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Abstract. In this paper we presenta study of the useof an artificial immune
system(CLONALG) for solving constrainedylobal optimizationproblems.As

partof this study we evaluatethe performancef the algorithmbothwith binary
encodingandwith real-numbergncoding Additionally, we alsoevaluatetheim-

pactof the mutationoperatorin the performanceof the approachby comparing
Cauchyand Gaussiarmutations.Finally, we proposea new mutationoperator
which significantlyimprovesthe performanceof CLONALG in constrainedp-

timization.

1 Intr oduction

Many bio-inspiredalgorithms(particularly evolutionary algorithms)have beenvery
successfuin the solutionof a wide variety of optimizationproblemg3]. However, all
of theseapproacheéincludingevolutionaryalgorithmsandartificial immunesystems),
whenusedfor numericaloptimization,canbe seerasunconstrainedearchechniques.
This meanghatthey requirea suitablemechanismio incorporateconstraintssuchthat
they candealwith thegenerahonlinearoptimizationproblem.

Within evolutionary algorithms (EAs), external penalty functions have beenthe
most popularmechanismadoptedto incorporateconstraintsinto the fithessfunction
[17]. Theideaof anexternalpenaltyfunctionis to “punish” (or penalize)a solutionfor
beinginfeasibleby increasingts fithessvalue(whensolvinga minimizationproblem).
Despitetheir popularity penaltyfunctionshave severalproblemsfrom which themain
onerelatesto the difficultiesto defineaccuratepenaltyfactors.A large penaltyvalue
discourageghe exploration of the infeasibleregion sincethe very beginning of the
searchprocesqthis may causedifficulties whendealing,for example,with a disjoint
feasibleregion). On the otherhand,if the penaltyvalueis too low, a lot of the search
timewill bespentexploringtheinfeasibleregion becausehe penaltywill benegligible
with respecto the objective function.

RecentlyseveralresearcherBave proposeatonstraint-handlingechniquegor EAs
whichavoid theuseof apenaltyfunctionor donotrequireary fine-tuningof the penalty
factord11,16,7,9]. Suchapproachebave beerfoundto outperformtraditionalpenalty
functionsandcanhandleall typesof constraintglinear, nonlinearequality inequality).



Themainmotivationof thework presentedh this paperwasto explorethe capabil-
ities of an artificial immunesystemin the context of constrainedylobal optimization.
For thatsale, we decidedo adoptthealgorithmbasedn the clonalselectionprinciple
(calledCLONALG) whichis describedn [4,6]. CLONALG wasproposedhsalearn-
ing algorithmparticularly well-suitedfor solving patternrecognitionand multimodal
optimizationproblems .However, asfar aswe know, it hasnt beenproperlyvalidated
in the context of constrainedylobal optimization.

CLONALG is apopulation-basedlgorithmandits only variationoperatoris muta-
tion. Evidently, the main searchpower of CLONALG relieson this mutationoperator
andtherefore suchoperatothecamehe mainfocusof our study

Thereis well-documenteavidence(in the specializediterature)of the superiority
of evolution stratgjies(overgeneticalgorithms)in constraineaptimization[16]. Also,
we wereawareof theproposaby YaoandLiu [18] of adoptingCauchy-distrilatedran-
domnumberdor anevolution stratayy, insteadof thetraditionalGaussiardistribution.
Yao andLiu [18] found thatthis probability distribution allowed the mutationopera-
tor of an evolution stratgy to behae asa sort of crosswer operatoy thusimproving
the performanceof the algorithmin (unconstrainedhumericaloptimizationproblems
(including multimodal functions). Apparently this behaiior was dueto the fact that
Cauchy-distrintedrandomnumbersallow relatively coarse-grainedteps which con-
trastwith thefine-grainedstepsof thetraditionalGaussian-distribtedrandomnumbers.

Thus,beingawareof this work, we decidedto incorporateCauchy-distrilntedran-
domnumberdnto CLONALG. We hypothesizedhatthis would considerablymprove
the performanceof CLONALG in constrainedptimization(with respecto the useof
Gaussiammutations).However, the results(aswe will seelateron) wereratherdisap-
pointingandled usto proposeour own mutationoperatomwhich turnedoutto bebetter
thanary of thetwo otheroperatorsnitially adoptedFinally, we alsoevaluatedCLON-
ALG with binary encoding,in orderto assesshe impactof the representatioin the
performancef theapproacHin the context of constraineaptimization).

The remainderof the paperis organizedasfollows. In Section2, we definethe
problemwe wantto solve. Section3 describesomepreviousrelatedwork. In Sectiord,
we describethe modificationsdoneto CLONALG sothatit canhandleconstraintsin
Sectionb, we presenbur experimentsadoptinga binary representatioboth with and
without Gray coding).In Section6, we reportour experimentsadoptingreal-numbers
representatioifadoptingdifferentmutationoperators)In Section7, somechangego
CLONALG's mutationoperatorare proposedour resultsare presentedand they are
discussedFinally, in Section8, our conclusionsand somepossiblepathsfor future
researclareprovided.

2 Statementof the Problem

Theproblemthatwe wantto solveis thegenerahonlineaprogrammingproblemwhich
is definedasfollows:

Find « which optimizesf (x) (1)



subjectto:

gl(m)s()? i=1,...,n (2)
hj(x)=0, j=1,...,p 3
wherez is the vectorof solutions(or decisionvariables)e = [z1,2,...,z,]*, n is

thenumberof inequalityconstraint@andp is thenumberof equalityconstraintgin both
casesconstraintsouldbelinearor nonlinear).

3 Previous RelatedWork

We wereableto find very few papersn which the mainfocuswasthe solutionof con-
strainedglobal optimizationproblemsusingan artificial immunesystems Suchwork
is briefly describedext.

Hajelaand Yoo [19, 8] proposeda hybrid betweena GeneticAlgorithm (GA) and
anartificialimmunesystemaimingto solve constraine@ptimizationproblemsin this
approachthe authorsadoptedwo populationsThefirst is composedy the antigens
(which are the bestsolutions),and the other by the antibodies(which are the worst
solutions).Theideais to havreaGA embeddedhto anotheiGA. TheouterGA performs
the optimizationof the original (constrainedproblem.The secondGA is run for afew
generationsandusesasits fithessfunctiona Hammingdistancgbinary encodingwas
adoptedor the GA) sothattheantibodiesareevolvedto becomé'very similar” (atthe
genotypiclevel) to the antigenswithout becomingidentical. The interestingeffect of
this evolutionwasthattheinfeasibleindividualswould normally becomeeasible.This
approactwastestedwith somestructuraloptimizationproblems.

Kelsgy andTimmis[10] proposed@nimmuneinspiredalgorithmbasedntheclonal
selectiontheoryto solve multimodal optimisationproblems.ts highlight is the muta-
tion operatorcalled”Somatic ContiguousHypermutation"wheremutationis applied
on a subsetf contiguousbits. The lengthandbeginning of this subsets determined
randomly

Coello Coelloand Cruz-Cores|[2] proposedan extensionof Hajelaand Yoo's al-
gorithm. In this proposalno penaltyfunctionis required(asin the original approach),
andsomeextramechanismaredefinecdto allow theapproacho workin casesn which
thereareno feasiblesolutionsin theinitial generation Additionally, the authorspro-
poseda parallelversionof thealgorithmandvalidatedit usingsomestandardestfunc-
tionsreportedn the specializediterature.

Balicki’s proposal[1] is very similar to the two previous approachedts maindif-
ferenceis the way in which the antibodies’fitnessis computed.n this case, Balicki
introducesarankingprocedureThis approaclwasvalidatedusinga constrainedhree-
objective optimizationproblem.

Luh and Chueh[13,12] proposedan algorithm (called CMOIA, or Constrained
Multi Objective ImmuneAlgorithm) for solving constrainednulti-objective optimiza-
tion problemsIn this casetheantibodys populationis composedy thepotentialsolu-
tionsto the problem,whereasantigensarethe objective functions.CMOIA transforms
the constrainegorobleminto an unconstraine@neby associatingninterleukine(IL)
valuewith all theconstraintwiolated.IL is afunctionof boththenumberof constraints



violatedandthe total magnitudeof this constraintviolation (notethatthis IL function
is actuallya penaltyfunction). Then,feasibleindividuals are rewardedandinfeasible
individualsare penalized Otherfeaturesof the approachwerebasedon the clonal se-
lection theory and otherimmunologicalmechanismsCMOIA was evaluatedthrough
six testfunctionsandtwo structuraloptimizationproblems.

4 Clonal SelectionAlgorithm for Constrained Optimization

NunesandVon Zuben[4, 6] proposedhe CLONALG algorithm,which is inspiredin
the clonal selectiontheoryof theimmunesystem CLONALG wasusedby its authors
to solve patternrecognitionandmultimodaloptimizationproblems.

Next, we will describethe main elementghat comprisethe generalframework of
ary biological-inspiredsystemasdescribedn [5] andconsideringthe context of con-
strainedoptimization:

— Representation of the components Antigens are representedy the objective
function f(x) that we wantto optimize (minimize or maximize)and antibodies
arerepresentedly the variablesof the problem(z) which arepotentialsolutions.

— Mechanismsto evaluate the interaction amongindividuals and their envir on-
ment: antibodys affinity correspondgo the evaluationof the objective function
givenby theantigen.

— Adaptation Procedures Theclonalselectiontheoryof theimmunesystem.

Now, we will briefly describehe CLONALG algorithm[6]:

1. Generatg antibodiegandomly
2. Repeat predeterminediumberof times:

(a) Determinethe affinity of eachantibody(Ab). This affinity correspondso the
evaluationof the objectie function.

(b) Selectthen highestaffinity antibodies.

(c) Then selectedantibodieswill beclonedproportionallyto their affinities, gen-
eratinga repertoryC' of clones:the higherthe affinity is, the higherbecomes
the numberof clonesgeneratedor eachof then selectedantibodies.

(d) The clonesfrom C' are subjectto a hypermutationprocessnverselypropor
tionalto their antigenicaffinity: the highertheaffinity, thesmallerthemutation
rate.

(e) Determinetheaffinity of themutatedclonesC.

(f) From this setC of clonesand antibodies(Ab), selectthe j highestaffinity
clonesto composehe new antibodies’population.

(g) Replacethe d lowestaffinity antibodiesby new individualsgeneratedt ran-
dom.

3. Endrepeat

Thenumberof clonesgeneratedrom then selectedantibodieds givenby:

Nc= iround (@) 4)

=0



whereN¢ is thetotal numberof clones,andg is amultiplier factor(generallyequalto
1).

In orderto apply CLONALG to constrainedptimizationproblemswe introduced
thefollowing changes:

— In step2.(a),it is necessaryhateachantibodyevaluateghe objective function,and
the constraintof the problemin orderto know if it is afeasiblesolutionor not.

— In step2.(b), the antibodies’affinity is definednot only by the objectie function
value,but also basedon feasibility or infeasibility, consideringthat feasibleindi-
viduals musthave a higher affinity value.Within this group,the bestindividuals
are thosewhoseobjective function valueis best(i.e., the larger value if we are
maximizing). Within the group of infeasibleindividuals, thosehaving the lowest
constraintviolation quantitywill obtainthe highestaffinity values(sincethey are
closestto thefeasibleregion).

— In step2.(f), whenthe individualsthatwill male it for the next generatiorarede-
termined,it is necessaryo ensurehatatleastq infeasibleindividualswill survive
(¢ is a userdefinedparameter)This is becausave wantto promotea reasonable
diversityrightin theboundarybetweerthefeasibleandtheinfeasibleregion (thisis
donebecausét is known thatthe mostdifficult constrainedptimizationproblems
for EAs arethosein whichtheglobaloptimumis locatedpreciselyin the boundary
betweerthefeasibleandtheinfeasibleregions).

— In step2.(g), the criterion that determineshe individuals who will be replaced
is driven by feasibility criteria aswell. That meansthat if infeasibleindividuals
becomea majority, moreof themwill bereplacedandvice versa.

In orderto assesshe performanceof CLONALG in constrainedptimization,we
conductedh setof experimentausingdifferentrepresentationandmutationoperators.
For theseexperimentswe adoptedhe benchmarloriginally proposedn [15] andex-
tendedin [16]. Thetestfunctionschosercontaincharacteristicthatarerepresentatie
of what canbe considered‘difficult” global optimizationproblemsfor an evolution-
ary algorithm (or ary otherbio-inspiredalgorithmusedfor global optimization).The
mathematicatlescriptionof thesetestfunctionscanbefoundin [16].

To getan estimateof how difficult is to generatdeasiblepointsthrougha purely

randomprocesswe computedhe p metricfor the 13 testfunctionsof the benchmark
(assuggestethy Michalewicz andSchoenau€l5]) usingthe expression:
p = |F|/|S|, where|S| is thenumberof randomsolutionsgeneratedS = 1,000, 000
in our case),and |F| is the numberof feasiblesolutionsfound (out of the total |S]|
solutionsrandomlygenerated)The valuesof p for eachof the functionschosenare
shovnin Tablel.

CLONALG wascomparedvith respecto two approachethatarerepresentatie of
the state-of-the-arin constraineaptimization:StochastidRanking[16] andthe Adap-
tive SegregationalConstraintHandling Evolution Strateyy (ASCHEA) [9].

Theversionshatwereevaluatedarethefollowing:

— Binaryrepresentation
e Standard
e Graycoding



|Problem| n [Typeoffunction] ~ p  [LI[NI[LE|NE]

g01 |13 guadratic 0.0003%|9 0|0]|0
g02 [200 nonlinear 199.9973%| 1|1]0] 0
g03 [10] nonlinear ]0.0026% [0]0] 0] 1
g04 |5 quadratic  [27.0079%| 06| 0| O
g05 |4 nonlinear | 0.0000% |[2{0| 0| 3
go6 |2 nonlinear | 0.0057% [0(2[ 0| O
g07 |10 quadratic | 0.0000% |35 0| 0
g08 |2 nonlinear | 0.8581% |0(2|0| 0
g09 |7 nonlinear |0.5199% (0|40 |0
gl0 |8 linear 0.0020% | 33| 0| 0
gl1 |2 quadratic | 0.0973% |0|(0| 0| 1
gl2 |3 quadratic | 4.7697% |0[9%[ 0] O
913 |5 nonlinear | 0.0000% |[0|0| 1| 2

Table 1. Valuesof p for the 13 testproblems.n=numberof decisionvariables,LI=number of
linear inequalities,NI=numberof nonlinearinequalities,LE=numberof linear equalitiesand
NE=numberf nonlinearequalities.

— Real-numbersepresentation

¢ Self-adaptie mutationusingGaussiardistribution
¢ Self-adaptie mutationusingCauchydistribution
¢ Uniform mutationwithout self-adaptation

5 Binary Representation

The CLONALG algorithmwith the extensionsfor handlingconstrainedptimization
problemswasfirstimplementedisinga binaryrepresentatiorSinceotherresearchers
have reportedadvantage®f using Gray codeswhendealingwith numericaloptimiza-
tion problems(andadoptinggeneticalgorithms)[14], we decidedto try bothversions:
normalbinary encodingandbinaryencodingwith Graycodes.

For theseexperimentswe adoptedhefollowing parameters:

— Numberof antibodiesj = 50.

— Minimum numberof infeasiblesolutionsthatmustsurvive g=2.

— Typeof mutation:uniform (sameasin the simplegeneticalgorithm).

— Mutation rate: Clonesare sortedby their affinity valuesin a descendentanner
The mutationoperatorwasimplementedusinga small value at the beginning and
thenwe increasedt until a certainpredeterminedialue was reachedThe initial
mutationratewas= (1/len), wherelen is thelengthof thebinarystring. Thefinal
mutationratewassetto 0.3.

— Percentagd of replacedantibodies0.20.

— Total numberof objective functionevaluations238,750.



TestFunctionn Optimal Best Mean Worst Std.Dev
go1* -15.0 -14.8686 | -14.660287| -12.789464|0.501459
g02 0.803619| 0.775589 | 0.749575 | 0.683894 |0.025699
go3* 1.0 0.99891 0.97078 0.92849 |0.024912
go4 -30665.539-30650.0069[F30460.8541 630366.9854B96.1407
g05 5126.498 INF INF INF INF
g06 -6961.814 -6921.48749 -6248.9307| -6182.9937 181.40241
go7 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 17.5843@5
glo 7049.25 INF INF INF INF
gli 0.75 0.750295 | 0.865079 | 1.567670 |0.22056
gl2 1.0 0.999996 | 0.907750 | 0.725285 0.07776}2
913 0.053950 INF INF INF INF

Table 2. Resultsobtainedby CLONALG usingstandardbinary representationNF meansthat
the algorithmcorvergedto aninfeasiblesolution.In the functionsmarked with *, the approach
corvergedto afeasiblesolutiononly 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
go4 -30665.53 3-30665.50{1»30662.67#}30658.7713 1.946
g05* 5126.498 INF INF INF INF
g06 -6961.814 -6961.813| -6961.813 6961.810 0.0005542
g07 24.306 24.945 27.017 30.007 1.709

gos8 0.095825| 0.095825| 0.095825| 0.095825| 0.0
g09 680.630 | 680.727 | 681.649 | 682.853 | 0.599
glo* 7049.25 | 7451.54 | 8344.18 | 10509.34| 962.58
gl1 0.75 0.75 0.76 0.79 0.011
gl2 1.0 1.0 1.0 1.0 0.0
gl3** 0.053950| 0.059553| 0.059215| 0.062709|0.003000

Table 3. Resultsobtainedby CLONALG using binary representationith Gray coding. INF

meanghatthealgorithmconvergedto aninfeasiblesolution.In thefunctionsmarkedwith *, the
approacltorvergedto afeasiblesolutiononly in 50%of theruns.Theuseof ** indicatescases
in whichthealgorithmcorvergedto afeasiblesolutiononly in 15%of theruns.



Theparametersisedto computethe numberof clones(Eq. (4)) werethefollowing:
B =1andn =j.

Tables2 and 3 summarizethe statisticalresultsobtainedby our binary versions
of CLONALG (with andwithout Gray coding,respectiely) over 30 independentuns.
Clearly, theversionthatusesGraycodingoutperformsts traditionalbinarycounterpart.
When standardbinary representatioiis used,the algorithmis not capableof finding
feasiblesolutionsin functionsg5,g10andg13.For all theotherfunctions,areasonable
approximatiorto the optimalvalueis attained.

WhenGray codingis adoptedin 10 of the 13 functions,the algorithmis capableof
reachingthe optimal value.However, in functionsg5, g10,andg13,the algorithmhas
problemsevenfor reachinghefeasibleregion, asindicatedbefore.

TestFunctior] Optimal | Best Mean (Worst

go1 -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.
go4 -30665.5|-30665.9-30665.5 N.A.

g05 5126.498]1 5126.5| 5141.65| N.A.
g06 -6961.814-6961.81-6961.81 N.A.

g07 24.306 | 24.3323| 24.6636| N.A.
go8 0.095825 0.09582$0.09582$ N.A.
g09 680.63 | 680.630| 680.641| N.A.
gl10 7049.33| 7061.13 7497.4341N.A.
gl1 0.75 0.75 0.75 |N.A.
gl2 -1.0 N.A. N.A. |N.A.

g13 0.05395| N.A. N.A. |N.A.

Table 4. Resultsobtainedoy ASCHEA [9] performingl1,500,000bjective functionevaluations.
N.A.=Not available

To have an idea of how competitve are the resultsproducedby our two binary
versionsof CLONALG, we presentin Table4 the resultsproducedoy ASCHEA [9].
Theseresultswere obtainedwith 1,500,0000bjective function evaluations(let's keep
in mind that CLONALG performedonly 238,750evaluations).It canbe clearly seen
that CLONALG (in its two versions)s outperformedy ASCHEA in mostcasesNote
howeverthat ASCHEA doesnot reportresultsfor g12andg13.

Table 5 the resultsproducedby StochasticdRanking[16]. Theseresultswere ob-
tainedwith 350,0000bjective functionevaluations As canbeseenin Table5, Stochas-
tic Ranking obtainedbetter resultsfor six functions,and CLONALG outperformed
StochastidRankingonly in onetestfunction.

6 Real-NumbersRepresentation

In this Sectionwe presentour experimentsusing a versionof CLONALG with real-
numbergepresentationn [6], the authorsproposedo useself-adaptingnutationpa-



TestFunctior) Optimal Best Mean Worst |Std.Dev.

go1 -15.0 -15.0 -15.0 -15.0 |0.0E+0Q
g02 0.803619| 0.803515| 0.7858 | 0.726288| 2.0E-02
g03 1.0 1.0 1.0 1.0 1.9E-04

go4 -30665.53?—30665.53 D-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
glo0 7049.33 | 7054.316| 7559.192| 8835.655|5.3E+02
gl1 0.75 0.75 0.75 0.75 | 8.0E-05
gl2 -1.0 -1.0 -1.0 -1.0 |0.0E+00

913 0.05395 | 0.053957| 0.067543| 0.216915| 3.1E-02

Table5. Resultobtainedy the Stochastidkankingalgorithm[16] performing350,0000bjective
functionevaluations.

rametersn CLONALG asin Evolution Stratgies(ES).In suchcase the mutationrate
is proportionalto the antibodies’affinities usingthe following equation:

a = exp(—pf) ()

wherea is the stepsize, p controlsits decay and f(x) is the antigenicaffinity. The
sizesof f(x) anda arenormalizedovertheinterval [0,1].

Basedon what we discussedn Sectionl, we decidedto experimentwith both,
Gaussian-distribtedand Cauchy-distribtedrandomnumbersfor our mutationopera-
tor. The parametevaluesadoptedor our experimentsverethefollowing:

— Numberof antibodiesj: 20
— Percentagd of replacedantibodies0.20
— Objectie functionevaluations:350,000

The parameterso computethe numberof clonesusingEq.(4) werethe following:
g =1landn =j.
Theparameteto computex (Eq.(5))was:p = 20

6.1 Gaussian-distributed Mutations

In the first setof experiments the mutationappliedto a variablex; (step2.d) was
computedusing:z}*” = x + G(0, ), whereG(0, «) is arandomnumberbetweerD
anda with Gaussiardistribution.

In orderto assesghe algorithm’s performanceafter this small modification,we
utilized the benchmarldescribedn [16], asbefore.The resultsobtainedfrom 30 in-
dependentunsusingGaussian-distriltednumbersareshavn in Table®6. In this case,
CLONALG wasableto convergeto afeasiblesolutionin 11 of the 13 testfunctions.
The quality of the resultsobtainedwith Gaussiammutationsis similar to thatof theal-
gorithmwith traditionalbinary representationHowever, the resultsare outperformed
by CLONALG with Graycoding.



TestFunctior] 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 -30665.236p30663.0937p-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
gl0 7049.33| 7099.6346| 8953.5650(12146.81281698.2081
gl1l 0.75 1.0 1.0 1.0 0.0000
gl12 -1.0 -1.0 -1.0 -1.0 0.0000
gl3 0.05395 INF INF INF INF

Table 6. Resultsobtainedby CLONALG with real-numbersepresentatiorysingGaussianmu-
tations.INF meanghatthe algorithmcorvergedto aninfeasiblesolution.

6.2 Cauchy-distrib uted Mutations

TestFunctior) Optimal Best Mean Worst  |Std.Dev.
go1 -15.0 -14.4501 | -13.7009 | -12.7895 | 0.3616
g02 0.803619 -0.35507 | -0.3055 | -0.256481| 0.0264
go3 1.0 0.0 0.0 0.0 0.0
go4 -30665.5(-30664.582 430662.446{530659.6513 1.3475
g05 5126.4981[ INF INF INF INF
go6 -6961.814-6957.2484{-6917.8961] -6854.0776 26.6042
go7 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
glo 7049.33| 7110.1621| 8138.4531 11043.205(986.69913
gli 0.75 1.0 1.0 1.0 0.0
gl2 -1.0 -1.0 -1.0 -1.0 0.0
913 0.05395 INF INF INF INF

Table 7. Resultsobtainedby CLONALG with real-numbersepresentationysingCauchymuta-
tions.INF meanghatthe algorithmconvergedto aninfeasiblesolution.

In our secondsetof experimentswe testedCauchy-distrilbited mutations,aiming
to improve the performanceof our real-numbersersionof CLONALG. In this case,
we adoptedz}*” = x, + C(0, ), whereC(0, «) is arandomnumberbetweerD and
a with Cauchydistribution.

Table7 shavstheresultsobtainedrom 30independentunsusingCauchy-distril-
tedrandomnumberdor our mutationoperatorlt wasquite surprisingfor usto seethat



Cauchy-distrilnted mutationsproducecdthe worst overall resultsfor our real-numbers
versionof CLONALG. Theseresultsseemto indicatethat the behaior producedby
Cauchy-distrilbited mutations(emulatinga cross@er operator)is not the mostappro-
priatewhendealingwith constrainedptimizationproblems.

7 CLONALG with Controlled and Uniform Mutations

Giventhedisappointingesultsthatwe obtainedvhenusingCLONALG in constrained
optimizationproblemswe decidedo introducea modificationin its mutationoperator
aimingto improve the algorithm’s performanceConsideringthatthe binary represen-
tation versionwith Gray coding had producedthe bestresultsso far, we decidedto
analyzeonly the possiblechangego the mutationoperatorfor real-numbersepresen-
tation. Our first modificationwasto remove the self-adaptatiormechanisnsuggested
in [6]. Themotivationfor this decisionwasthefactthatthis self-adaptatioomechanism
wasapparentlydesignedor unconstraineghroblemsandit wasnt obviousto us how
to extendit for constrainegroblemsThus,it would be easierto analyzetheimpactof
ary changedo the mutationoperatotif this self-adaptatiomechanisnwasremoved.

The secondchangewas the introductionof a control mechanisnthat allowed to
increasethe algorithm’s capabilityof exploring neighboringregions. This corresponds
to step2.(d) of thealgorithmshavn in Section4. All the otherstepsremainedwithout
changesin this modified mutationoperatoy the stepsizeis a function of the mutated
variablesearchspacesize,theantibodys affinity valueandthe populationsize.

So,our proposalwasto applymutationin thefollowing way:

1. For eachdecisionvariablexy, computeR, = UB — LB, whereUB and LB
arethe upperandlower boundsof thatvariable,respectiely, and Ry, is the search
spacesizeof the k-th variable.

2. Computed, = Ry /j wherej is thenumberof antibodiesn the population.

3. Theclonespopulationis sortedby affinity valuesin descendingrdet

4. Themutationoperatoris appliedto eachsizey clonegroupcomingfrom the same
parent.

(a) For eachvariablek, computed, = Ag/g.
(b) Apply mutationto eachvariablex, by usingz¢” = x + U(0, dx), whereU
is arandomnumberin therangefrom 0 to §; with a uniform distribution.

Asthesearctprogresseshevalue Ay, is graduallydecreasedlhepurposeof thatis
thatatthebeginningof thesearctprocessargemutationsareappliedto theindividuals.
Then,asthe searchprogressegandthe algorithmstartscorverging to a solution),the
mutationswill becomesmallerandsmaller

The sorting processmentionedin step3 is accomplishedy placingat the top of
thelist theantibodieghatarefeasibleandhave the bestobjective functionvalues After
that,we placetheinfeasiblesolutionsthathave thelowestamountof constrainviolation
andsoon. Notehow the stepsizesof this mutationoperatordependntherangeof each
decisionvariable,on thesizeof theantibodies’populationandon their affinity.

As mentioneckarlier, higheraffinity antibodiesareallowedto generatenoreclones
g (seestep2.(c) from the algorithmin Section4). Basedon this fact, in step4.(a)we



obtainsmallerstepsizeswhenyg is large. We arguethatthis mutationoperatolincreases
the exploratorycapabilitiesof the algorithm.

TestFunctior) 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
go4 -30665.539-30665.538|-30665.5386-30665.5386 0.0000
go5* 5126.498| 5126.9990| 5436.1278| 6111.1714| 300.8854
g06 -6961.814| -6961.8105 -6961.8065 -6961.7981 0.0027
go7 24.306 | 24.5059 | 25.4167 | 26.4223 | 0.4637
go8 0.095825| -0.095825| -0.095825| -0.095825| 0.0000
g09 680.63 | 680.6309 | 680.6521 | 680.6965| 0.0176
gl0 7049.33 | 7127.9502| 8453.7902| 12155.13581231.376
gl1 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-numbersepresentatiomnd controlleduni-
form mutation.The asterisk(*) indicatesa casein which only 90% of the runscornvergedto a
feasiblesolution.

Our third setof experimentswas performedon the sameset of testfunctionsas
before.However, in this case,our CLONALG implementatiorperformed350,0000b-
jective functionevaluations The summaryof results(from 30 independentuns)is pre-
sentedn Table8. It is clearthatthe nev mutationmechanisnproduceda remarkable
improvementn theresults.In this casethealgorithmwasableto reachthe optimal (or
bestknown) solutionin 8 of the 13 testfunctionsadoptedTheseresultsarecompetitive
with respecto both ASCHEA andStochasticRanking?

Ourresultsseemto suggesthatthe useof local search(i.e., smallstepsizesin the
mutationoperator)hasa more significantimpacton performancevhen dealingwith
constrainedsearchspacesThis contrastswith the caseof unconstrainednultimodal
optimization,in which large stepsizesarepreferredto avoid corvergingto alocal op-
timum [18]. However, otherissuessuchasthe mostproperbalancebetweenfeasible
andinfeasiblesolutions(i.e., to avoid having only feasiblesolutionsat ary time during
the searchprocessyemainto be explored (we have adopteda userdefinedparameter
in our approachput evidently other alternatves needto be explored). This issuein
particular hasbeenfoundto have a very significantimpacton performancevhenus-
ing evolutionaryalgorithmsfor solving constrainedptimizationproblems[9, 16] and
thereforeits importance.

11t is worth rememberinghat ASCHEA performsa muchhighernumberof objective function
evaluationgthanour approach.



8 Conclusionsand Future Work

We have presentedh study of the useof the CLONALG approachfor solving con-
strainedoptimizationproblems As partof our study we have experimentedvith both
binary andreal-numbersepresentationin the caseof binary representationye also
studiedthe impactof Gray coding,which we foundto be positive in termsof the per
formanceof CLONALG.

Regardingreal-numbergncodingwe analyzedheuseof bothGaussiamndCauchy
randomnumbers.Surprisingly the use of Cauchy-distrilited mutations(which have
beenfoundusefulin unconstrainetumericaloptimization)resultedn theworstover
all performancef CLONALG.

The poor resultsobtainedin our experimentded us to proposean alternatve mu-
tation operatorfor real-numbersepresentatiorin our proposednutationoperatorthe
stepsizedependsot only of the antibodies’affinity, but alsoof the allowablerangeof
eachdecisionvariableandof the sizeof the antibodies’population.This mutationop-
eratorwasimplementedusingrandomnumberswith a uniformdistribution. As seenin
our results,the useof this operatorsignificantlyimprovedthe performanceof CLON-
ALG with real-numbersepresentation.

Although thereis evidently more room for improvement(we still cannotoutper
form StochastidRanking),the main aim of this paperwasto point out the needto do
moreresearctonthe potentialuseof CLONALG (andotherartificialimmunesystems)
for constrainedptimization.As we have seenin this paper the mechanismshathave
beenproposedor unconstraineaptimization(evenif dealingwith multimodalfunc-
tions)arenotnecessarilghemostappropriatdor dealingwith constraine@ptimization
problemsHowever, we have alsoseerthatthe searctcapabilitiesof algorithmssuchas
CLONALG canberegulatedthrougha morecarefullydesignednutationoperatorasto
provide a competitive performancen constrainedptimization.However, otherissues
suchasrobustnesshalancebetweerfeasibleandinfeasiblesolutionsandhow sensitve
thealgorithmis to the parametergiivenremainaspartof our futurework.
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