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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 masterslave distrib uted fithessevaluation model and the static sub-
population model. In this paper we presentthe algorithm, perform a theoretical
analysis of its performance and presentexperimental resultswhere we compared
Dynamic Demeswith other algorithms.

|. PARALLEL GENETIC ALGORITHMS

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

« For somekind of problemsthe populationneedso be
very large andthe memoryrequiredto storeeachin-
dividual may be considerabldfor examplein genetic
programming[1]). In somecasesthis 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[2]). It standdo reasorthattheonly
practicalway of provide this CPU power is the useof
parallelprocessing.

« SequentialGAs may gettrappedin a sub-optimalre-
gion of the searchspacethusbecomingunableto find
better quality solutions. PGAs can searchdifferen-
t subspacesf the searchspacein parallel,thus mak-
ing it lesslik ely to becomérappedy low-quality sub-
spaces.

For thefirst two reasong®GAsarestudiedandusedfor ap-
plicationson massvely parallelmachineg3], transputer$4],
andalsoon distributed systemg5]. However, the mostim-
portantadvantageof PGAsis thatin mary caseghey provide
bettersolutionsthansinglepopulation-basedlgorithms even
whenthe parallelismis simulatedon corventionalmachines.
Thereasoris thatmultiple populationsallow speciationapro-
cessby which differentpopulationsevolve in differentdirec-
tions(i.e. towarddifferentoptima)[6]. For thisreasorParallel
GAs arenot only an extensionof the traditional GA sequen-
tial model,but they represena new classof algorithmsin that
they searchthe spaceof solutionsdifferently.

Theway in which GAs canbe paralleliseddependn the
following elements:

« How fitnessis evaluatedandmutationis applied
« If singleor multiple subpopulationgdemesyreused
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« If multiple populationsare used,how individuals are
exchanged
« How selectionis applied(globally or locally)

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

1. MasterSlave parallelisation(alsoknown asdistribut-
edfitnessevaluation)

2. Staticsubpopulationsvith migration

3. Staticoverlappingsubpopulation§wvithoutmigration)

4. Massviely parallelgeneticalgorithms

5. Dynamic demes (dynamic overlapping subpopula-
tions)

6. Parallelsteady-statgeneticalgorithms

7. Parallelmessygeneticalgorithms

8. Hybrid methods(e.g. static subpopulationsvith mi-
gration,with distributedfitnessevaluationwithin each
subpopulation)

In the following subsectionsve provide a shortdescription
of two parallelisationmethodson which dynamic demesis
basedandto whichit will becomparedateronin the paper

A. Master-Save parallelisation

In this parallelisatiormethod alsoknown asdistributedfit-
nessevaluation thealgorithmusesasinglepopulationandthe
evaluationof theindividualsand/orthe applicationof genetic
operatorsaareperformedin parallel. Selectionandmatingare
doneglobally, henceeachindividual may competeand mate
with all the others.The operationthatis mostcommonlypar
allelisedis the evaluationof thefitnessfunction. This is usu-
ally implementedy masterslave programswherethe master
storesthe populationandthe slavesevaluatethefithess,apply
mutation,andsometime®xchangebits of thegenomegaspart
of crosswer).

Thealgorithmis saidto be synchronous, 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, exceptits speedj.e. this form of parallelGA carriesout
exactlythesamesearchasasimpleGA. An asynchronousver-
sion of the masterslave GA is alsopossible.In this casethe
algorithmdoesnot stopto wait for ary slow processorsFor
thisreasortheasynchronoumasterslave PGA doesnotwork
exactlylikeasimpleGA, butis moresimilarto parallelsteady-
stateGAs. The differencelies only in the selectionoperator
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In anasynchronoumasterslave algorithmselectionwaitsun-
til a fraction of the populationhasbeenprocessedyhile in a
steady-stat&A selectiondoesnot wait, but operateson the
existing population.

B. Satic Subpopulations Wth Migration

Theimportantcharacteristicef the classof staticsubpopu-
lationswith migrationparallelalgorithmsarethe useof multi-
ple demesandthe presencef a migrationoperator Multiple-
demeGAs are one of the most popularparallelisationmeth-
ods, and mary papershave beenwritten describingdetails
of their implementation[7]. This parallelisationmethodre-
quiresthedivision of apopulationinto somenumberof demes
(subpopulations)Demesareseparatedrom oneanother(ge-
ographic isolation), and individuals competeonly within a
deme. An additionaloperatorcalledmigration is introduced:
from time to time, someindividualsare moved (copied)from
onedemeto another

Il. DYNAMIC DEMES MODEL

Theideaof parallelisingGAs usingdynamicdemegDDs)
wasfirst proposedn preliminaryform in [8], andthendevel-
opedandbriefly evaluatedn [9].

Themainadvantage®f dynamicdemesare:

« High scalability and flexibility (DDs can be usedto
implementa broadrangeof algorithmsfrom coarse
grainedto highly fine grainedmodels)

« Faulttolerance(someof the processorgancrash,but
thealgorithmwill correctlycontinue)

« Dynamicloadbalancing

« Easymonitoring

DDs areimplementedn an objectorientedlibrary called
MPGA developedn C++with PVM. Thelibrary alsocontain-
s otherparallel GA models. Thelibrary is publicly available
from http://studentweb.cs.bham.ac.uk/"m xn/
cirrus . The DD algorithmis relatively simple. The pop-
ulationis dividedinto subpopulationg¢demes).Selectionand
matingareappliedto the demessimilarly to otherparallelisa-
tion methodsfor GAs. However, in DDs the subpopulations
are createddynamically after eachprocessingcycle, and so
the demesare not fixed. A more detaileddescriptionof the
algorithmwill begivenin thefollowing sections.

A. Features

Both the masterslave parallel GA andthe static subpopu-
lation GA suffer from someproblems. DDs overcomethese
problemsby combining the bestfeaturesof thesemethods.
DDsis acombinationof globalparallelism(the algorithmcan
work asa simplemasterslave distributed GA) with a coarse-
grainedGA (overlappingsubpopulationsnodel). In DDs the
populationis treatedasa collectionof separatedemes.There
is nomigrationoperatomssuch butindividualsareexchanged
via a dynamicreomanisationof the demesat eachprocess-
ing cycle. The mainreasonfor reolganisingthe demesis to
cutdown the waiting time for the last (slowest)individualsin

the masterslave model. This happendecausaen demesare
createdandexecutedassoonasenoughindividualshave been
evaluated.

From the parallel processingpoint of view the dynamic
demesapproaclfits perfectlyinto the MIMD category (Flyn
classificationasanasynchronousmultiple masterslave algo-
rithm.

The algorithmis fully scalable. Startingfrom global par
allelismwith fithess-processindistribution, onecanscaleup
thealgorithmupto afine grainedversion,with afew individu-
alswithin eachdemeanda large numberof demesd.e. thanks
to its scalabilityit canberun efficiently in systemswith sever-
al ProcessindgelementgPEs)aswell asin massvely parallel
systemswith large numberof PEs. The algorithmcanbe run
on shared-anddistributed-memonyparallelmachines.

B. Algorithm Description

Eachindividualis representely a separatg@rocesgwhich
we call aslave), whichis capableof performingthefollowing:

1. Fitnessevaluation

2. Applying mutationto itself (with a predefinedmuta-
tion rate)

3. Doing cross@er with anotherindividual (this is done
by passingo eachindividualtheprocesdD of another
individual with which it shouldperformcrossaer)

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

Thereare additional processesgalled masters, which are
responsibldor selectionand mating. Mastershandlea fixed
fractionof thepopulationandapplyselectiorandmatingonit.
Therefore gachmasterrepresenta separateleme.However,
unlike otherPGAs,asexplainedbelow, in DDstheindividuals
belongingto eachdemechangedynamically The numberof
masterss a parameteiof the algorithm. If thereis only one
masterDDs is actuallya classicdistributedfitnessevaluation
algorithm.

Eachmasteprocesgperformsselectiorandmatingconcur
rently with the othermaster Mating requiressendingthe ap-
propriateslave ID to theindividualschoserfor crossingover.
Whenthe slavesreceie a partnerlD they performcrosseer,
andthenproceedwith fitnessevaluationandmutation.

In additionto masterandslavesthereis alsoaprocesgpos-
sibly more)responsibldor loadbalancingcalledcounter. Af-
ter crosseer, fithessevaluationand mutationeachindividu-
al is dynamicallyassignedo a deme(possiblydifferentfrom
the oneit belongedto previously). This happenswvhenthe
individual notifiesthe counterprocess. The counterprocess
knows which masterprocessesire currentlyidle waiting for
their subpopulatiorto be filled andit sendsto the individual
theprocesdD of onesuchmaster

The last processwithin the systemis called sorter. This
processis informed by all of the individuals finishing their
evaluation takestheir genotypeandfitness andsaesthemin
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appropriatdog files. Thesorterprocesss alsoresponsibldor
stoppingthe searchwhena terminationcriterion is met (e.g.
whena solutionof sufficient quality is found or whena fixed
numberof individualshasbeenprocessed).

It is possibleto combinedynamic demeswith a parallel
steady-statalgorithm, since both are manageddy the same
main principles.Thenit would be possibleto run steady-state
versionof dynamicdemesefficiently on shared-memorynul-

Becausethe algorithm was developedin a heterogeneous tiprocessors.

multiuserervironment! normallytherewasno needfor intro-

ducinga strateyy to passinformationbetweerdemegqlik e for

exampletheideaof having partially overlappingdemes).The
differencesin speedof the processingelementswvas enough
for disturbingtheregularitiesin theprocessingycles,thusal-

lowing the mixing of theindividualsin differentdemes.Usu-
ally in our experimentswith heterogeneousrvironmentsthe
algorithmwasconfiguredsothateachmastemwasin chage of

afractionof the populationincluding

Nind

Nind = (1)
individuals, where N;,,4 is the total numberof slaves (indi-
viduals)andn is the numberof dynamicdemesandalsothe
numberof masterprocessesEquationl ensuresthatwe do
nothavetoo mary slaveswaiting for availablemastersWe al-
sodonotneedn generaimoremastemprocessethann, where
n is alsoequalto thenumberof demes.

For parallel systemswith uniform PEsin problemswhere
fitnessevaluationandotheroperationsare performedin con-
stanttime it may be necessaryo allocatemoreslasesto each
masterthanthe numbergivenby Equationl in orderto avoid
the casewhenthe processings completelysynchronousand
thealgorithmworksasa subpopulatioimodelwithout migra-
tion. A simplesolutionis to allow demesto overlap. There-
fore, we needaddan overlapping factor, simply by addinga
particularnumberof individuals noyeriap t0 the value ng,qg,
andallow ngyeriqp NUMberof individualsin eachprocessing
cycleto beaccessetly two mastemprocessesThiswill create
aring architecturewithin our multiple-dynamic-demenodel,
wheresomeof theindividualsarepartof two dynamicallycre-
ateddemes.

I1l. COMPARISON TO OTHER PARALLEL GA MODELS

Dynamic demesare quite similar to the asynchronous
masterslave methodof parallelisinga geneticsearch. The
mostimportantdifferenceds thatin themasterslave casethere
is only one masterand there are multiple slavesto perform
computationallyintensive tasks(lik e fithessevaluation). This
modelis bestsuitedwhen fitnessevaluationis the heaviest
task. In the dynamicdemesmodel, the presenceof multiple
demesallows the searchto be easily scaledup from fine- to
coarsegrained whichmeanghatthealgorithmis asusefulfor
long andtime consumingdfitnessevaluationsasit is for short
andquick ones.By offering scalabilityandfaulttoleranceg(in
distributedfitnessevaluationit is sufficientto stoponePE for
thewholesearchprocesgo hang,while in dynamicdemeon-
ly onedemestops),the algorithmis muchmoreflexible and
powerful thansimpledistributedfitnessevaluation.

1 The very first versionwasdevelopedandtestedon a clusterof Linux, MS-Windows andHewlett-
PackardUnix workstations Furtherresearctwasconducten DEC Alpha clusters.

IV. THEORETICAL PERFORMANCE PREDICTION

The main obstaclesin predictingthe speedupof parallel
geneticalgorithmsarethe hardware and configurationdiffer-
ences. When using distributed systemsit is alsoa problem
to predictthe load dueto message-passingnd communica-
tion costs(parallel overhead). Someattemptgo define“ide-
al” casesandon this basisto predictthe speedupof parallel
geneticalgorithms have beenreportedn theliterature[10].

Becausef the paralleloverheacdnecannotscaleup paral-
lel algorithmsto infinity. For agivenproblemthereis alwaysa
point, whenthealgorithm's speedugasa functionof thenum-
ber of processingelementgPEs)stopsincreasingand starts
decreasingpecauséhe communicatiorcostis biggerthanthe
adwantageof having more PEsavailable. In this sectionwe
wantto estimateheoptimalnumberof individualsfor dynam-
ic demes.

For simplicity in the following we will assumethat the
number of individuals equals the number of processing
elementsvailablefor slave processed. et usassumehat:
Teounter 1S thetime requiredfor processinghe whole popu-
lation (all individuals)by the countemprocesgcountercycle)
Taster 1S the processingtime for one mastercycle (i.e.
building onedemeandapplyingselectionandmatingto it)
ting IS the time requiredfor onefull cycle of a slave process
(i.e. receving a genotype,applying crosseer, mutation
and fitness evaluation, and waiting for anothergenotype).
Notice thattind = tsind T tcommunication, Wheretsz’nd is the
processingime requiredby crosseer, mutationand fitness
evaluationof oneindividual in a sequentialGA.
tsend IS thetime neededor sendinga singlemessage.

For overlappingdemesEquation1 needsto be modified,
becoming:

Nina

TNind > (2)
wheren is the numberof demes,NV;, 4 is the total numberof
individuals,andn,q is the numberof individualsper deme.
In the following we will assumeanideal casein which some
of the processingimesare nggligible (e.g. for loops,jumps
or if-lik e statements).So, for the counterthe total time for
processinghewhole populationis:

Tcounter = Nind “tsend (3)
andfor the masterthetotal time for processingpnedemeis:
Tmaster = Nind * tsend + tselection (4)

whereteection IS thetime requiredto apply selectionto the
entiredeme.
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Thetime requiredby a slave cycle (from onefitnesseval-
uationto anotherfitnessevaluation)is the resultof applying
sequentiallythe GA operatorsplus performingthe commu-
nication with the counter the masterand anotherindividual
duringcrosswer:

()

wheret ,utation IS thetime takenby mutationon a singlein-
dividual, t.,ss0ver 1S thetime takenby cross@er on a single
individual,andt ¢;¢n.ss is thetime requiredby thefitnesseval-
uationfor asingleindividual. If masteiprocessings relatively
quick, then:

tind = tmutation + tCTossover + tfitness + 3% tsend

(6)

If thereis a singlecountef in orderfor the algorithmto work
properlywe haveto keep:

tmutation + tcrossover + tfitness > tselection

(7)

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

TcounteT S tind

ting

Nind S (8)

send

which, knowing the computationaktostof the geneticoper
atorsand of the fithessevaluation,allows us to estimatethe
optimal numberof individuals (i.e. of PEs)to be usedfor a
givenproblem.Fromthis equatiorwe canseethatif thecom-
municationoverheads high, a smallernumberof individual-
s is better asthereis lesscommunicatiorbetweenthem. It
shouldbenotedthatthe populationsizeachieving bestperfor-
mancein termsof processingime is not necessarilya good
populationsizefrom the GA point of view, i.e. the quality of
thesolutionsreachedn “optimal” time mightbe poorbecause
the populationis too small. Theideal caseis whenthe com-
municationtime is very small, andprocessingneindividual
lastslong, andthusincreasinghenumberof PEsincreaseshe
speedup.

If dynamicdemesare simulatedon a clusterof worksta-
tions, the theoreticalestimationof efficiency is difficult, be-
cause ., ¢ Whichis usedin Equation8, depend®nhardware,
network speedmachineload andnetwork load. Performance
simulationsareneededo determinehe bestconfigurationfor
thegivenproblemclass.

In generalwe can saythat for GAs with very simple GA
operator@ndfitnessevaluationsthedynamicdemespproach
doesnotbehae aswell asfor computationallyintensive GAs.

A. Predicting the Speedup

It is alwaysdifficult to predictthe speedupf a givenparal-
lel GA, becaus®f mary differentfactorswhich caninfluence
the behaiour of the algorithm. In the dynamicdemesmodel,
let usassumehatwe arealwayskeepingtheoptimalparalleli-
sationmodel(i.e. upperboundin Equation8). If we define:

2 Whenmorethanonecounteris used the algorithmbecomes hybrid method.

tsind = tmutation T terossover + tf'itness

Tseriar = clocktime necessaryo performonegenera-
tion of asequentialGA

Tparaiier = Clocktime necessaryo performonegener
ationof dynamicdemesGA

then:

9)

andfor the parallelimplementationlassuminghat all of the
individualsareprocessedh parallel,concurrentlyandthats-
electionis doneonly for afraction of populationalsoconcur
rently) we have:

Tserial = Nind * tsind + tselection

N
n= ind (10)
Nind
and
Tparallel = tsind + E * Eselection + tcommunication (11)

where,from Equations3 — 5, we define:

tcommunication =3 tsend + Nind * tsend + Nind * tsend
- RN RN v

~~

~~

slave counter master

(12)
The speedumf paintwith DynamicDemess:
Tseria
speedup = ! (13)
TpaTallel

hencefrom Equation9, 11, 12 we have after simpletransfor
mation:

1
Speedup :(Nind * tsz'nd + tselection)/(tsind + E * tselection +
Nind

3 * tsend + Nind * tsend + * tsend)

(14)
Becauseof Equation8 we can simplify the above equation,
assumingthat N;,,4 * tseng Cannotbe biggerthants;,q, ob-
taining:

1
SpeedUp Z(Nznd * tsz'nd + tselection)/(tsind + E * tselection +

1
3 * tsend + tsz'nd + E * tsind)
(15)
andfinally:

n x Nind * tsind +nx tselection

(2” + 1) * tsind +3*nx tsend + tselection
(16)

speedup >

In somecaseswe canomit the constantvaluetge,q, €.9. if
tsind > tsend, (Which canbeinterpretedasa slightly longer
initialisation of the parallelalgorithm)obtaining:

n * Nind * tsz'nd +n* tselection
(2n + 1) * tgind T tselection

speedup 2, a7)
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The value of the parametem is fixed and constantandit
is betweenl and N;,4. Whenn is 1, we have a synchronous
masterslave versionof the algorithm. A linear speedugor
this shouldbe expected. For n > 1 we cangain evenmore,
becausave run selectionin parallel.

In heterogeneousnvironmentswvherenot all PEsarework-
ing exactly with the samespeedor whent ¢;¢p.s5 iS NOt con-
stant,we may have a bottle-neckeffect, sincewe may have to
wait for theslowestof PEsto finish. Indeedfor n = 1 wehave
to wait for the slowestPE every single generation.However,
for n > 1 thereis nowaitingfor slow PEs,asthey canjoin the
algorithmatary pointin time.

Equation16 meanghatin theideal case whenthe commu-
nication costsare negligible, the algorithm providesa linear
speedup.

Theabovetheoreticabnalysisassureshatthe DD algorith-
m worksatleastasefficiently asansynchronousnasterslave
algorithm. This wasconfirmedby our experimentakesults.

V. EXPERIMENTAL RESULTS
A. Sequential Optimisation

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

Oneof the problemswasto ordera sequencef character
sin astring 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, andin eachposition 35 different ASCII charactersould
be present. So the total searchspacesizewas35%. The tra-
ditional single machinebasedGA could only achiese a pro-
cessingspeedof around64 individualsper second.With five
machinesand a utilisation of about5% on each,the dynam-
ic demesalgorithmcould processl30individualspersecond.
Theoptimalconfigurationwith 14 machinegrocessed 65in-
dividualspersecondln contrastasinglepopulationbasedl-
gorithmwith distributedfitnessevaluationonthe samel4 ma-
chineswascapableof achiezing only 130individualspersec-
oncf. Thespeedugchievedin this experimentsvasrelatively
poor(16i45 ~ 2.57) dueto the high communicatiorcostsand
the quick fitnessevaluationandoperatorgsinglesend/receie
messageoutinelastsabout5 timeslongerthanfitnessevalu-
ation).

Additional testswererun with morecomputationallyinten-
sivefitnessevaluations.n thepreviouscasefitnessevaluation
itself wasabout0.03sec.In theseexperimentsfitnessevalua-
tion took 100timeslonger(3sec). In a sequencinglgorithm
it would be possibleto achiere 0.33 individuals per second
at most. With distributed fithessevaluationon 14 machines
a speedof 2.63individualsper secondwasreachedgiving a
speedugactorof 7.9. With the DD approachalsoon 14 ma-
chinesthe resultswere: with 2 demes,2.83 individuals per
second8.5 speedup)with 4 demes3.53individualspersec-
ond,which meansa 10.6speedup.

3 Thetestsweredoneonthenetworkof 233MHz DEC Alphaworkstationsn the Schoolof Computer
Sciencg6 with 160MB RAM, 8 with 64 MB RAM).

B. Cluster Geometry Optimisation

We testedDD alsoon a classof real-world problemswhere
the speedupprovided by parallelisationis really important.
One of theseproblems(clustergeometryoptimisation)is to
find the optimal coordinate®f theatomsin a cluster to form
a clusterwith minimal enegy. The enepgy potentialis cal-
culatedby usingan enegy potentialfunction,in our casethe
MorsePotential. The Morsepotentialis a modelfor theinter
actiononly for a pair of atoms.While it is basedon a simple
harmonicmodel,the Morse potentialimproveson this model
by allowing for dissociatiorof theatomicpair[11]. For atoms
1 andj, the potentialfunctionis:

[d

) - 2))

whereD, andr, areappropriateconstantsandr;; is thedis-
tancebetweenthe atoms andthe atomj. The parameterx
is usedfor simulatingdifferentslopesof the enegy function.
With big « the costof local optimisationof the clustercanbe
very high.

The fitnessfunction was a linear combinationof V;; for
eachpair of atoms. The clustergeometriesrepresentedy
eachindividual in GA were further optimisedusing a local
relaxationalgorithm (the Broyden-FletcheiGoldfarb-Shano
algorithm called BFGS)[12]. This methodrequiresO(N?)
storage andis basedon the ConjugateGradientMethodand
one-dimensiondine minimisation[13]. Becauseof the local
relaxation,processingf the singleindividual lastsa signifi-
canttime for big clusters.

For consisteng the speedvasmeasurean the samehard-
ware platfornt*, for the sameobjective function and GA op-
erators. Everything apartfrom the way parallelisationwas
achieved was commonfor different methods. Becausethe
problem itself was harder than the sequentialoptimisation
onestestedbefore,we usedlarger populationsjncluding 50-
200individuals,but we still hadat most40 PEs.

In normal conditionsfor the geometryoptimisationof a
clusterof 30 atoms performingl00iterationswith he50indi-
vidualsin the populationandBFGSminimisation the master
slave modelcouldachieve 7.9 individualsper secondwith 23
DEC Alphas connectednto single Virtual Parallel Machine
via PVM. In the sameernvironmentdynamicdemesachieved
14.3 individuals per secondusing 2 dynamic demes(using
moredemesvenmorethan14.6individualsperseconccould
be processed).With fewer PEsDDs performedeven better
thanthis, achieving 5 individuals per secondon 8 machines,
while masterslave methodsachieved only about1 individu-
al persecondn this configuration.Dynamicdemesperforms
muchbetterthanthe masterslave methodbecausét canben-
efit from asynchronougprocessing. In optimal parallel and
hardware configurationdynamicdemesperformsstill better
thansynchronousnasterslave, but perhapdessmarkedly.

Vig = De - (e 7 e as)

4 We useda clusterof 20 DEC Alphaworkstationsn theT lab of Departmenbf Chemistryand20
DEC Alphasin Schoolof ComputerScience.
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VI. CONCLUSIONS

In this paperwe have presenteca new methodto paral-
lelise geneticalgorithms calleddynamicdemes.The method
is basedon the ideaof constantlyreomganisinga setof sub-
populations(demes)dynamically so as to avoid bottlenecks
dueto slow processorsr fithessfunctionsrequiringavariable
computatioreffort.

In the experimentsreportedthe method has shavn very
promising speedupswhich comparevery favourably with
thoseachievable using other parallelisationmethods. Unlike
otherparallelisatiormethodghedynamicdemealgorithmcan
be very efficient bothwhenusedasa fine grainedparallelal-
gorithmandwhenusedasa coarsegrainedalgorithm. These
resultsare confirmedby a theoreticalanalysiswhich is also
presentedh this paper

Like otherparallelisatiormethodsthesearctperformedby
the dynamicdemesalgorithmis differentfrom that of a se-
qguential GA. As a consequenceit is difficult to know for
which classof problemsthis new parallelisationmethodsis
bestsuited.This shouldbethetopic of futureinvestigations.
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