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Abstract. In this paper, we presenta studyof the useof an artificial immune
system(CLONALG) for solving constrainedglobal optimizationproblems.As
partof this study, we evaluatetheperformanceof thealgorithmbothwith binary
encodingandwith real-numbersencoding.Additionally, wealsoevaluatetheim-
pactof themutationoperatorin theperformanceof theapproachby comparing
CauchyandGaussianmutations.Finally, we proposea new mutationoperator
which significantlyimprovestheperformanceof CLONALG in constrainedop-
timization.

1 Intr oduction

Many bio-inspiredalgorithms(particularly evolutionary algorithms)have beenvery
successfulin thesolutionof a wide varietyof optimizationproblems[3]. However, all
of theseapproaches(includingevolutionaryalgorithmsandartificial immunesystems),
whenusedfor numericaloptimization,canbeseenasunconstrainedsearchtechniques.
Thismeansthatthey requirea suitablemechanismto incorporateconstraints,suchthat
they candealwith thegeneralnonlinearoptimizationproblem.

Within evolutionary algorithms(EAs), external penalty functionshave beenthe
most popularmechanismadoptedto incorporateconstraintsinto the fitnessfunction
[17]. Theideaof anexternalpenaltyfunctionis to “punish” (or penalize)asolutionfor
beinginfeasibleby increasingits fitnessvalue(whensolvinga minimizationproblem).
Despitetheirpopularity, penaltyfunctionshaveseveralproblems,from which themain
onerelatesto the difficulties to defineaccuratepenaltyfactors.A large penaltyvalue
discouragesthe exploration of the infeasibleregion sincethe very beginning of the
searchprocess(this may causedifficultieswhendealing,for example,with a disjoint
feasibleregion). On the otherhand,if the penaltyvalueis too low, a lot of the search
timewill bespentexploringtheinfeasibleregionbecausethepenaltywill benegligible
with respectto theobjective function.

Recently, severalresearchershaveproposedconstraint-handlingtechniquesfor EAs
whichavoid theuseof apenaltyfunctionor donotrequireany fine-tuningof thepenalty
factors[11,16,7,9]. Suchapproacheshavebeenfoundto outperformtraditionalpenalty
functionsandcanhandleall typesof constraints(linear, nonlinear, equality, inequality).



Themainmotivationof thework presentedin thispaperwasto explorethecapabil-
ities of an artificial immunesystemin the context of constrainedglobaloptimization.
For thatsake,wedecidedto adoptthealgorithmbasedon theclonalselectionprinciple
(calledCLONALG) which is describedin [4, 6]. CLONALG wasproposedasa learn-
ing algorithmparticularlywell-suitedfor solving patternrecognitionandmultimodal
optimizationproblems.However, asfar aswe know, it hasn’t beenproperlyvalidated
in thecontext of constrainedglobaloptimization.

CLONALG is apopulation-basedalgorithmandits only variationoperatoris muta-
tion. Evidently, themainsearchpower of CLONALG relieson this mutationoperator
andtherefore,suchoperatorbecamethemainfocusof ourstudy.

Thereis well-documentedevidence(in thespecializedliterature)of thesuperiority
of evolutionstrategies(overgeneticalgorithms)in constrainedoptimization[16]. Also,
wewereawareof theproposalby YaoandLiu [18] of adoptingCauchy-distributedran-
domnumbersfor anevolution strategy, insteadof thetraditionalGaussiandistribution.
Yao andLiu [18] found that this probability distribution allowed the mutationopera-
tor of an evolution strategy to behave asa sort of crossover operator, thusimproving
theperformanceof thealgorithmin (unconstrained)numericaloptimizationproblems
(including multimodal functions).Apparently, this behavior was due to the fact that
Cauchy-distributedrandomnumbersallow relatively coarse-grainedsteps,which con-
trastwith thefine-grainedstepsof thetraditionalGaussian-distributedrandomnumbers.

Thus,beingawareof this work, we decidedto incorporateCauchy-distributedran-
domnumbersinto CLONALG. We hypothesizedthatthis would considerablyimprove
theperformanceof CLONALG in constrainedoptimization(with respectto theuseof
Gaussianmutations).However, the results(aswe will seelateron) wereratherdisap-
pointingandledusto proposeourown mutationoperatorwhich turnedout to bebetter
thanany of thetwo otheroperatorsinitially adopted.Finally, wealsoevaluatedCLON-
ALG with binary encoding,in order to assessthe impactof the representationin the
performanceof theapproach(in thecontext of constrainedoptimization).

The remainderof the paperis organizedas follows. In Section2, we definethe
problemwewantto solve.Section3 describessomepreviousrelatedwork. In Section4,
we describethemodificationsdoneto CLONALG sothat it canhandleconstraints.In
Section5, we presentour experimentsadoptinga binaryrepresentation(bothwith and
without Graycoding).In Section6, we reportour experimentsadoptingreal-numbers
representation(adoptingdifferentmutationoperators).In Section7, somechangesto
CLONALG’s mutationoperatorareproposed,our resultsarepresentedand they are
discussed.Finally, in Section8, our conclusionsand somepossiblepathsfor future
researchareprovided.

2 Statementof the Problem

Theproblemthatwewantto solveis thegeneralnonlinearprogrammingproblemwhich
is definedasfollows:

Find � whichoptimizes������� (1)



subjectto: 	�
 ������
���������������������� (2)��� � �����!�"�$#%�&�'�������(��) (3)

where � is the vectorof solutions(or decisionvariables)�*�,+ -/.0�1-32����������1-346587 , � is
thenumberof inequalityconstraintsand) is thenumberof equalityconstraints(in both
cases,constraintscouldbelinearor nonlinear).

3 Previous RelatedWork

We wereableto find very few papersin which themainfocuswasthesolutionof con-
strainedglobal optimizationproblemsusingan artificial immunesystems.Suchwork
is briefly describednext.

HajelaandYoo [19,8] proposeda hybrid betweena GeneticAlgorithm (GA) and
anartificial immunesystem,aimingto solveconstrainedoptimizationproblems.In this
approach,the authorsadoptedtwo populations.The first is composedby the antigens
(which are the bestsolutions),and the other by the antibodies(which are the worst
solutions).Theideais to haveaGA embeddedinto anotherGA. TheouterGA performs
theoptimizationof theoriginal (constrained)problem.ThesecondGA is run for a few
generations,andusesasits fitnessfunctiona Hammingdistance(binaryencodingwas
adoptedfor theGA) sothattheantibodiesareevolvedto become“verysimilar” (at the
genotypiclevel) to the antigens,without becomingidentical.The interestingeffect of
thisevolutionwasthattheinfeasibleindividualswouldnormallybecomefeasible.This
approachwastestedwith somestructuraloptimizationproblems.

Kelsey andTimmis[10] proposedanimmuneinspiredalgorithmbasedontheclonal
selectiontheoryto solve multimodaloptimisationproblems.Its highlight is themuta-
tion operatorcalled”SomaticContiguousHypermutation”wheremutationis applied
on a subsetof contiguousbits. The lengthandbeginningof this subsetis determined
randomly.

Coello Coello andCruz-Cort́es[2] proposedan extensionof HajelaandYoo’s al-
gorithm.In this proposal,no penaltyfunctionis required(asin theoriginal approach),
andsomeextramechanismsaredefinedto allow theapproachto work in casesin which
thereareno feasiblesolutionsin the initial generation.Additionally, the authorspro-
posedaparallelversionof thealgorithmandvalidatedit usingsomestandardtestfunc-
tionsreportedin thespecializedliterature.

Balicki’s proposal[1] is very similar to thetwo previousapproaches.Its maindif-
ferenceis the way in which the antibodies’fitnessis computed.In this case,Balicki
introducesarankingprocedure.Thisapproachwasvalidatedusingaconstrainedthree-
objectiveoptimizationproblem.

Luh and Chueh[13,12] proposedan algorithm (called CMOIA, or Constrained
Multi Objective ImmuneAlgorithm) for solvingconstrainedmulti-objectiveoptimiza-
tion problems.In thiscase,theantibody’spopulationis composedby thepotentialsolu-
tionsto theproblem,whereasantigensaretheobjective functions.CMOIA transforms
theconstrainedprobleminto anunconstrainedoneby associatingan interleukine(IL)
valuewith all theconstraintsviolated.IL is afunctionof boththenumberof constraints



violatedandthetotal magnitudeof this constraintviolation (notethat this IL function
is actuallya penaltyfunction).Then,feasibleindividualsarerewardedandinfeasible
individualsarepenalized.Otherfeaturesof theapproachwerebasedon theclonalse-
lection theoryandotherimmunologicalmechanisms.CMOIA wasevaluatedthrough
six testfunctionsandtwo structuraloptimizationproblems.

4 Clonal SelectionAlgorithm for ConstrainedOptimization

NunesandVon Zuben[4, 6] proposedthe CLONALG algorithm,which is inspiredin
theclonalselectiontheoryof theimmunesystem.CLONALG wasusedby its authors
to solvepatternrecognitionandmultimodaloptimizationproblems.

Next, we will describethe main elementsthat comprisethe generalframework of
any biological-inspiredsystemasdescribedin [5] andconsideringthecontext of con-
strainedoptimization:

– Representationof the components: Antigensare representedby the objective
function ��� ��� that we want to optimize (minimize or maximize)andantibodies
arerepresentedby thevariablesof theproblem( � ) which arepotentialsolutions.

– Mechanismsto evaluate the interaction amongindividuals and their envir on-
ment: antibody’s affinity correspondsto the evaluationof the objective function
givenby theantigen.

– Adaptation Procedures: Theclonalselectiontheoryof theimmunesystem.

Now, we will briefly describetheCLONALG algorithm[6]:

1. Generate# antibodiesrandomly.
2. Repeata predeterminednumberof times:

(a) Determinethe affinity of eachantibody(Ab). This affinity correspondsto the
evaluationof theobjective function.

(b) Selectthe � highestaffinity antibodies.
(c) The � selectedantibodieswill beclonedproportionallyto their affinities,gen-

eratinga repertory9 of clones:thehigherthe affinity is, thehigherbecomes
thenumberof clonesgeneratedfor eachof the � selectedantibodies.

(d) The clonesfrom 9 aresubjectto a hyper-mutationprocessinverselypropor-
tional to theirantigenicaffinity: thehighertheaffinity, thesmallerthemutation
rate.

(e) Determinetheaffinity of themutatedclones9 .
(f) From this set 9 of clonesand antibodies(Ab), selectthe # highestaffinity

clonesto composethenew antibodies’population.
(g) Replacethe : lowestaffinity antibodiesby new individualsgeneratedat ran-

dom.
3. Endrepeat

Thenumberof clonesgeneratedfrom the � selectedantibodiesis givenby:;=< � >? 
A@/BDC0EGF �H:JI�KJL #�NM (4)



where
;O<

is thetotal numberof clones,and K is a multiplier factor(generallyequalto
1).

In orderto applyCLONALG to constrainedoptimizationproblems,we introduced
thefollowing changes:

– In step2.(a),it is necessarythateachantibodyevaluatestheobjectivefunction,and
theconstraintsof theproblemin orderto know if it is a feasiblesolutionor not.

– In step2.(b), the antibodies’affinity is definednot only by the objective function
value,but alsobasedon feasibility or infeasibility, consideringthat feasibleindi-
vidualsmusthave a higheraffinity value.Within this group,the bestindividuals
are thosewhoseobjective function value is best(i.e., the larger value if we are
maximizing).Within the groupof infeasibleindividuals,thosehaving the lowest
constraintviolation quantitywill obtainthe highestaffinity values(sincethey are
closestto thefeasibleregion).

– In step2.(f), whenthe individualsthatwill make it for thenext generationarede-
termined,it is necessaryto ensurethatat least P infeasibleindividualswill survive
( P is a user-definedparameter).This is becausewe want to promotea reasonable
diversityright in theboundarybetweenthefeasibleandtheinfeasibleregion(this is
donebecauseit is known thatthemostdifficult constrainedoptimizationproblems
for EAsarethosein which theglobaloptimumis locatedpreciselyin theboundary
betweenthefeasibleandtheinfeasibleregions).

– In step2.(g), the criterion that determinesthe individuals who will be replaced
is driven by feasibility criteria as well. That meansthat if infeasibleindividuals
becomea majority, moreof themwill bereplacedandviceversa.

In orderto assessthe performanceof CLONALG in constrainedoptimization,we
conducteda setof experimentsusingdifferentrepresentationsandmutationoperators.
For theseexperiments,we adoptedthebenchmarkoriginally proposedin [15] andex-
tendedin [16]. Thetestfunctionschosencontaincharacteristicsthatarerepresentative
of what canbe considered“dif ficult” global optimizationproblemsfor an evolution-
ary algorithm(or any otherbio-inspiredalgorithmusedfor globaloptimization).The
mathematicaldescriptionof thesetestfunctionscanbefoundin [16].

To get an estimateof how difficult is to generatefeasiblepointsthrougha purely
randomprocess,we computedthe Q metric for the13 testfunctionsof thebenchmark
(assuggestedby Michalewicz andSchoenauer[15]) usingtheexpression:QR�TS URS V�S WXS , where S WXS is thenumberof randomsolutionsgenerated( WY�Z�'�1���'���[�����
in our case),and S URS is the numberof feasiblesolutionsfound (out of the total S WXS
solutionsrandomlygenerated).The valuesof Q for eachof the functionschosenare
shown in Table1.

CLONALG wascomparedwith respectto two approachesthatarerepresentativeof
thestate-of-the-artin constrainedoptimization:StochasticRanking[16] andtheAdap-
tiveSegregationalConstraintHandlingEvolutionStrategy (ASCHEA) [9].

Theversionsthatwereevaluatedarethefollowing:

– Binary representation\ Standard\ Graycoding



Problem ] Type of function ^ LI NI LE NE

g01 13 quadratic _�` _a_�_abac 9 0 0 0
g02 20 nonlinear dade` d�dGf�bGc 1 1 0 0
g03 10 nonlinear _�` _a_ag�hac 0 0 0 1
g04 5 quadratic gaf0` _�_Gf�dGc 0 6 0 0
g05 4 nonlinear _�` _a_�_a_ac 2 0 0 3
g06 2 nonlinear _�` _a_aiaf�c 0 2 0 0
g07 10 quadratic _�` _a_�_a_ac 3 5 0 0
g08 2 nonlinear _�` jGi�j�k6c 0 2 0 0
g09 7 nonlinear _�` iekldadac 0 4 0 0
g10 8 linear _�` _a_ag�_ac 3 3 0 0
g11 2 quadratic _�` _adaf�bac 0 0 0 1
g12 3 quadratic m'` f�h�dGf�c 0 dan 0 0
g13 5 nonlinear _�` _a_�_a_ac 0 0 1 2

Table 1. Valuesof ^ for the 13 testproblems.] =numberof decisionvariables,LI=numberof
linear inequalities,NI=numberof nonlinearinequalities,LE=numberof linear equalitiesand
NE=numberof nonlinearequalities.

– Real-numbersrepresentation\ Self-adaptivemutationusingGaussiandistribution\ Self-adaptivemutationusingCauchydistribution\ Uniform mutationwithoutself-adaptation

5 Binary Representation

The CLONALG algorithmwith the extensionsfor handlingconstrainedoptimization
problems,wasfirst implementedusinga binaryrepresentation.Sinceotherresearchers
have reportedadvantagesof usingGraycodeswhendealingwith numericaloptimiza-
tion problems(andadoptinggeneticalgorithms)[14], we decidedto try bothversions:
normalbinaryencodingandbinaryencodingwith Graycodes.

For theseexperiments,weadoptedthefollowing parameters:

– Numberof antibodies# = 50.
– Minimum numberof infeasiblesolutionsthatmustsurvive P =2.
– Typeof mutation:uniform(sameasin thesimplegeneticalgorithm).
– Mutation rate:Clonesaresortedby their affinity valuesin a descendentmanner.

Themutationoperatorwasimplementedusinga small valueat thebeginningand
thenwe increasedit until a certainpredeterminedvaluewasreached.The initial
mutationratewas�o���GV0p qa�r� , where p�qa� is thelengthof thebinarystring.Thefinal
mutationratewassetto ��� s .

– Percentage: of replacedantibodies:0.20.
– Total numberof objective functionevaluations:238,750.



TestFunction Optimal Best Mean Worst Std.Dev
g01* -15.0 -14.8686 -14.660287 -12.789464 0.501459
g02 0.803619 0.775589 0.749575 0.683894 0.025699
g03* 1.0 0.99891 0.97078 0.92849 0.024912
g04 -30665.539-30650.00697-30460.85416-30366.9854896.1407
g05 5126.498 INF INF INF INF
g06 -6961.814 -6921.48749 -6248.9307 -6182.9937 181.4024
g07 24.306 24.80870 30.8661 35.4455 2.4353
g08 0.095825 0.095825 0.093398 0.09313 0.00080
g09 680.630 684.12886 704.87263 753.22103 17.58436
g10 7049.25 INF INF INF INF
g11 0.75 0.750295 0.865079 1.567670 0.22056
g12 1.0 0.999996 0.907750 0.725285 0.077762
g13 0.053950 INF INF INF INF

Table 2. Resultsobtainedby CLONALG usingstandardbinary representation.INF meansthat
thealgorithmconvergedto an infeasiblesolution.In the functionsmarkedwith *, theapproach
convergedto a feasiblesolutiononly in 75%of theruns.

TestFunction Optimal Best Mean Worst Std.Dev.
g01 -15.0 -15.0 -15.0 -15.0 0.0
g02 0.803619 0.760753 0.700945 0.562943 0.049646
g03 1.0 1.0 0.999688 0.997992 0.000579
g04 -30665.539-30665.504-30662.678-30658.778 1.946
g05* 5126.498 INF INF INF INF
g06 -6961.814 -6961.813 -6961.813 6961.810 0.000552
g07 24.306 24.945 27.017 30.007 1.709
g08 0.095825 0.095825 0.095825 0.095825 0.0
g09 680.630 680.727 681.649 682.853 0.599
g10* 7049.25 7451.54 8344.18 10509.34 962.58
g11 0.75 0.75 0.76 0.79 0.011
g12 1.0 1.0 1.0 1.0 0.0

g13** 0.053950 0.059553 0.059215 0.062709 0.003000

Table 3. Resultsobtainedby CLONALG using binary representationwith Gray coding. INF
meansthatthealgorithmconvergedto aninfeasiblesolution.In thefunctionsmarkedwith *, the
approachconvergedto a feasiblesolutiononly in 50%of theruns.Theuseof ** indicatescases
in which thealgorithmconvergedto a feasiblesolutiononly in 15%of theruns.



Theparametersusedto computethenumberof clones(Eq.(4)) werethefollowing:K �o� and �t�u# .
Tables2 and 3 summarizethe statisticalresultsobtainedby our binary versions

of CLONALG (with andwithout Graycoding,respectively) over30 independentruns.
Clearly, theversionthatusesGraycodingoutperformsits traditionalbinarycounterpart.
Whenstandardbinary representationis used,the algorithmis not capableof finding
feasiblesolutionsin functionsg5,g10andg13.For all theotherfunctions,areasonable
approximationto theoptimalvalueis attained.

WhenGraycodingis adopted,in 10of the13 functions,thealgorithmis capableof
reachingtheoptimalvalue.However, in functionsg5, g10,andg13,thealgorithmhas
problemsevenfor reachingthefeasibleregion,asindicatedbefore.

TestFunction Optimal Best Mean Worst
g01 -15.0 -15.0 -14.84 N.A.
g02 0.803619 0.785 0.59 N.A.
g03 1.0 1.0 0.99989 N.A.
g04 -30665.5 -30665.5-30665.5 N.A.
g05 5126.4981 5126.5 5141.65 N.A.
g06 -6961.814-6961.81-6961.81 N.A.
g07 24.306 24.3323 24.6636 N.A.
g08 0.0958250.0958250.095825N.A.
g09 680.63 680.630 680.641 N.A.
g10 7049.33 7061.13 7497.434N.A.
g11 0.75 0.75 0.75 N.A.
g12 -1.0 N.A. N.A. N.A.
g13 0.05395 N.A. N.A. N.A.

Table4. Resultsobtainedby ASCHEA[9] performing1,500,000objective functionevaluations.
N.A.=Not available

To have an idea of how competitive are the resultsproducedby our two binary
versionsof CLONALG, we presentin Table4 the resultsproducedby ASCHEA [9].
Theseresultswereobtainedwith 1,500,000objective function evaluations(let’s keep
in mind that CLONALG performedonly 238,750evaluations).It canbe clearly seen
thatCLONALG (in its two versions)is outperformedby ASCHEAin mostcases.Note
however thatASCHEAdoesnot reportresultsfor g12andg13.

Table5 the resultsproducedby StochasticRanking[16]. Theseresultswereob-
tainedwith 350,000objective functionevaluations.As canbeseenin Table5, Stochas-
tic Rankingobtainedbetter resultsfor six functions,and CLONALG outperformed
StochasticRankingonly in onetestfunction.

6 Real-NumbersRepresentation

In this Sectionwe presentour experimentsusinga versionof CLONALG with real-
numbersrepresentation.In [6], theauthorsproposedto useself-adaptingmutationpa-



TestFunction Optimal Best Mean Worst Std.Dev.
g01 -15.0 -15.0 -15.0 -15.0 0.0E+00
g02 0.803619 0.803515 0.7858 0.726288 2.0E-02
g03 1.0 1.0 1.0 1.0 1.9E-04
g04 -30665.539-30665.539-30665.539-30665.5392.0E-05
g05 5126.498 5126.497 5128.881 5142.472 3.5E+00
g06 -6961.814 -6961.814 -6875.940 -6350.262 1.6E+02
g07 24.306 24.307 24.374 24.642 6.6E-02
g08 0.095825 0.095825 0.095825 0.095825 2.6E-17
g09 680.63 680.630 680.656 680.763 3.4E-02
g10 7049.33 7054.316 7559.192 8835.655 5.3E+02
g11 0.75 0.75 0.75 0.75 8.0E-05
g12 -1.0 -1.0 -1.0 -1.0 0.0E+00
g13 0.05395 0.053957 0.067543 0.216915 3.1E-02

Table5.Resultsobtainedby theStochasticRankingalgorithm[16] performing350,000objective
functionevaluations.

rametersin CLONALG asin EvolutionStrategies(ES).In suchcase,themutationrate
is proportionalto theantibodies’affinitiesusingthefollowing equation:v �wqa-�)D�yxzQ{�/� (5)

where v is the stepsize, Q controlsits decay, and ������� is the antigenicaffinity. The
sizesof ������� and v arenormalizedover theinterval [0,1].

Basedon what we discussedin Section1, we decidedto experimentwith both,
Gaussian-distributedandCauchy-distributedrandomnumbersfor our mutationopera-
tor. Theparametervaluesadoptedfor ourexperimentswerethefollowing:

– Numberof antibodies# : 20
– Percentage: of replacedantibodies:0.20
– Objective functionevaluations:350,000

Theparametersto computethenumberof clonesusingEq.(4)werethefollowing:K �o� and �t�u# .
Theparameterto computev (Eq.(5))was: Q%�}|e�

6.1 Gaussian-distributed Mutations

In the first set of experiments,the mutationappliedto a variable ��~ (step2.d) was
computedusing: � >����~ �!� ~���� ���"� v � , where� ���"� v � is a randomnumberbetween0
and v with Gaussiandistribution.

In order to assessthe algorithm’s performanceafter this small modification,we
utilized the benchmarkdescribedin [16], asbefore.The resultsobtainedfrom 30 in-
dependentrunsusingGaussian-distributednumbersareshown in Table6. In this case,
CLONALG wasableto convergeto a feasiblesolutionin 11 of the 13 testfunctions.
Thequality of theresultsobtainedwith Gaussianmutationsis similar to thatof theal-
gorithm with traditionalbinary representation.However, the resultsareoutperformed
by CLONALG with Graycoding.



TestFunction Optimal Best Mean Worst Std.Dev.
g01 -15.0 -14.9665 -14.835 -14.559 0.0887
g02 0.803619 -0.7920 -0.710 -0.5 0.0583
g03 1.0 -0.99674 -0.551 -0.0852 0.2943
g04 -30665.5 -30665.2360-30663.09370-30661.36 1.0620
g05 5126.4981 INF INF INF INF
g06 -6961.814 -6961.1488 -6949.6321 -6928.9176 8.7312
g07 24.306 31.32150 36.041 40.3094 2.1601
g08 0.095825 -0.095825 -0.095825 -0.095825 0.0000
g09 680.63 682.94 686.4131 689.61 1.7149
g10 7049.33 7099.6346 8953.5650 12146.81231698.2081
g11 0.75 1.0 1.0 1.0 0.0000
g12 -1.0 -1.0 -1.0 -1.0 0.0000
g13 0.05395 INF INF INF INF

Table 6. Resultsobtainedby CLONALG with real-numbersrepresentation,usingGaussianmu-
tations.INF meansthatthealgorithmconvergedto aninfeasiblesolution.

6.2 Cauchy-distrib uted Mutations

TestFunction Optimal Best Mean Worst Std.Dev.
g01 -15.0 -14.4501 -13.7009 -12.7895 0.3616
g02 0.803619 -0.35507 -0.3055 -0.256481 0.0264
g03 1.0 0.0 0.0 0.0 0.0
g04 -30665.5 -30664.5824-30662.4466-30659.6513 1.3475
g05 5126.4981 INF INF INF INF
g06 -6961.814-6957.24841-6917.8961 -6854.0776 26.6042
g07 24.306 40.56171 46.04928 52.1685 3.333
g08 0.095825 -0.095825 -0.09579 -0.0957 0.0
g09 680.63 685.05423 690.51003 696.7897 2.8512
g10 7049.33 7110.1621 8138.4531 11043.2050986.6993
g11 0.75 1.0 1.0 1.0 0.0
g12 -1.0 -1.0 -1.0 -1.0 0.0
g13 0.05395 INF INF INF INF

Table 7. Resultsobtainedby CLONALG with real-numbersrepresentation,usingCauchymuta-
tions.INF meansthatthealgorithmconvergedto aninfeasiblesolution.

In our secondsetof experiments,we testedCauchy-distributedmutations,aiming
to improve the performanceof our real-numbersversionof CLONALG. In this case,
weadopted:� >'���~ ����~ � 9$���"� v � , where 9$� ��� v � is a randomnumberbetween0 andv with Cauchydistribution.

Table7 showstheresultsobtainedfrom 30independentrunsusingCauchy-distribu-
tedrandomnumbersfor ourmutationoperator. It wasquitesurprisingfor usto seethat



Cauchy-distributedmutationsproducedthe worst overall resultsfor our real-numbers
versionof CLONALG. Theseresultsseemto indicatethat the behavior producedby
Cauchy-distributedmutations(emulatinga crossover operator)is not the mostappro-
priatewhendealingwith constrainedoptimizationproblems.

7 CLONALG with Controlled and Uniform Mutations

GiventhedisappointingresultsthatweobtainedwhenusingCLONALG in constrained
optimizationproblems,wedecidedto introduceamodificationin its mutationoperator
aiming to improve thealgorithm’s performance.Consideringthat thebinaryrepresen-
tation versionwith Gray codinghad producedthe bestresultsso far, we decidedto
analyzeonly thepossiblechangesto themutationoperatorfor real-numbersrepresen-
tation.Our first modificationwasto remove the self-adaptationmechanismsuggested
in [6]. Themotivationfor thisdecisionwasthefactthatthisself-adaptationmechanism
wasapparentlydesignedfor unconstrainedproblemsandit wasn’t obvious to us how
to extendit for constrainedproblems.Thus,it would beeasierto analyzetheimpactof
any changesto themutationoperatorif this self-adaptationmechanismwasremoved.

The secondchangewas the introductionof a control mechanismthat allowed to
increasethealgorithm’scapabilityof exploring neighboringregions.This corresponds
to step2.(d)of thealgorithmshown in Section4. All theotherstepsremainedwithout
changes.In this modifiedmutationoperator, the stepsizeis a functionof themutated
variablesearchspacesize,theantibody’saffinity valueandthepopulationsize.

So,ourproposalwasto applymutationin thefollowing way:

1. For eachdecisionvariable ��~ , compute ��~�������x���� , where ��� and ���
aretheupperandlower boundsof thatvariable,respectively, and ��~ is thesearch
spacesizeof the � -th variable.

2. Compute� ~ ��� ~ V(# where# is thenumberof antibodiesin thepopulation.
3. Theclonespopulationis sortedby affinity valuesin descendingorder.
4. Themutationoperatoris appliedto eachsize-

	
clonegroupcomingfrom thesame

parent.
(a) For eachvariable � , compute��~����$~�V 	 .
(b) Apply mutationto eachvariable� ~ by using � >'���~ ��� ~�� �$���"�1� ~ � , where �

is a randomnumberin therangefrom � to � ~ with a uniformdistribution.

As thesearchprogresses,thevalue �$~ is graduallydecreased.Thepurposeof thatis
thatatthebeginningof thesearchprocesslargemutationsareappliedto theindividuals.
Then,asthe searchprogresses(andthealgorithmstartsconverging to a solution),the
mutationswill becomesmallerandsmaller.

The sortingprocessmentionedin step3 is accomplishedby placingat the top of
thelist theantibodiesthatarefeasibleandhavethebestobjectivefunctionvalues.After
that,weplacetheinfeasiblesolutionsthathavethelowestamountof constraintviolation
andsoon.Notehow thestepsizesof thismutationoperatordependontherangeof each
decisionvariable,on thesizeof theantibodies’populationandon their affinity.

As mentionedearlier, higheraffinity antibodiesareallowedto generatemoreclones	
(seestep2.(c) from thealgorithmin Section4). Basedon this fact, in step4.(a)we



obtainsmallerstepsizeswhen
	

is large.Wearguethatthismutationoperatorincreases
theexploratorycapabilitiesof thealgorithm.

TestFunction Optimal Best Mean Worst Std.Dev.
g01 -15.0 -14.9874 -14.7264 -12.9171 0.6070
g02 0.803619 -0.8017 -0.7434 -0.6268 0.0414
g03 1.0 -1.000 -1.000 -1.000 0.0000
g04 -30665.539-30665.5387-30665.5386-30665.5386 0.0000
g05* 5126.498 5126.9990 5436.1278 6111.1714 300.8854
g06 -6961.814 -6961.8105 -6961.8065 -6961.7981 0.0027
g07 24.306 24.5059 25.4167 26.4223 0.4637
g08 0.095825 -0.095825 -0.095825 -0.095825 0.0000
g09 680.63 680.6309 680.6521 680.6965 0.0176
g10 7049.33 7127.9502 8453.7902 12155.13581231.3762
g11 0.75 0.75 0.75 0.75 0.0000
g12 -1.0 -1.0 -1.0 -1.0 0.0000
g13 0.05395 0.05466 0.45782 1.49449 0.37900

Table 8. Resultsobtainedby CLONALG with real-numbersrepresentationandcontrolleduni-
form mutation.The asterisk(*) indicatesa casein which only 90% of the runsconvergedto a
feasiblesolution.

Our third setof experimentswasperformedon the samesetof test functionsas
before.However, in this case,our CLONALG implementationperformed350,000ob-
jectivefunctionevaluations.Thesummaryof results(from 30 independentruns)is pre-
sentedin Table8. It is clearthat thenew mutationmechanismproduceda remarkable
improvementin theresults.In thiscase,thealgorithmwasableto reachtheoptimal(or
bestknown) solutionin 8 of the13testfunctionsadopted.Theseresultsarecompetitive
with respectto bothASCHEA andStochasticRanking.1

Our resultsseemto suggestthat theuseof local search(i.e., smallstepsizesin the
mutationoperator)hasa moresignificantimpacton performancewhendealingwith
constrainedsearchspaces.This contrastswith the caseof unconstrainedmultimodal
optimization,in which largestepsizesarepreferred,to avoid convergingto a local op-
timum [18]. However, other issuessuchasthe mostproperbalancebetweenfeasible
andinfeasiblesolutions(i.e., to avoid having only feasiblesolutionsat any timeduring
the searchprocess)remainto be explored(we have adopteda user-definedparameter
in our approach,but evidently other alternativesneedto be explored).This issuein
particular, hasbeenfound to have a very significantimpacton performancewhenus-
ing evolutionaryalgorithmsfor solvingconstrainedoptimizationproblems[9, 16] and
thereforeits importance.

1 It is worth rememberingthatASCHEA performsa muchhighernumberof objective function
evaluationsthanourapproach.



8 Conclusionsand Future Work

We have presenteda study of the useof the CLONALG approachfor solving con-
strainedoptimizationproblems.As partof our study, we have experimentedwith both
binary andreal-numbersrepresentation.In the caseof binary representation,we also
studiedthe impactof Graycoding,which we foundto bepositive in termsof theper-
formanceof CLONALG.

Regardingreal-numbersencoding,weanalyzedtheuseof bothGaussianandCauchy
randomnumbers.Surprisingly, the useof Cauchy-distributedmutations(which have
beenfoundusefulin unconstrainednumericaloptimization)resultedin theworstover-
all performanceof CLONALG.

Thepoor resultsobtainedin our experimentsled us to proposean alternative mu-
tationoperatorfor real-numbersrepresentation.In our proposedmutationoperator, the
stepsizedependsnot only of theantibodies’affinity, but alsoof theallowablerangeof
eachdecisionvariableandof thesizeof theantibodies’population.This mutationop-
eratorwasimplementedusingrandomnumberswith auniformdistribution.As seenin
our results,theuseof this operatorsignificantlyimprovedtheperformanceof CLON-
ALG with real-numbersrepresentation.

Although thereis evidently more room for improvement(we still cannotoutper-
form StochasticRanking),the main aim of this paperwasto point out the needto do
moreresearchonthepotentialuseof CLONALG (andotherartificial immunesystems)
for constrainedoptimization.As we have seenin this paper, themechanismsthathave
beenproposedfor unconstrainedoptimization(even if dealingwith multimodalfunc-
tions)arenotnecessarilythemostappropriatefor dealingwith constrainedoptimization
problems.However, wehavealsoseenthatthesearchcapabilitiesof algorithmssuchas
CLONALG canberegulatedthroughamorecarefullydesignedmutationoperatorasto
provide a competitive performancein constrainedoptimization.However, otherissues
suchasrobustness,balancebetweenfeasibleandinfeasiblesolutionsandhow sensitive
thealgorithmis to theparametersgivenremainaspartof our futurework.
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