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Abstract

In this paperwe proposean algorithmbasedon a modelof theimmune
systemto handleconstraintsof all types(linear, nonlinear equalityandin-
equality)in a geneticalgorithmusedfor global optimization. The approach
isimplementedothin serialandparallelforms,andit is validatedusingsev-
eraltestfunctionstakenfrom the specializediterature. Our resultsindicate
that the proposedapproachis highly competitve with respectto penalty-
basedtechniquesand with respectto other constraint-handlingechniques

which areconsiderablymorecomple to implement.

Keywords artificial immunesystemgeneticalgorithms,global optimization,par

allel geneticalgorithms.

1 Intr oduction

Despitethe succes®f geneticalgorithms(GAs) as optimizationtechniqueg21,
2], they arereally an unconstrainedsearchtechnique. Therefore,an additional
mechanismis requiredto incorporateconstraintsof ary type (linear nonlineay

equality inequality)into thefitnessfunction.
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In recentyears,a numberof constraint-handlig techniqueshave beenpro-
posed,someof which are very sophisticated37, 6]. From thosetechniques,
penaltyfunctionsremainasthe mostpopularchoicefor practitionerd40]. How-
ever, theperformancef apenaltyfunctiondepend®nthetypeof functionadopted
andon thevaluesdefinedfor its parametergnamely the penaltyfactor).

In this paper we proposeand validatean alternatve approacho incorporate
constraintdnto thefitnessfunctionof a GA. The proposedapproactincorporates
an emulationof the immunesystemand usesgenotypic-basedistancedo move
from theinfeasibleto thefeasibleregion of a problem.Both a serialanda parallel
versionof the algorithmare presentedn this paper The parallelversionis com-
paredto its sequentiatounterparto evaluatethe performancegainsobtainedand
thedifferencesn theresultsproducedbecaus®f thetypeof paradigmadoptedo
parallelizeour algorithm, it wasexpectedthat the resultsof both versionswould
differ). Our preliminary resultsindicate that the algorithm remainsas a highly
competitive approach(in termsof quality of the resultsproduced)with respecto
contemporaryconstraint-handlingechniques.Additionally, the parallelizationof
the algorithmseemdo provide remarkablancreasesn performancevith respect

to thesequentialzersion(in somecasesmuchhigherthanexpected).



2 Problem Statement

Theproblemthatis of interestto usis thegenerahonlineamprogrammingoroblem

in which we wantto:

Find Z which optimizesf (%) (1)
subjectto:
whereZ is the vectorof solutionsz = [z1,x2,...,z,]?, n is the numberof in-

equality constraintsand p is the numberof equality constraints(in both cases,

constraintouldbelinearor nonlinear).

3 Thelmmune System

The maintamget of ourimmunesystemis to protectthe body againstharmful or-
ganismgcalledantigens).This functionis performedby lymphogte cells(B and
T cellsmainly). Theimmunesystemis ableto detecta hugenumberof antigens

(about10'¢ differenttypes)using a fairly limited repertory(the humangenome



containsonly 10° genes).To carryoutthis recognitiontask,segmentsof genesare
combinedto accomplishthe specificityof almostall theinvaderantigensknown.

A self-recognitiortaskkeepgheimmunesystenfrom attackingtself, because
immunecellsare capableof recognizingthemseles. Also, uponrepeatedxposi-
tionsto a certainantigen,the immunesystemdevelopsmore effective andfaster
responsesvertime.

From aninformationprocessingerspectie, theimmunesystemcanbe seen
asa parallelanddistributed adaptve system[19]. It is capableof learning,it has
memoryandis able of associatie informationretrieval in recognitionandclassi-
fication tasks. Particularly it learnsto recognizepatternsjt remembergatterns
thatit hasbeenshawn in the pastandits globalbehaior is anemegentproperty
of mary localinteractiong11]. All thesefeaturesof theimmunesystemprovide,
in consequencgreatrobustnessfault tolerancedynamismandadaptability[18].
Theseare the preciselythe propertiesof the immune systemthat mainly attract
researchert try to emulatet in acomputer

Farmeretal. [16] werethefirst to suggest way of representinghe immune
systemin a computer In their model,both antigensanddetectorsarerepresented
asstringsof symbolsin a small alphabetandthe interactionsamongthe strings
represenmolecularbonds.Receniexamplesof thismodelcanbeseenin thework

of Detours& Perelsor{15].



There are somemodelswithin the areaof the artificial immune systemon
which mostof the currentwork is based,someof themare: a ngyative selection
algorithm [17], a positiveselectionalgorithm [44], a clonal selectionalgorithm
[13], continuousimmunenetworkmodels[28, 16, 49] and discrete immunenet-
work modelq14, 48].

Our algorithmis basedon a modelin which both antigensandantibodiesare
representedby binary stringsanda matchingrule is usedto estimate'similarity”

betweeranantigenandanantibody This modelis basedn thework of Forrestet

al. [17].

4 Handling Constraints with Evolutionary Algorithms

Despitethe wide variety of constraint-handlingechniqueghat have beendevel-
opedfor evolutionaryalgorithms(se€g[6, 37]), penaltyfunctionsremainasthemost
popularconstraint-handtig techniqgueamongpractitionerqd40]. Theideabehind
penalty-basedhethodss to transforma constrainedptimizationprobleminto an
uncontrainedneby adding(or subtracting)a certainvalueto/from the objectie
functionbasedon theamountof constraintviolation presenin a certainsolution.
In classicaloptimization,two kinds of penaltyfunctionsareconsideredexte-
rior andinterior. In the caseof exterior methodswe startwith aninfeasibleso-

lution andfrom therewe move towardsthe feasibleregion. In the caseof interior



methodsthepenaltytermis chosersuchthatits valuewill besmallatpointsaway

from theconstrainboundariegndwill tendto infinity astheconstrainboundaries
areapproachedThen,if we startfrom afeasiblepoint, the subsequenpointsgen-

eratedwill alwayslie within thefeasibleregion sincethe constraintooundariesct

asbarriersduringthe optimizationprocesg39].

The mostcommonmethodusedwith evolutionary algorithmsis the exterior
penaltyapproachandtherefore,we will concentrateur discussioronly on such
technique Themainreasorwhy mostresearchers theevolutionarycomputation
community tend to chooseexterior penaltiesis becausehey do not requirean
initial feasiblesolution. This sort of requirement(an initial feasiblesolution)is
preciselythe main dravbackof interior penalties.This is animportantdravback,
sincein mary of the applicationsfor which evolutionaryalgorithmsareintended
the problemof finding afeasiblesolutionis itself NP-hard[46].

Thegeneraformulationof the exterior penaltyfunctionis:

n p
$@) =@ £ D rixGi+ Y ¢ x L )
i=1 j=1

where¢(Z) is the new (expanded)objective functionto be optimized,G; and L,
arefunctionsof the constraintsy; () andh;(Z), respectiely, andr; andc; are
positive constantsiormally called“penaltyfactors”.

Themostcommonform of G; andL; is:
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G; = max0, g;(z)]° (5)

Lj = |h; (@) (6)

wheref and~y arenormally 1 or 2.

Ideally, thepenaltyshouldbekeptaslow aspossiblejustabove thelimit belov
which infeasiblesolutionsare optimal (this is called, the minimumpenaltyrule
[12,41, 47]). Thisis dueto thefactthatif thepenaltyistoohighortoolow, thenthe
problemmight becomevery difficult for anevolutionaryalgorithm[12, 41, 42]. If
the penaltyis too high andthe optimumlies at the boundaryof the feasibleregion,
the evolutionaryalgorithmwill be pushednsidethe feasibleregion very quickly,
andwill notbeableto move backtowardsthe boundarywith theinfeasibleregion.
A large penaltydiscourageshe explorationof theinfeasibleregion sincethe very
beginning of the searchprocessf, for examplethereareseveral disjoint feasible
regionsin the searchspacethe evolutionaryalgorithmwould tendto move to one
of them,andwould not be ableto move to a differentfeasibleregion unlessthe
disjointfeasibleregionsarevery closefrom eachother

On the otherhand,if the penaltyis too light, thenthe algorithmwill not be
ableto reachthe feasibleregion, andall of the searcheffort will be spenteval-

uatinginfeasiblesolutions[46]. Theseissuesare very importantin evolutionary



optimization,becausenary of the problemsin which evolutionaryalgorithmsare
usedhave their optimumlying onthe boundaryof thefeasibleregion [45, 47].
Theminimumpenaltyruleis conceptuallysimple,but it is notnecessarilygasy
to implement. The reasonis that the exactlocation of the boundarybetweenthe
feasibleand infeasibleregions is unknavn in mary of the problemsfor which
evolutionary algorithmsare intended(e.g.,in mary caseghe constraintsare not
givenin algebraicform, but arethe outcomegeneratedby a simulator[7]).
Penaltyfunctionscandeal both with equality and inequality constraintsand

thenormalapproachs to transforman equalityto aninequalityof the form:

|hj(Z)| —e <0 ()

wheree is the toleranceallowed (a very small value). Sincewe will be compar
ing the approachproposedn this paperwith respecto several penalty-baseep-
proacheswe will proceedto review the techniquesadoptedin our studyin the

remaindeof this section.

4.1 Static Penalties

In thispaperwewill implementhestaticpenaltyapproachproposedy Homaifar,

Lai andQi [27]. In this techniquethe userdefinesseverallevels of violation, and



a penaltycoeficient is chosenfor eachin sucha way thatthe penaltycoeficient
increaseaswe reachhigherlevelsof violation. Thisapproactstartswith arandom
populationof individuals(feasibleor infeasible).
An individual is evaluatedusing[36]:
m
fitnes§) = (&) + > (Rrq x max[0, gi(%)]*) (8)
i=1
where R, ; arethe penaltycoeficientsused,m is total the numberof constraints
(Homaifar etal. [27] transformedequalityconstraintsgnto inequalityconstraints),
f(Z) is the unpenalizedbbjectve function,andk = 1,2,...,l, wherel is the
numberof levels of violation definedby the user Theideaof this approachs to

balanceindividual constraintsseparatel\by defininga differentsetof factorsfor

eachof themthroughthe applicationof a setof deterministiaules.

4.2 Dynamic Penalties

Dynamicpenaltiesarethosethat dependon pastsearchexperience onecommon
way of whichis to incrementwith generatioror iteration.

In this paper we will implementthe dynamicpenaltyapproachproposedoy
JoinesandHouck[29]. In this proposaljndividualsareevaluated(atgeneratiort)

using(we assumeninimization):
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fitnes$z) = f(Z) + (C x t)* x SVC(B, 7) 9)

whereC, a and are constantdefinedby the user(the authorsusedC = 0.5,

a=1o0r2,andg =1or2),andSVC(8, %) is definedas[29]:

n p
SVC(,%) =Y D} (@) +)_ D;(#) (10)
i=1 j=1
and
0 9i(%) < 0
Di(Z) = 1<i<n (11)

0 —e < hj(Z) <e
D;(7) = 1<j<p (12)
|hj(Z)| otherwise

This dynamicfunction increaseshe penaltyaswe progresshroughgenera-

tions.

4.3 Annealing Penalties

Michalevicz and Attia [34] considerech methodbasedon the ideaof simulated
annealind31]: the penaltycoeficientsarechangedncein mary generationgaf-

terthealgorithmhasbeentrappedn alocal optimum).Only active constraintsare
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consideredht eachiteration,andthe penaltyis increasecdver time (i.e., thetem-
peraturedecreasesvertime) sothatinfeasibleindividualsareheavily penalizedn
thelastgenerations.

The methodof Michalewicz and Attia [34] requiresthat constraintsare di-
vided into four groups: linear equalities linear inequalities,nonlinearequalities
andnonlinearinequalities. Also, a setof active constraints4 hasto be created,
andall nonlinearequalitiesogethemwith all violatednonlinearinequalitieshave to

beincludedthere.The populationis evolved using[35]:

fitnes$z) = f(z) + % AC (13)

i€EA

wherer is thecoolingscheduld31],

max0, gi(Z)] if1<i<n
$i(Z) = (14)
|hi(Z)] fn+l1<i<m
andm is thetotal numberof constraints.
At eachiteration,thetemperature- is decreasedndthenew populationis cre-
atedusingthe bestsolutionfoundin the previousiterationasthe startingpoint for

the next iteration. The processstopswhena pre-definedinal ‘freezing’ tempera-

turer; isreached.
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4.4 Adaptive Penalties

Beanand Hadj-Alouane[3, 23] developeda methodthat usesa penaltyfunction
which takes a feedbackirom the searchprocess.Eachindividual is evaluatedby

theformula:

n p
fitnesgz) = f(Z) + A?) [Z g @+ Iy (-'f)ll (15)
=1 j=1
where\(t) is updatedat every generatiort in thefollowing way:

(

(1/B1) - At), if caseftl
AME+1) =9 By A(t), if case#2 (16)

At), otherwise

\

where cases#1 and#2 denotesituationswherethe bestindividual in the last &

generationsvas always (case#1) or was never (case#2) feasible,$1,8, > 1,

B1 > B2, andp; # B (to avoid cycling). In otherwords,the penaltycomponent
A(t + 1) for thegeneratiort + 1 is decreasedf all the bestindividualsin thelast
k generationsverefeasibleor is increasedf they wereall infeasible.If thereare
somefeasibleand infeasibleindividuals tied as bestin the population,thenthe

penaltydoesnot change.

SmithandTate[47] proposedanotheradaptve penaltyapproacHaterrefined
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by CoitandSmith[9] andCoit etal. [10] in which the magnitudeof the penaltyis
dynamicallymodifiedaccordingo thefitnessof the bestsolutionfoundsofar. An
individual is evaluatedusingtheformula (only inequalityconstraintavereconsid-

eredin thiswork):

n N k
fitnes$z) = f (&) + (Bfeasibie — Bait) Y (N!]I;(Igfzt)> G
i—1

whereB .qsinie IS thebestknown objective functionatgeneratiort, By is the
best(unpenalizedpverall objectve function at generatiort, g;(¥) is the amount
by which the constraint; is violated, k is a constanthat adjuststhe “severity” of
the penalty(a valueof £ = 2 hasbeenpreviously suggestedy Coit and Smith
[9]), and N F'T is theso-called\earFeasibility Threshold whichis definedasthe
thresholddistancefrom the feasibleregion at which the userwould considerthat

thesearchs “reasonably’closeto thefeasibleregion[37, 2(].

4.5 Deathpenalty

Therejectionof infeasibleindividuals(alsocalled“deathpenalty”)is probablythe
easiestvay to handleconstraintsandit is alsocomputationallyefficient, because
whena certainsolutionviolatesa constraintjt is assigned fithessof zero. There-
fore, nofurthercalculationsarenecessaryo estimatehe degreeof infeasibility of

sucha solution. Note, however, thatwhen usingthis sort of approactthe initial
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populationmay “stagnate’whenno feasibleindividualsarepresentand,in conse-

guencethe searchspacewvould berandomlysampledn suchcase.

5 The ProposedApproach

The main goal of the researchreportedin this paperwasto explore alternatve
constraint-handlig schemesor geneticalgorithmsusedin globaloptimization.In
the past,we have exploredtheuseof penaltyfunctionsin engineeringptimization
(seefor example[7]). However, this previous work indicateda high correlation
betweenperformanceof the geneticalgorithm andthe fine-tuningof its penalty
factors.Additionally, animportantissuefor uswasnotto increaseén animportant
way, the numberof fithessfunction evaluations(aswhenusing, for example,the
coesolutionarypenaltiegproposedn [5], whichdonotrequireamanualffine-tuning
of the penaltyfactors but whosecomputationatostis extremelly high).
Thepreviousrequirementsed usto thedevelopmentof theapproactproposed
in this paper In the proposedapproachwe usethe searchengineof the genetic
algorithmto conductthe searchtowardstheglobaloptimum.However, thegenetic
algorithmis hybridizedwith a schemanspiredon an artificial immunemodel(as
in [25]), which actsasalocal searcimechanisnthathelpsthe geneticalgorithmto
reachthefeasibleregionin amoreefficientway. Sincethislocalsearchmechanism

is basedonly on similarities betweenchromosomicstrings,no additionalevalua-
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tions of the fitnessfunction arerequired. Thus,we keepa low computationatost
for theapproachwhich wasoneof its maindesigngoals.

The proposedalgorithm emulatesthe invadersrecognitionprocessby com-
bining antibodies/librariesin orderto attainantigenspecificity Furthermorethe
purposds to learnto identify the properantibodies.The searchprocessof our ap-
proachis led by a geneticalgorithm. Thus,whatwe proposds a schemeén which
a simpleemulationof an artificial immunesystemis embeddednto a genetical-
gorithm. Note however thatthe computationacompleity of the approachs not
really O(N?), becausgheinternalschemdi.e., theartificial immunesystem)Xoes
not evaluatethe original fitnessfunctionof the problemaswe will seelateron (see
Figurel). Thisinternalschemdwhichis indeedanothemgeneticalgorithm)guides
its searchhasedn string similaritiesandnot on objectve functionvalues.

In the remainderof this papey we presenta serial and a parallel version of
a geneticalgorithmin which constraintsare handledthrough emulationsof the
immune system. We also compareour resultswith respectto other constraint-
handlingtechniquesusing several testfunctionstraditionally adoptedin the spe-
cializedliterature.We concludewith a discussiorof the resultsobtainedandwith

somepossiblepathsof futureresearch.
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6 A Serial Version of the ProposedAlgorithm

Our serialalgorithmversionto handleconstraintsusing a immunesystemis de-

scribedbelov (seeFigurel):

1. Generateandomlyaninitial populationfor the geneticalgorithm.

BEGIN inner GA

2. If theinitial populationcontainsamixture of feasibleandinfeasibleindivid-
uals,thenwe divide the populationin two groups. The first groupcontains
theinfeasibleindividuals,which aredenominatedantibodies”,andthe sec-

ondcontainghefeasibleindividuals,which arecalled“antigens”.

3. If noneof theindividualsin the initial populationis feasible,thenwe use
the magnitudeof constraintviolation of eachindividual asits fitness.Then,
we usethe bestindividual in the populationasthe “antigen”, where“best”

refersto theindividual with thelowestamountof constraintviolation.
4. Selectrandomlya sampleof antibodiesof sizeo.

5. Thefitnessof the sampleof antibodiess computedaccordingto their simi-

larity with asetof antigengn thefollowing way:
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e An antigenis randomlyselectedrom the antigengpopulation.

e Eachantibodyin the sampleis comparedagainstthe antigenselected,
andwe computethe result of the comparisonto which we will call
Z (matchingmagnitude). Z represents distance(normally but not
necessarilfEuclidean)measuredtthegenotypdevel (i.e., atthelevel

of thechromosomi@ncoding).Z is computedising:

Z=> "1 (18)

wheret; = 1 if thereis a matchingat position: = 1,--- , L (L is the
lengthof the chromosome)or zeroif thereis no match. A large Z
valuemeansa high matchingbetweenthe two stringscomparedand,

thereforea high fithessvalue.

6. Basedon the fitnesscomputedn the previous step,the populationof anti-
bodiesis reproducedn atraditionalgeneticalgorithm(usingcrosseer and

mutation).

7. The processds repeatedrom the fourth stepuntil convergence(e.g.,when
themeanandthemaximumfitnessin thepopulationarepracticallythesame)

or until we reacha maximumnumberof iterations.

8. Individualsarereturnedto the external GA andwe proceedn the corven-

18



tional way.

END innerGA

9. Apply binarytournamenselection(with the objective function of the prob-

lem) usingspecialrules(asdescribedelow).

10. Apply crosseer andmutationin a corventionalway.

11. Theprocesss repeatedrom step2 until reachingstoppingcondition.

The binary tournamentusedin step9 is definedin the following way (two

individualsarecomparecdeachtime):

e If oneindividual is infeasibleandthe otheroneis feasible thenthefeasible

individual wins.

¢ If bothindividualsarefeasible thenthe onewith the highestfithessvalueis

thewinner.

e If bothindividualsareinfeasible thenthewinneris the onewith the lowest

constraintviolation value.

Thereareafew issueghatneedto be mentioned First, aswe indicatedbefore,

the approachis really usinga GA embeddednsideanotherGA usedto optimize

19



a certainfunction. However, the GA thatis run with the emulationof theimmune
systemdoesnot usethefitnessfunctiondirectly; it only computesHammingdis-
tancesyhichareveryinexpensve with respecto evaluatingthe objective function
of the problem. Also, the implicit premiseof the techniqueis that, undercertain
conditions, the reductionof genotypicdifferencesbetweentwo individuals will
produce asa consequence phenotypicsimilarity, which, in our casewill make
that an infeasibleindividual approacheshe feasibleregion. Our algorithmis an
extensionof theproposalof Hajela& Lee[24, 25].

To clarify the way in which our approachworks, we provide next both, the

internalandthe external GA's adopted:

Inter nal GA

Step1: Initialize thefitnessof all antibodiego zero.

Step2: Computethefitnessof theantibodypool basedon similarity to theantin-
gens(or basedon complementarity);this requiresthe following specific

steps:

(&) An antigenis selectecatrandom.

(b) A sampleof antibodiesof size i is selectedirom the antibodypool

20



withoutreplacement.

(c) Thematchscoreof eachantibodyis computedby comparingagainst
the selectedantigen,andthe antibodywith the highestscorehasthe
matchscoreaddedo its fithessvalue;thefitnessof theotherantibodies
is unchanged.

(d) The antibodiesare thenreturnedto the antibodypopulation,andthe
processs repeatech numberof times(typically two or threetimesthe

antibodypopulationsize).

Step 3: Basedon the fitnesscomputedn Step2, a GA simulationis conducted
with prescribedprobabilitiesof crosseer and mutationto evolve the anti-

bodypopulationthroughonegeneratiorof evolution.

Step4: The processs thenrepeatedrom Stepl until corvergencein the anti-

body populationis attained.

External GA:

Stepl: A populationof designgs randomlygenerated.

Step2: Thefitnessfunction,a compositeof the objective functionanda penalty

associateavith constraintviolation, is obtainedor the entirepopulation.
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Step3:. Memberswithin thetop 3% of thepopulationobtainedattheendof Step2
aredesignatec@santigensandtheentirepopulation(includingthe antigens)

is definedasthe startingpopulationof antibodies.

Step4: Usingandantibodysamplesizey smallerthanthenumberof antigensthe
degreeof matchZ is obtainedfor eachmemberof the populationaccording

to the stepsdescribedefore.

Step5: Thematchscoreaf eachdesignis usedasafithessmeasurén atraditional
selectionor reproductioroperation.During this reproductioroperation the

sizeof the populationis unchanged.

Step6: Thecrosswer andmutationoperationsareperformedonthenew popula-

tion of antibodiedormedin Step5.

Step 7: The processds thenrepeatedrom Step2 with anintentof evolving the

populationto maximizethe Z functionandcycledto convergence.

Notethatthe proposedapproachs designedo operateonly on binary strings.
Although we know that the binary alphabetcan be usedto encodeary type of
decisionvariableq26], it maybeusefulin somecasego usealternatve encodings
[43]. Shouldthatbethe casethe proposedpproachs notdirectly applicableand
its generalizatiorto alphabetf highercardinality (e.g.,real-numbergncoding)

remainsasanopenresearcharea.
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At this point, it is importantto clarify the mainweaknessethatwe identified

in Hajelas algorithm[25] andthatled usto developthealgorithmproposederein:

e Hajelas approaclrequiresa penaltyfunctionin orderto sortthe population
andassigrtheantigens.Thismakesnecessarjo evaluatetwice theobjective
functionof theproblem(perindividual) ateachgeneratiorof theexternalge-
neticalgorithm. This may becomeconsiderablyexpensve (computationally
speaking)when dealingwith real-world applications. In contrast,our ap-
proachonly evaluatesoncethe objectie function (for eachindividual) per
generationsincewe do not usea penaltyfunction. We relatethe valuesof
theantigendo the constraintviolation of eachsolution. This keepsusfrom
evaluatingthefitnessfunctionmorethanonceandmakesunnecessarto sort

thepopulation.

¢ In Hajelas approachthe computatiorof thefitnessZ in theinternalgenetic
algorithmis performedhroughacycle in whichthe populationof antibodies
mustbe traversedseveral times. In our case we computeZ in theinternal

geneticalgorithmby performinga singletraversalof theantibodies.

e The approachof Hajela& Lee[24] is only validatedwith a few engineer
ing optimizationproblems andno informationaboutits computationatost

is provided. In our case,we have usedsomebenchmarkseportedin the
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evolutionary computatioriterature[37] andwe have comparedur results
againsta highly competitve constraint-handlingechniquewhich is repre-

sentatve of the state-of-the-arin the area(the homomorphousnaps[32)).

Sinceit mayseenthatthechangesntroducedn ouralgorithmdo notmake an
importantdifferencein termsof performancewe decidedto include an example
in which we directly compareheresultsproducedcby Hajelas algorithm[25] and

our own (seeSection8.1).

7 Examples

We usedsometestfunctionsof thewell-knonvn benchmarlof Michalewicz [37] to
validateour approach.This benchmarkhasbeenextensiely usedto validatenew
constraint-handlig techniquesbecauset includesconstraintsof differenttypes
(linear nonlinear equality and inequality) and functionsof different degreesof
difficulty. We chosesomeof the testfunctionsof the benchmarkthat combine
the previously indicatedfeaturesandthatareknown to be particularlydifficult for

evolutionaryalgorithms.

1. Example 1.

Minimize:

4
f@=5> z-5» = sz (19)

i=1 =1



subjectto:

gi1(Z) = 2z14+2z9+z10+211 —10<0
g2(Z) = 2z1+2z3+ 710+ 212 —10<0
g3(Z) = 2x9+223+ 311 +312—-10<0
g4(%) = —8x1+x19<0

95(%) = —8za+x11 <0

96(f) = —8z3+712<0

g7(%) = —2z4— x5+ 110 <0

98(%) = —2mg—z7+711 <0

9o(%) = —2z3— w9+ 712 <0

where0 < z; <1(G =1,...,9),0 < z; < 100 (i = 10,11,12) and0 <
z13 < 1. Theglobal minimumis at#* = (1,1,1,1,1,1,1,1,1,3,3,3,1)

wheresix constraintsareactie (g1, g2, g3, g7, gs andgy) and f (z*)=-15.

2. Example 2:
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Minimize:

F(%) = 5.357854722 + 0.8356891z, x5 + 37.2932397; — 40792.141

subjectto:

91(Z) = 85.334407 + 0.0056858z 25 + 0.0006262z1 74 — 0.0022053z375 — 92 < 0
92(Z) = —85.334407 — 0.0056858z275 — 0.000626221 24 + 0.0022053z325 < 0
g3(F) = 80.51249 + 0.0071317z575 + 0.0029955z; 75 + 0.0021813z3 — 110 < 0
94(Z) = —80.51249 — 0.0071317z275 — 0.00299557 75 — 0.0021813z2 + 90 < 0
5(Z) = 9.300961 + 0.0047026z375 + 0.0012547, 75 + 0.0019085z324 — 25 < 0

96(Z) = —9.300961 — 0.00470262325 — 0.001254721 z3 — 0.0019085z324 + 20 < 0

where:78 < z; < 102, 33 < x5 < 45,27 < z; < 45 (i = 3,4,5).

Theglobaloptimumof this problemislocatedatz* = (78, 33,29.995256, 45, 36.775812)
wheref(Z*) = —30665.539. Two constraintareactive atthe optimum: g;

andgs.

3. Example 3:
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Minimize:

f@) = (z1 — 10)* + (2 — 20)° (20)
subjectto:
gi(z) = —(z1—5)*—(22—5)*+100<0
g2(z) = (21 —6)2+ (12 —5)% —82.81<0

whereld < z1 < 100y 0 < z9 < 100. The global optimumis located

atz* = (14.095,0.84296), wheref(z*) = —6961.81388. Both constraints

areactive atthe optimum.

. Example 4:

Minimize:

(@) = (z1 — 10)% 4 5(z2 — 12)% + 25 + 3(z4 — 11)?

+10.’Bg + 7.’13% + J?% —dxex7 — 1026 — 827

subjectto:
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g1(%) = —127 — 222 + 3z5 + x3 + 423 + 55 <0
92(Z) = —282 4 Ty + 3zo 4+ 1022 + 24 — 25 <0
93(Z) = —196 4 23z1 + z% + 622 — 827 < 0

g4(Z) = 4a? + 23 — 3x129 + 223 + 56 — 1127 < 0

where—10 < z; < 10 for z = 1,...,7). The optimum solution is
7* = (2.330499,1.951372,-0.4775414,4.365726,-0.6244870,1.038131,

1.594227)where f (z*)= 680.6300573.Two constraintsareactve (g; and

g4).

. Example 5

Maximize:

subjectto:
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h(d) =) 27 —1=0

=1

wheren = 10 and0 < z; < 1( = 1,...,n). The global maximumis at

zf =1/y/n(i =1,...,n) wheref(z*) = 1.

Additionally, we chosetwo engineeringoptimization problemsthat have

beenusedin the specializediterature.

. Example 6 : Designof a Pressue Vessel

This problemwasproposedy KannanandKramer[30]. A cylindrical ves-
selis cappedat both endsby hemisphericaheadsas shavn in Figure 2.
The objectie is to minimize the total cost, including the costof the mate-
rial, forming andwelding. Therearefour designvariables:T (thicknessof
the shell), T}, (thicknessof the head),R (innerradius)and L (lengthof the
cylindrical sectionof the vesselnotincludingthe head).T; and7}, arein-
tegermultiplesof 0.0625inch, which arethe availablethicknessesf rolled
steelplates,and R and L arecontinuous.Usingthe samenotationgiven by

KannanandKramer[30], the problemcanbe statedasfollows:
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Minimize :

F (%) = 0.6224x 2324 + 1.77812923 + 3.166127x, + 19.842%23 (21)

Subjectto :
g1(Z) = —z1 + 0.0193z3 < 0 (22)
92(Z) = —z2 + 0.00954z3 < 0 (23)
- 2 4 3
93(%) = —mr5Ts — 37%3 + 1,296,000 < 0 (24)
0a(F) = 74 — 240 < 0 (25)

7. Example 7 : Designof a SpeedReducer

This problemwasproposedy Golinski[22]. We wantto designthe speed

reducershavn in Figure3.

Minimize:

f(z) = 0.7854z7x3(3.333322 + 14.9334x3 + 43.0934) — 1.508z1 (z2 + z2)

FTATTT (23 + 28) + 0.7854(2472 + z572) (26)

subjectto:
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2T _1<0

zT1T5T3
w3972.52 -1 S 0
1T3%3
3
1.93.15‘%1 _ 1 S 0
T2T3Tg
1.93z¢
w2z3z71 1<0
(74504 /(w223))* +16.92109'° |
110.0z3 -
[(14505/(2339))*157.5010% |
85.0x3 -
23 __
Yoo —1<0
5x2
o 10
i _1<0

12z —

1.52z6+1.9 1<0
x4 -

Lizy+1.9
== —-1<0

where2.6 < z; < 3.6,0.7 < x9 < 0.8,17 < z3 < 28,7.3 < 24 < 8.3,

78 <1x5<83,29<z5<39and5.0<z7y <55

8 Comparison of Results

To have abetterideaof thedegreeof difficulty of eachof thetestfunctionsselected,

we computedhe metric p, suggestedby Koziel & Michalewicz [32] to determine

how difficult is to reachthe feasibleregion of a certainconstrainedptimization
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problem. We determinedp =| F | / | S | experimentally by generatingone
million randompointsin the searchspaceS anddeterminingwhetheror not they
lied or notwithin thefeasibleregion F.

Table 1 shavs the valuesof p obtainedfor eachof the testfunctionschosen
to validateour approach.In Table1, n refersto the numberof variables,LT are
thelinearinequalities, VI arethenonlinearinequalitiesand N E' arethenonlinear
equalities.

In all the experimentsreportedwith the serial versionof the algorithm, our
geneticalgorithm usedbinary representationbinary tournamentselection,two-
point crosseer (crosswer rate of 0.8), and uniform mutation (mutationrate of
0.05). We useda populationsize of 30 individualsandran our geneticalgorithm
for 5000 generations.The numberof internal cyclesof our algorithmwassetto
15. Note thatthe numberof internal cyclesrefersto the numberof iterationsto
be performedby our artificial immunesystemthatusesHammingdistancesasits
fithesscriterion.

In orderto beableto assestheimpactof the parametersf our approactonits
performancewe performedan analysisof variance(ANOVA). The experimental
designis describedchext.

The parametergor independenvariables)consideredor this study are the

following:
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=

. Numberof generation®f theinternalgeneticalgorithm.

N

. Populatiorsize.

3. Mutationrate.

4. Sizeof theantibodiessample(calledo).

(21

. Typeof crosseer.

The role of the dependentariableis taken from the resultobtainedwith the
algorithm.For our study thevaluesor levelsthateachvariablecouldtake were,in

eachcasethefollowing:

e For thenumberof generation®f theinternalgeneticalgorithm,we defined

two levels: 15 or 30.

e Forthepopulationsize,we definedtwo levels: 30 or 90.

e Forthemutationrate,we definedthe threefollowing levels:

1. 2/(lengthof thechromosomicstring)

2. Dynamic variation, startingin 0.4 and finishing in 1/(length of the
chromosomicstring) for both geneticalgorithms(internal and exter

nal).
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3. Dynamic variation, startingin 0.4 and finishing in 1/(length of the
chromosomicstring) for the externalgeneticalgorithm. The mutation
ratefor theinternalgeneticalgorithmremaingfixedin 1/(lengthof the

chromosomigstring).

e Forthesizeof thesamples, we definedtwo levels: (a) take ALL theinfea-

sibleindividuals,and(b) take only HALF of theinfeasibleindividuals.

e For the type of crosseer, we definedthreelevels: (a) one-pointcrosseer,

(b) two-pointcrosseer, and(c) uniform crosswer.

We performed30independengxperimentg(i.e., runs)for eachcombinationof
levels of eachvariable,usingdifferentrandomseedsn eachcase.The studywas
conductedn the serialversionof our algorithm.

From the resultsobtainedby ANOVA, we could concludethat the mutation
ratehasthemostsignificantimpacton the performancef thealgorithm. Thepop-
ulation sizeandthe type of crosseer occupy both a secondplacein importance
regardingtheir impacton performance Additionally, we found out thatthe num-
ber of generation®f theinternalgeneticalgorithmandthe size of the antibodies
sample(o) did not have a significanteffect on the performancef thealgorithm.

In all the examplesreportedin this paper we useda value of ¢ of onethird

of the numberof antigensin the population. Two otherchoicesof o were also
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tried (e.g.,we usedo equalgo thenumberof antibodiesor thenumberof antigens
dependingon the numberof feasibleindividualsin the population).However, our

experimentsndicatedthat the performancef the algorithmwasnot significantly
affectedby the choiceof eitherof thesevaluesof o.

For the testfunctionschosenwe comparedur resultsagainsithe homomor
phousmappingsof Koziel & Michalewvicz (KM) [32] which is one of the best
constraint-handlig techniqueknown to date. The resultsreportedby Koziel &
Michalewicz [32] for eachof the examplespreviously describedwere obtained
after performing70 x 20000 = 1,400, 000 fitnessfunctionevaluations.Our algo-
rithm, in contrast,performedonly 30 x 5000 = 150, 000 fitnessfunction evalua-
tions?!

Sincepenaltyfunctionscontinueto beavery popularconstraint-handligitech-
niquein the currentevolutionary optimizationliterature,we decidedto compare
also our resultsagainstfive different penalty-base@pproachegoupledto a ge-

neticalgorithm. Thetechniqueselectedverethefollowing:

e Staticpenalty[27] (seeSectior4.1).

e Dynamicpenalty[29] (seeSection4.2).

!Note that we are only countingobjective function evaluations,sincewe considerthe cost of
computingHammingdistancedi.e., the fithessfunction of the immune systemembeddedn our
geneticalgorithm)asnegligible with respecto the costof computinganevaluationof the objective
functionof a problem.
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e Annealingpenalty[34] (seeSectior4.3).

e Adaptive penalty[3, 23] (seeSection4.4).

e Deathpenalty(seeSectior4.5).

Thefive penalty-base@dpproachegreviously indicatedabove arerepresenta-
tive of thetechniquesnostcommonlyusedin the standarditeratureon evolution-
ary optimization.All thepenalty-basedpproachessedthefollowing parameters:
populationsize = 30, maximumnumberof generationss 5000, crosseer rate =
0.8, and mutationrate = 0.05. Therefore,all the penalty-base@dpproacheper
formed also 150, 000 fitnessfunction evaluationsand usedthe sameparameters
that the serial versionof our technique. We performed30 runs per methodper

function.

8.1 Examplel

The comparisorof resultsfor the first exampleare shavn in Tables2 and 3. It
can be clearly seenin this casethat none of the penalty-basedpproachesvas
ableto corverge to the vicinity of the global optimum. Note that our approach
had a slightly poorerperformancethanthe homomorphousnapsof Koziel and
Michalewicz. However, our approactbehaed muchbetterthanary penalty-based

techniqueandits resultsare on the optimum. In Table4, we comparethe results
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producedby our algorithm with respectto the resultsobtainedusing Hajela et
al!s algorithm[25]. It canbe clearly seenthat the performanceof our approach
is significantlybetterthanthatof Hajela’s algorithm,which alwayscorvergedfar

away from the globaloptimum.

8.2 Example?2

The comparisorof resultsfor the secondexampleareshavn in Tables5 and6. In

thiscasepurserialimplementatiorgeneratesesultsvery similarto thoseproduced
by the homomorphousnapsof Koziel and Michalewicz. Note alsothatthe best
resultproducedy our algorithmis slightly betterthanthe bestresultfoundusing
thehomomorphousaps.The penalty-basedpproachedo betterin this caseg(this
is mainly dueto the highervalueof p shavn in Tablel1). Neverthelesshoneof the

penalty-basedpproachegasableto reachthe global optimum.

8.3 Example3

Thecomparisorof resultsfor thethird exampleareshavn in Tables7 and8. In this
case,our serialimplementatioroutperformedall the otherapproachesncluding
thehomomorphousnaps. Our techniquewasableto converge consistentlyto the
optimum (or very closeto it) in this case. Note againthe difficulties of all the

penalty-basetechniquego reachthe global optimumof this problem.
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8.4 Example4

The comparisorof resultsfor the fourth exampleare shavn in Tables9 and 10.
The serialversionof our techniqueoutperformedncemoreall the penalty-based
approache this example.Also, its resultsarevery similar to thosegeneratedby

thehomomorphousnapsof KozielandMichalewicz.

8.5 Example5

Tables11 and 12 shaw the resultsobtainedby our approachwith respectto the
differentpenalty-basedtechniqguesmplementedandfor the homomorphousnaps
technique For this example,it is difficult for mostapproacheto reachthefeasible
region. Sincethe equality constraintis handledas an inequality a toleranceis
required.In our casewe used+1 x 102 for all theapproachesompared.

Note that both deathand dynamicpenaltiesfail to find arny feasiblesolution.
Static,annealingand adaptve techniquesnanagedo find feasiblesolutions,but
suchsolutionsarefarawayfrom theoptimumvalue.In contrastbothouralgorithm
andthehomomorphousnapswereableto consistentlyreachthe optimumsolution

(or avery goodapproximatiorof it) in all cases.
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8.6 Example6

Tablesl3and14 shaw theresultsobtainedoy our approactwith respecto thedif-
ferentpenalty-basetechniquesmplementednoresultson this exampleareavail-
ablefor the homomorphousnaps). It canbe clearly seenthat our approachpro-
ducesbetternumericalresults(with respecto all the statisticalmeasuresdopted)
thanary of thepenalty-basetkechniquegi.e.,theaveragebehaior of ourapproach
is betterthanthat of the otheralgorithmscompared).The decisionvariablescor
respondingto the bestsolutionfoundis: 7 = {0.812500, 0.437500, 42.086994,
176.779128}, with f(Z) = 6061.1229. In this example,we also comparedre-
sults with respectto the Socio-Behsioral Approach(SB) proposedn [1]. SB
is a swarm-like basedapproackproposedo solve engineeringoptimizationprob-
lems. The authorssimulatesocietiesthat conforma civilization. In eachsociety
thereis a leaderwhich is followed by the othermembersof its society Besides
thesesocietiesthereis a leaders’societythat groupsthe leadersof eachsociety
They arecalled“generalleaders”.Constraintarehandledy rankingthe solutions
basedn nondominanceheckingdnsidetheir correspondingociety Theauthors
alsoadopta specialoperatorthat allows individualsto be assignedraluesdiffer-
entfrom thoseof the leaderor the solutionselectedrom the society This canbe
seenasan individual thatis not following its leader The main advantageof SB

is thatit requiresa low numberof evaluationsof the objective functionto obtain
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a reasonablygoodresultwhich is normally not the optimum. Its main dravback
is that the implementationis quite complicated. Besidesthis, the computational
costincreasedecausef therankingprocessandthe clusteringalgorithmthatthe
approachrequiresto initialize the societies.

In Table14,we canseethatourapproachwasableto obtainbetterresultsthan
SB, but it is worth noting that SB usedlessfitnessfunction evaluationsthan our
approachSB usedl12,630fitnessfunctionevaluationswhereaur approactused

150,000asin the previous examples).

8.7 Example7

Tables15 and 16 shaw the resultsobtainedby our approachwith respectto the
different penalty-basedechniquesmplemented(no resultson this exampleare
availablefor the homomorphousnaps). It canbe clearly seenthat our approach
producesetterresults(with respecto all the statisticalmeasuresadopted)than
ary of the penalty-basedechniques.The decisionvariablescorrespondingdo the
bestsolutionfoundis: Z = {3.500000, 0.700000, 17.000000, 7.300008, 7.715322,
3.350215,5.286655}, with f(Z) = 2994.3419. In thisexample we alsocompared
resultswith respectto the Socio-Behsioral Approach(SB) proposedn [1]. In
Tablel6,we canseethatourapproactwasableto obtainbetterresultsthanSB, but

it is worth noting that SB usedlessfitnessfunction evaluationsthanour approach
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(SB used19,154fitnessfunction evaluations whereaour approachused150,000
asin the previous examples).

Summarizing,we can concludethat all the penalty-basedechniquesmple-
mentedhad difficulties to reachthe vicinity of the global optimumin all the test
functionschosenNoneof thepenalty-basedpproachewasableto corverge (not
evenoncein the 30 runsperformedwith eachof the techniquesjo the global op-
timum. Regardingthefirst setof testfunctions,the serialversionof our algorithm
producedvery competitve resultswhile performingonly about1/10th of the fit-
nessfunction evaluationsrequiredby the homomourphousnaps. Regardingthe
two engineeringoptimizationproblems,our approachwasableto outperformall

the other(penalty)techniquesvith respecto which it wascompared.

9 A Parallel Version of the ProposedAlgorithm

We alsodevelopedaparallelimplementatiorof ourapproachTheapproactadopted
is a multi-populationGA (or coarse-graine6A). The algorithmis describedoe-

low:

1. Determineghenumberof processorsvailableandmale it equalto thenum-

berof demesreated.

2. Determinethesizeof eachdeme(d) dividing the populationsizeof the orig-
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inal (i.e.,sequentiallGA by thetotal numberof demes.

3. For eachdeme follow stepsl-11from thealgorithmprovidedin Section6.

4. If theepochwascompletedthen:

(a) Copy the union of the bestindividual of the demeplus » randomly

selectedndividualsto a differentdemeat eachiteration.

(b) Recever + 1 migratingindividualsthatareto replacer + 1 randomly

selectedndividualswithin thedeme.

5. Repeatrom (3) until reachingcorvergence.

The parallelizationof the algorithmtook placeapplyinga multiple-population
or multiple-demegeneticalgorithm[38]. The approachconsistson several sub-
populationgcalleddemes}hatexchangendividualsoccasionally This exchange
of individualsis calledmigration. The parametershatcontrolthe migrationmust
bedefinedby theuser asto determinghenumberandsizeof thedemesfrequeny
of migration (epoch),numberanddestinationof migrants,andthe way by which
themigrantsareselected.

On our algorithmwe useda distributed memoryusingMPI (MessagePassing
Interface). The populationis divided in asmary demesas processorsre avail-

able. Eachdemeevolvesindependentlfrom the othersexchangingndividualsat
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regularintenals. Thetotal numberof fithessfunctionevaluationsperformed(con-
sideringonly objectie function evaluations)s exactly the samein this caseasfor
theserialversion(150,000).

Sincethedemesave alower numberof individualsthatthe populationsizeof
thesequentiaGA, thenthenumberof iterationsrequiredfor theinternalcycle (see

Figurel) of theimmunesystems proportionallyreducedaccordingo its size.

9.1 Experimental Setup

The efficiency of a parallelalgorithmtendsto be measuredn termsof its correct-
nessandits speedup.The speedufd S P) of analgorithmis obtainedby dividing
the processindgime of the bestserialalgorithm(7s) by the processindime of the
parallelversion(T},)? [33]:

SP = 27)

T
TP

To obtainthe bestserialalgorithm,we performeda setof experimentsto de-
terminethe minimum parametersequiredby our algorithmto operatereasonably
well [38]. Fromtheseaxperimentsye determinedhefollowing parameterfor the

sequentialersionof our algorithn?: populationsize = 30, maximumnumberof

2This expressionassumesdentical processorsindidentical input sizes(i.e., numberof fitness
functionevaluationsin our case).
%The parameterindicatedhereinwerethe sameadoptedor the experimentsperformedwith the
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generations 5000, mutationrate= 0.05,crosseer rate= 0.8, numberof internal
GA cycles= 15. Thevalueof o wasdefinedby dividing the numberof infeasible
individualsin the currentpopulationby two. If therewerethreeor lessinfeasible
individualsin thecurrentpopulation thenall of themwereconsidereasthevalue
of o. Additionally, we usedbinarytournamenselectionandtwo-pointcrosseer.

The parallelimplementatiorusedthe following parametersnumberof demes
= numberof processorsvailable (betweern? and4), demesize= total population
size (30) divided by the numberof processorswvailable!, epochsize = 500 gen-
erationsmigrationrate= 0.25 (this migrationrateindicatesthe percentagef the
populationthat mustbe migrated). The migrationpolicy adoptedwasthe follow-
ing: we selectthe bestindividual within a demeto be migratedplus anadditional
setof individualsrandomlyselectedrom the samedeme. The candidategor re-
placementvithin eachdemearealsorandomlyselected.The topologyadopteds
adiamondin which migrationis allowedto onedifferentdemeat atime (seeFig-
ure4). Finally, the numberof internalcyclesin the parallelversionis obtainedby
dividing the numberof cyclesusedin the sequentiaalgorithm(15) by thenumber
of processors.

In orderto experimentwith differentevolutionarycharacteristicsye decided

to usedifferentsetupsn eachdeme(thesesetupswererandomlydeterminedyor

serialversionof the algorithmreportedn Section8.
“Whenthis resultis notaninteger, we applythecei | i ng operatoito male it anintegervalue.
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thefollowing parametersmutationrate,crosseer rate,type of selection(roulette-
wheel,stochasticemaindemwith andwithout replacementhinarytournamenand
stochastianiversalsampling) type of cross@er (one-pointtwo-point, uniform).

Tablel7 shavs theresultsproduceddy the sequentialzersionof our algorithm
andthreeversionsof the parallelizedalgorithm for the first example® Eachof
thesethreeparallelversionsonly differ in the numberof processoremplo/ed. In
this case the parallelversionsimprove the resultsproducedby the serialversion
of algorithm(they practicallyachieve the optimumon average) but with a higher
performancevariability (i.e., a higherstandardieviation). Note thatin this exam-
ple, andall the following, a considerablespeedups achiezed asmoreprocessors
areused.

Table18 shavstheresultsfor the secondexample.The parallelversionsof our
algorithmmaintainsimilar resultsthanthe serialversionbut with alower standard
deviation. Note however, thatthereis a slightdecreas@ performancevhenusing
threeprocessors.

Table 19 shaws theresultsfor the third example. In this example,the parallel
versionsobtainedslightly inferior resultsthanthe serialversionof the algorithm
and presented higher standarddeviation. However, the differencesare not sig-

nificant. In this case,the performanceconsistentlydecreasess the numberof

50nly the comparisorof the serialandthe parallelversionsof the algorithmarereportedhere
sincetheresultsproducedy the othertechniquedave beenalreadyreportedn Section8.
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processoincreases.

Table 20 shaws the resultsfor the fourth example. In this case,the parallel
versionsobtainedsimilar resultsthanthe serialversionof our algorithmbut with
a higher standarddeviation. Thus, the parallel versionshaved a slightly lower
robustnesghanthe serialversion. As in the previous example,the performance
consistentlydecreaseasthe numberof processomcreases.

Note that the fifth examplewas not solved usingthe parallel versionsof our
algorithm. Table 21 shaws the resultsfor the sixth example. In this case,the
parallelversionsof our algorithmwere ableto improve both the averageresults
andthestandardleviation of theresults.Thebestperformancevasobtainedusing
threeprocessors.

Finally, Table22 shavs the resultsfor the seventhexample. In this case the
parallelversionsobtainedsimilar resultsthanthe serial versionof our algorithm
but with a higherstandardleviation. Thedifferenceshowever, arenot significant.

A final commentmust be maderegardingthe speedupschiezed by our al-
gorithm. Sincewe useddifferentselectionoperatorsand differentcrosseer and
mutationrates we expectedhattheparallelversionof our algorithmwould behae
differently However, the remarkablespeedupsichieved arerelatedto the reduc-
tion of the maximumnumberof generationf the internal geneticalgorithm of

eachdeme(seeSection9).
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Therefore the computationof the speedupnay be somevhat misleading.Al-
thoughotherevolutionarycomputatiorresearchensave reportedsuperlineaspeed-
upswhenusingevolutionaryalgorithms(seefor example[4]) mainly producedby
increasedelectionpressuref migration,the speedupsbtainedin our caseseem
excessie. This behaior may be explainedby the extra diversity introducedin
the demesas an effect of the diverseselectionschemesand crosseer and muta-
tion ratesintroduced.In ary case thisissuedeseresfurther studyusingparallel

processingnethodologiesindis partof our currentrersearch.

10 Conclusionsand Future Work

We have presentedin approactthatincorporatesonstraintanto a geneticalgo-
rithm using an emulationof the immune system. Two versionsof the proposed
algorithmwerepresentedn this paper:a serialversionanda parallelversionthat
usesslands.

Both versionsof the proposedapproachseemto be competitve with respect
to several penalty-basedpproachesnd one techniquethat is representate of
the state-of-the-artn evolutionary constrainedoptimization. While noneof the
penalty-basedpproachegasableto reachthe global optimum(or evenits vicin-
ity in somecases)pur approach(in all of its variants)producedreasonablygood

resultsand even improved in somecasesthe solutionsfound by the homomor
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phousmapsof KozielandMichalewicz [32] atafractionof its computationatost.
Whereaghe homomorphousnapsperformedl, 400, 000 fitnessfunction evalua-
tions per run, our approachonly performed150, 000 fitnessfunction evaluations
per run (in both versionsof the algorithm). Furthermoreour parallel versions
producedmportantspeedupgin onetestfunction,they performedup to 20times
fasterthantheserialversion)while producingsimilar results.Althoughmorecare-
ful studiesarerequiredto explain suchspeedupshe resultsreportechereinseem
to indicatethatour algorithmhighly benefitsfrom a deme-base@nplementation.
Someof the future work currentlyunderway involvesthe designandimple-
mentationof an algorithm basedon the immune systemto solve multiobjective
optimizationproblems[8]. We arealsointerestedn generalizingour approactto
alphabetof highercardinality Finally, we arealsoexploring othermodelsof the
immunesystemandwe areinterestedn analyzingthe convergencepropertiesof

thealgorithmproposedn this paper
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Figurel: A schematiof the serialversionof our algorithmbasedon the artificial
immunesystem.
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Figure2: Centerandendsectionof the pressureresselusedfor the sixth example.
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Figure3: Speededucerusedin the seventhexample.
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Figure 4: Figurethatillustratesthe topology and migration policies adoptedby
the parallelversionof our algorithmassumingt processorsln (a) we canseethe
possibleinterconnectionamongdemes.In (b), (c) and(d) we canseethe migra-
tion possibilitiesfor eachdeme.Note how thesemigrationpossibilitieschangeat
eachepoch(anepochin our experimentscomprisecb00generations)Thearrovs
indicatethe only availabledirectionsof migrationfor individualsin eachdeme.
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TestFunction | n | Typeof f p LI | NI | NE
1 13| quadratic | 0.0111%| 9 | 0 | O
2 5 | quadratic | 52.1230%| O | 6 | O
3 2 cubic 0.0066% | 0 | 2 | O
4 7 | polynomial| 0.5121% | 0 | 4 | O
5 10 | polynomial| 0.0000% | O | O | 1
6 4 | nonlinear 0.41% 3130
7 11| nonlinear | 0.00097%| 0 | 11| O

Table1: Computationof p for the testfunctionsselected. The value of p is ex-
pressedsa percentagéi.e.,in a0.0-100.0scale).LI = Linearlnequalities NI =
NonlinearlnequalitiesNE = NonlinearEqualities
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Results This paper death static dynamic
penalty penalty [27] penalty [29]

Best -15.0 -3.89599 -4.967788  -5.899826
Mean -15.0 -3.124349 -3.393627  -3.569680
Worst -15.0 -2.320083 -2.108043  -2.158655

Std. dev. 0.0 0.439053 0.786642 0.833536

Table 2: Comparisonof the serial version of our algorithm againstseveral
constraint-handlig techniquedor thefirst example(PART I).
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Results This paper annealing adaptive KM
penalty [34] penalty [3, 23] [32]
Best -15.0 -7.343341 -5.165591  -14.7864
Mean -15.0 -5.071362 -3.640049  -14.7082
Worst -15.0 -3.595369 -2.725182  -14.6154
Std. dev. 0.0 0.772477 0.606248 N.A.

Table 3: Comparisonof the serial version of our algorithm againstseveral
constraint-handlig techniquedor thefirst example(PART II). N.A. = Not Avail-

able.
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Results This paper Hajela’sproposal

Best -15.0 -5.2735
Mean -15.0 -3.7435
Worst -15.0 -2.4255

Std.dev. 0.0 0.9696

Table4: Comparisorof the serialversionof our algorithmagainstHajelas algo-
rithm [25] in thefirst example.
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Results This paper death static dynamic
penalty penalty [27] penalty [29]
Best -30665.51 -30577.244692 -30575.86282 -30543.47755
Mean  -30654.98 -30395.486786 -30403.878656 -30405.47011
Worst ~ -30517.44 -30273.8398 -30294.503128 -30198.05763
Std. dev. 32.67 70.3136 64.191724 94.0364

Table 5: Comparisonof the serial version of our algorithm againstseveral
constraint-handlig techniquedor the secondexample(PART 1).
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Results  This paper annealing adaptive KM
penalty [34] penalty [3, 23] [32]
Best -30665.51 -30568.309514 -30560.36108 -30664.5
Mean  -30654.98 -30436.946918 -30397.402836 -30655.3
Worst ~ -30517.44 -30230.415178 -30255.372464 -30645.9
Std. dev. 32.67 84.105812 73.803218 N.A.

Table 6: Comparisonof the serial version of our algorithm againstseveral

constraint-handlig techniquesfor the secondexample (PART 1I). N.A. = Not
Available.
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Results This paper death static dynamic
penalty penalty [27]  penalty [29]
Best -6961.7608 -6725.090596 -6752.130219 -6579.364885
Mean -6961.2733 -5902.52151 -6083.905938 -5930.376403
Worst  -6960.6070 -3323.330807 -4755.210341 -3930.299682
Std. dev. 0.3598 806.966677 447.8283 560.355338

Table 7: Comparisonof the serial version of our algorithm againstseveral
constraint-handlig techniquedor thethird example(PART I).
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Results This paper  annealing adaptive KM
penalty [34] penalty[3, 23] [32]
Best -6961.7608 -6839.393708 -6272.710459 -6952.21
Mean -6961.2733 -5986.068897 -5558.644717 -6342.6
Worst  -6960.6070 -4647.529779 -3347.866131 -5473.9
Std. dev. 0.3598 550.853075 2337.080599 N.A.

Table 8: Comparisonof the serial version of our algorithm againstseveral
constraint-handlig techniquedor thethird example(PART II). N.A. = Not Avail-

able.
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Results This paper death static dynamic
penalty penalty [27] penalty [29]
Best 680.9599 815.023589 781.885832 848.901462
Mean 681.6192 1393.874298 1338.497435 1210.549585
Worst 683.7651 2970.694653 2147.804876 1909.872525
Std. dev. 0.7733 480.734897 313.489052 225.436343

Table 9: Comparisonof the serial version of our algorithm againstseveral
constraint-handlig techniquedor the fourth example(PART I).
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Results This paper  annealing adaptive KM
penalty [34] penalty[3,23] [32]
Best 680.9599 897.711272 867.491057 680.91
Mean 681.6192 1381.541513 1269.355295 681.16
Worst 683.7651 2148.620678 2008.210163 683.13
Std. dev. 0.7733 308.032119 303.472942 N.A.

Table 10: Comparisonof the serial version of our algorithm againstseveral
constraint-handligtechniquegor thefourthexample(PART II). N.A. = Not Avail-

able.
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Results This paper death static dynamic
penalty penalty[27] penalty [29]

Best 1.0046 N.F 0.4508 N.F

Mean 1.0031 N.F 0.2359 N.F

Worst 0.9987 N.F 0.0105 N.F.
Std. dev. 0.0016 - 0.1678 -

Table 11: Comparisonof the serial version of our algorithm againstseveral
constraint-handlig techniquedor thefifth example(PART I). N.F. meanghatthe
approactconvergedto aninfeasiblesolution.
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Results This paper annealing adaptive KM
penalty [34] penalty[3,23] [32]

Best 1.0046 0.6611 0.7050 0.9997
Mean 1.0031 0.3176 0.3828 0.9989
Worst 0.9987 0.0798 0.0018 0.9978

Std. dev. 0.0016 0.1538 0.2497 N.A.

Table 12: Comparisonof the serial version of our algorithm againstseveral
constraint-handlig techniquedor thefifth example(PART I1). N.A. = Not Avail-
able.
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Results This paper  death static dynamic

penalty penalty[27] penalty [29]
Best 6061.1229 6480.86 6295.11

6273.28

Mean 6734.0848 8266.67 8098.03 8092.87
Worst  7368.0602 10895.09  9528.07 10382.10
Std.dev.  457.9959 1091.10 831.69 1017.99

Table 13: Comparisonof the serial version of our algorithm againstseveral
constraint-handlig techniquedor the sixth example(PART ).
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Results This paper annealing adaptive
penalty [34] penalty[3,23] SB[1]
Best 6061.1229  6572.62 6303.50 6171.00
Mean  6734.0848 8164.56 8065.66 6335.05
Worst  7368.0602  9580.51 10569.65  6453.65
Std.dev.  457.9959 789.65 821.30 N.A.

Table 14: Comparisonof the serial version of our algorithm againstseveral

constraint-handlig techniquedor thesixth example(PART I1). N.A. = Not Avail-
able.
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Results  This paper death

static dynamic
penalty penalty [27] penalty [29]

Best 2994.3419 3031.9063 3030.6446 3025.7400
Mean  2994.3472 3135.4040 3159.1310 3194.5500
Worst  2994.3768 3359.7894 3502.4819 4544.7992
Std.dev.  0.00768  78.95751  101.4993 266.2394

Table 15: Comparisonof the serial version of our algorithm againstseveral
constraint-handlig techniquedor the seventhexample(PART I).
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Results This paper annealing adaptive

penalty [34] penalty[3, 23] SB[1]
Best 2994.3419 3021.4178 3035.2213

3008.0800

Mean  2994.3472 3135.1270 3181.2120 3012.1200

Worst  2994.3768 3848.0370 4401.2518 3028.2800
Std. dev. 0.00768 142.6810 239.2461 N.A.

Table 16: Comparisonof the serial version of our algorithm againstseveral

constraint-handlig techniquesior the seventh example (PART 11). N.A. = Not
Available.
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Serial 2P 3P 4P
SP=5.11| SP=10.71] SP=20.17
Mean | -15.0 | -14.7773| -14.5922| -14.8201
Best -15.0 | -14.9995| -14.9995| -14.9978
Worst | -15.0 | -12.9892| -11.8787 | -12.9930
Std.Dev. | 0.0 0.5103 0.8797 0.4830

Table 17. Comparisorof resultsbetweenthe serialversionof our algorithmand
threesetup=of the parallelversionfor thefirst example.P indicatesthe numberof
processorsisedandSPrefersto the speedumchiered.
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Serial 2P 3P 4P
SP=1.92 | SP=45 | SP=8.87
Mean | -30654.98| -30662.32| -30648.86| -30657.03
Best -30665.51| -30665.00| -30664.19| -30664.62
Worst | -30517.44| -30652.21| -30604.85| -30634.81
Std. Dev. 32.67 2.99 18.05 8.96

Table 18: Comparisorof resultsbetweenthe serialversionof our algorithmand
threesetupof the parallelversionfor the secondexample.P indicateshe number

of processorsisedandSPrefersto the speedumchiered.
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Serial 2P 3P 4P
SP=1.37 SP=2.56 SP=3.9
Mean | -6961.2733| -6961.3423| -6960.0504| -6959.6613
Best -6961.7608| -6961.7596| -6961.4539| -6961.4072
Worst | -6960.6070| -6958.6652| -6958.4271| -6956.7837
Std. Dev. 0.3598 0.6695 0.8767 1.5567

Table 19: Comparisorof resultsbetweenthe serialversionof our algorithmand
threesetupsof the parallelversionfor the third example. P indicatesthe number

of processorsisedandSPrefersto the speedumchiered.
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Serial 2P 3P 4P
SP=2.85| SP=5.8 | SP=13.48
Mean | 681.6192| 681.6655| 682.5332| 682.5125
Best 680.9599| 680.7499| 680.9414| 681.2212
Worst | 683.7651| 683.2584| 687.1950| 686.8906
Std.Dev. | 0.7733 0.6910 1.8856 1.2949

Table 20: Comparisorof resultsbetweenthe serialversionof our algorithmand
threesetupof the parallelversionfor the fourth example.P indicatesthe number
of processorsisedandSPrefersto the speedumchieved.
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Serial 2P 3P 4P
SP=1.75 SP=3.82 SP=6.27
Mean | 6734.0848| 6465.3608| 6233.5345 | 6247.7907
Best 6061.1229 6091.5154| 6062.652563 6060.6444
Worst | 7368.0602| 7334.6122| 6785.2204 | 6830.5782
Std.Dev. | 457.9959 | 345.32922| 186.0586 | 203.4138

Table21: Comparisorof resultsbetweenthe serialversionof our algorithmand
threesetupsof the parallelversionfor the sixth example. P indicatesthe number

of processorsisedandSPrefersto the speedumchieved.
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Serial 2P 3P 4P
SP=1.18 | SP=3.07 | SP=6.75
Mean | 2994.3472| 2994.3596| 2994.4153| 2994.3878
Best 2994.3419| 2994.3442| 2994.3477| 2994.3498
Worst | 2994.3768| 2994.4006| 2994.5375| 2994.4796
Std.Dev. | 0.00768 | 0.01425 | 0.05692 | 0.03113

Table 22: Comparisorof resultsbetweenthe serialversionof our algorithmand
threesetupsof theparallelversionfor the seventhexample.P indicateshenumber

of processorsisedandSPrefersto the speedumchieved.
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