# is thetimerequiredby thefitnesseval-

uationfor asingleindividual. If masterprocessingis relatively
quick, then:

& ! �3� �4�,�2��� ' & � �=�=#%#%��
���� ' & 7 �>�,����#%#0? & #%�$��� � �,����� (6)

If thereis a singlecounter2 in orderfor thealgorithmto work
properlywe haveto keep:

� � ������� ���A@ & ����� (7)

i.e. using Equation3 and assumingthat individuals do not
have to wait for themasterprocess:

BDCFE�G @IH CFE*G
HKJ�L E*G (8)

which, knowing the computationalcostof the geneticoper-
atorsandof the fitnessevaluation,allows us to estimatethe
optimal numberof individuals(i.e. of PEs)to be usedfor a
givenproblem.Fromthisequationwecanseethatif thecom-
municationoverheadis high, a smallernumberof individual-
s is better, as thereis lesscommunicationbetweenthem. It
shouldbenotedthatthepopulationsizeachieving bestperfor-
mancein termsof processingtime is not necessarilya good
populationsizefrom theGA point of view, i.e. thequality of
thesolutionsreachedin “optimal” timemightbepoorbecause
the populationis too small. The ideal caseis whenthe com-
municationtime is very small,andprocessingoneindividual
lastslong,andthusincreasingthenumberof PEsincreasesthe
speedup.

If dynamicdemesare simulatedon a clusterof worksta-
tions, the theoreticalestimationof efficiency is difficult, be-
cause

& #������ whichis usedin Equation8,dependsonhardware,
network speed,machineloadandnetwork load. Performance
simulationsareneededto determinethebestconfigurationfor
thegivenproblemclass.

In generalwe cansay that for GAs with very simpleGA
operatorsandfitnessevaluations,thedynamicdemesapproach
doesnotbehaveaswell asfor computationallyintensiveGAs.

A. Predicting the Speedup

It is alwaysdifficult to predictthespeedupof a givenparal-
lel GA, becauseof many differentfactorswhichcaninfluence
thebehaviour of thealgorithm. In thedynamicdemesmodel,
let usassumethatwearealwayskeepingtheoptimalparalleli-
sationmodel(i.e. upperboundin Equation8). If wedefine:M

Whenmorethanonecounteris used,thealgorithmbecomesahybridmethod.

& #������ � & ! �3� �4�,�����.' & � �4�=#%#%��
����N' &�7 ���,���%#�#� #%���=���+� � clock time necessaryto performonegenera-
tion of a sequentialGA� �O�+�=�+�F���$�P� clock time necessaryto performonegener-
ationof dynamicdemesGA

then: � #%���=�2�4� � 
 �����); & #������6' & #%�$��� � �,����� (9)

andfor the parallel implementation(assumingthat all of the
individualsareprocessedin parallel,concurrently, andthats-
electionis doneonly for a fractionof populationalsoconcur-
rently)we have:

�D� 
 �����
� ����� (10)

and

� �K���=�4�>���$��� & #������ 'RQ� ; & #%����� � �,�2��� ' & � � !)! ���*� � �4�,����� (11)

where,from Equations3 – 5, we define:& � � !)! �3��� � �4�,�2��� � 9<; & #%�����S T+U V#$���+
��
' 
 �����W; & #������S T�U V� ������� ���

' � �����6; & #%�����S T�U V! ��#$� �%�
(12)

Thespeedupof paintwith DynamicDemesis:

X�Y[Z�Z�\�]^Y_� � #%���=���+�� �O�+�4�4�F���$� (13)

hencefrom Equations9, 11,12we haveaftersimpletransfor-
mation:

X�Y`Z3Z�\�]�Ya�cb 
 �����6; & #������)' & #��$��� � �,�2���`d�e b & #������)' Q� ; & #%�$��� � �,�����f'
9<; & #%����� ' 
 ����� ; & #%����� ' 
 �����

� ; & #%����� d
(14)

Becauseof Equation8 we cansimplify the above equation,
assumingthat


 ����� ; & #%����� cannotbe bigger than
& #������ , ob-

taining:

X�Y`Z3Z�\�]�Yhg5b 
 ����� ; & #������ ' & #��$��� � �,�2��� d�e b & #������ 'iQ� ; & #%�$��� � �,����� '
9<; & #%����� ' & #������ 'RQ� ; & #������ d

(15)

andfinally:

X�Y[Z�Z�\�]^Yhg � ; 
 ����� ; & #������ ' � ; & #%�$��� � �,�����
bkj�� ' Q d�; & #������6':9<; � ; & #������)' & #%����� � �,�2���

(16)

In somecaseswe canomit the constantvalue
& #������ , e.g. if& #%����� ? & #%�%��� , (which canbe interpretedasa slightly longer

initialisationof theparallelalgorithm)obtaining:

X�Y`Z3Z�\�]�Y_l � ; 
 ����� ; & #������ ' � ; & #%�$��� � �,�����
bkj�� ' Q d�; & #������6' & #%�$��� � �,����� (17)
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The valueof the parameter� is fixed andconstant,and it
is betweenQ and


 ����� . When � is Q , we have a synchronous
master-slave versionof the algorithm. A linear speedupfor
this shouldbe expected.For � - Q we cangain even more,
becausewerunselectionin parallel.

In heterogeneousenvironmentswherenotall PEsarework-
ing exactly with the samespeedor when

& 7 �>�,����#%# is not con-
stant,we mayhave a bottle-neckeffect,sincewe mayhave to
wait for theslowestof PEsto finish. Indeedfor �D� Q wehave
to wait for theslowestPEevery singlegeneration.However,
for � - Q thereis nowaitingfor slow PEs,asthey canjoin the
algorithmatany point in time.

Equation16meansthatin theidealcase,whenthecommu-
nicationcostsarenegligible, the algorithmprovidesa linear
speedup.

TheabovetheoreticalanalysisassuresthattheDD algorith-
m worksat leastasefficiently asansynchronousmaster-slave
algorithm.This wasconfirmedby ourexperimentalresults.

V. EXPERIMENTAL RESULTS

A. Sequential Optimisation

A seriesof experimentswereconductedon simplesequen-
tial optimisationproblemsusingof MPGA andthe dynamic
demesmodel[9].

Oneof theproblemswasto ordera sequenceof character-
s in a string to form a fixed pattern. This wasa very simple
problemfor GAs, and thus we usedonly 8 individuals for
solving the problem. The length of the string was fixed to
8, and in eachposition 35 different ASCII characterscould
be present.So the total searchspacesizewas 9�m�n . The tra-
ditional singlemachinebasedGA could only achieve a pro-
cessingspeedof around64 individualspersecond.With five
machinesanda utilisation of about5% on each,the dynam-
ic demesalgorithmcouldprocess130individualspersecond.
Theoptimalconfigurationwith 14machinesprocessed165in-
dividualspersecond.In contrast,asinglepopulationbasedal-
gorithmwith distributedfitnessevaluationonthesame14ma-
chineswascapableof achieving only 130individualspersec-
ond3. Thespeedupachievedin thisexperimentswasrelatively
poor ( o�p=qp�rts jvu m^w ) dueto the high communicationcostsand
thequick fitnessevaluationandoperators(singlesend/receive
messageroutinelastsabout5 timeslongerthanfitnessevalu-
ation).

Additional testswererunwith morecomputationallyinten-
sivefitnessevaluations.In thepreviouscase,fitnessevaluation
itself wasabout0.03sec.In theseexperiments,fitnessevalua-
tion took 100 timeslonger(3sec).In a sequencingalgorithm
it would be possibleto achieve 0.33 individuals per second
at most. With distributedfitnessevaluationon 14 machines
a speedof 2.63 individualspersecondwasreached,giving a
speedupfactorof 7.9. With theDD approachalsoon 14 ma-
chinesthe resultswere: with 2 demes,2.83 individuals per
second(8.5speedup);with 4 demes,3.53individualspersec-
ond,which meansa10.6speedup.x

Thetestsweredoneonthenetworkof 233MHzDECAlphaworkstationsin theSchoolof Computer
Science(6 with 160MB RAM, 8 with 64MB RAM).

B. Cluster Geometry Optimisation

We testedDD alsoon aclassof real-world problemswhere
the speedupprovided by parallelisationis really important.
One of theseproblems(clustergeometryoptimisation)is to
find theoptimalcoordinatesof theatomsin a cluster, to form
a clusterwith minimal energy. The energy potential is cal-
culatedby usinganenergy potentialfunction, in our casethe
MorsePotential.TheMorsepotentialis a modelfor theinter-
actiononly for a pair of atoms.While it is basedon a simple
harmonicmodel,theMorsepotentialimproveson this model
by allowing for dissociationof theatomicpair [11]. For atomsy

andz , thepotentialfunctionis:

{ �}|~�1��� /`� Z��v� o4�)���>��k�
��� Z��v� o+�6�k�F��$�

��� j��^� (18)

where � � and � � areappropriateconstants,and � �}| is thedis-
tancebetweenthe atom

y
and the atom z . The parameter�

is usedfor simulatingdifferentslopesof theenergy function.
With big � thecostof local optimisationof theclustercanbe
veryhigh.

The fitnessfunction was a linear combinationof
{ �F| for

eachpair of atoms. The clustergeometriesrepresentedby
eachindividual in GA were further optimisedusing a local
relaxationalgorithm(the Broyden-Fletcher-Goldfarb-Shanno
algorithm calledBFGS) [12]. This methodrequires � b 
�� d
storage,andis basedon the ConjugateGradientMethodand
one-dimensionalline minimisation[13]. Becauseof the local
relaxation,processingof the single individual lastsa signifi-
canttime for big clusters.

For consistency thespeedwasmeasuredon thesamehard-
wareplatform4, for the sameobjective function andGA op-
erators. Everything apart from the way parallelisationwas
achieved was commonfor different methods. Becausethe
problem itself was harder than the sequentialoptimisation
onestestedbefore,we usedlargerpopulations,including50-
200individuals,but we still hadatmost40PEs.

In normal conditionsfor the geometryoptimisationof a
clusterof 30 atoms,performing100iterationswith he50indi-
vidualsin thepopulationandBFGSminimisation,themaster-
slave modelcouldachieve 7.9 individualspersecondwith 23
DEC Alphas connectedinto single Virtual Parallel Machine
via PVM. In the sameenvironmentdynamicdemesachieved
14.3 individuals per secondusing 2 dynamic demes(using
moredemesevenmorethan14.6individualspersecondcould
be processed).With fewer PEsDDs performedeven better
thanthis, achieving 5 individualsper secondon 8 machines,
while master-slave methodsachieved only about1 individu-
al persecondin this configuration.Dynamicdemesperforms
muchbetterthanthemaster-slave methodbecauseit canben-
efit from asynchronousprocessing. In optimal parallel and
hardwareconfigurationsdynamicdemesperformsstill better
thansynchronousmaster-slave,but perhapslessmarkedly.�

We useda clusterof 20 DEC Alpha workstationsin theIT labof Departmentof Chemistryand20
DECAlphasin Schoolof ComputerScience.
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VI. CONCLUSIONS

In this paperwe have presenteda new methodto paral-
lelisegeneticalgorithms,calleddynamicdemes.Themethod
is basedon the ideaof constantlyreorganisinga setof sub-
populations(demes)dynamicallyso as to avoid bottlenecks
dueto slow processorsor fitnessfunctionsrequiringavariable
computationeffort.

In the experimentsreportedthe methodhas shown very
promising speedups,which comparevery favourably with
thoseachievableusingotherparallelisationmethods.Unlike
otherparallelisationmethodsthedynamicdemealgorithmcan
bevery efficient bothwhenusedasa fine grainedparallelal-
gorithmandwhenusedasa coarsegrainedalgorithm. These
resultsareconfirmedby a theoreticalanalysiswhich is also
presentedin this paper.

Likeotherparallelisationmethods,thesearchperformedby
the dynamicdemesalgorithm is different from that of a se-
quential GA. As a consequence,it is difficult to know for
which classof problemsthis new parallelisationmethodsis
bestsuited.This shouldbethetopic of futureinvestigations.
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Czȩstochowa,Poland,1997,vol. 2, pp.442–451,Institute
of MathematicsandComputerScience,TechnicalUniver-
sity of Czȩstochowa.
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