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Abstract. A culturalalgorithmfor constrainedptimizationis proposedn this

paper Themainnovel featureof this approachs the useof differentialevolution

asa populationspace Differentialevolution hasbeenfoundto be very effective

when dealingwith real valued optimizationproblems.The knowledge sources
containedin the belief spaceof the cultural algorithmare specificallydesigned
accordingto the differentialevolution population.Furthermoreye introducean

influencefunctionthatselectshe sourceof knowvledgeto applytheevolutionary
operatorsSuchinfluencefunction considerablymprovesthe performanceavhen

comparedo apreviousversionof thealgorithm(developedby the sameauthors).
We usea well-known setof testfunctionsto validatethe approachandcompare
the resultswith respecto the bestconstraint-handlingechniqueknown to date
in evolutionaryoptimization.

1 Intr oduction

Cultural algorithmsare techniqueghat add domainknowledgeto evolutionary com-
putationmethods.They are basedon the assumptiorthat domainknowledgecanbe
extractedduring the evolutionary process by meansof the evaluationof eachpoint
generated1]. This proces®of extractionanduseof theinformation,hasbeenshovn to
bevery effective in decreasingomputationatostwhile approximatingglobal optima,
in unconstrainedsonstrainecanddynamicoptimization[2—5]. Culturalalgorithmsare
madeof two main componentsthe populationspace,and the belief space[6]. The
population spaceconsistsof a setof possiblesolutionsto the problem,and canbe
modeledusingary populationbasedechniqueg.g.geneticalgorithms[7]. The belief
spaceis theinformationrepositoryin whichtheindividualscanstoretheir experiences
for theotherindividualsto learnthemindirectly. In culturalalgorithms theinformation
acquiredby anindividual canbe sharedwith the entire population.Both spaceqi.e.,
populationspaceandbelief spacearelinkedthrougha communicatiorprotocol,which
stategherulesabouttheindividualsthatcancontributeto the belief spacewith its ex-
periencegthe acceptancéunction), andthe way the belief spacecaninfluenceto the
new individuals(theinfluencefunction). Thoseinteractionsaredepictedn Figurel.
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Fig. 1. Space®f aculturalalgorithm
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Originally, when cultural algorithmswere appliedto real parameteoptimization,
geneticalgorithmswere usedas a populationspace[1]. Later on, evolutionary pro-
grammingappearedsa betterchoice[8] for the populationspacethangeneticalgo-
rithmswhendealingwith constrainedearchspaceg9, 4,3]. Recently particleswarm
[10] hasalsobeenproposedasa populationspacg11], turningthedirectionto usenew
evolutionarymethodswith betterperformancen realparameteoptimization.

Differentialevolution[12] is a recentlydevelopedevolutionaryalgorithm,focused
onsolvingrealparamenteoptimizationproblemsDifferentialevolutionhasbeenfound
to be a very robust optimizationtechnique[13]. However, to the authors’bestknowl-
edgewe arethefirst to proposehe useof differentialevolution asthepopulationspace
of aculturalalgorithm[14]. This paperpreciselypresent@anextensionof our previous
work in whichwe did a preliminaryexplorationof the potentialof differentialevolution
to be“culturized” [14].

2 Previous Work

Reynoldset al. [2] andChung& Reynolds[3] have exploredthe useof culturalalgo-
rithmsfor global optimizationwith very encouragingesults.ChungandReynoldsuse
a hybrid of evolutionary programmingand GENOCOPIn which they incorporatean
interval constraint-netwrk to representhe constraintof the problemathand.ln more
recentwork, Jin andReynolds[4] proposedan n-dimensionakegional-basedchema.
Theideaof Jin and Reynolds’ approachis to build a map of the searchspacewhich
is usedto derive rules abouthow to guide the searchof the evolutionary algorithm
(avoiding infeasibleregionsand promotingthe explorationof feasibleregions).Using
thesamepopulationspaceevolutionaryprogramming) Saleenproposes culturalal-
gorithmfor dealingwith dynamicervironments[5]. Saleemaddshistory anddomain
knowledgeto Chungs situationaland normative knowledge,and Jin’s topographical
knowledge.In [11], lacobaretal. changeheevolutionaryprogrammingalgorithmfrom



the populationspaceor a particleswarmoptimizer[10]. They make ananalysisof the
effectsof the belief spaceover the evolutionary processshawing the similaritieswith
theapproachin which evolutionaryprogrammings adopted.

3 Differ ential Evolution

Generaténitial populationof sizepopsize
Do
For eachindividual j in the population
Generatehreerandomintegers,ri, r2 andrs € (1, popsize), withry # ro #rs # j
Generatarandomintegeri,onq € (1,n)

For eachparameteg
o { Zips + F % (Tip1 — Ti,r2) if rand(0,1) < CROM = irand
Toi T\ @i otherwise
EndFor
Replacex; with thechild x; if x; is better
EndFor

Until theterminationconditionis achieved

Fig. 2. Pseudo-codef the differentialevolution algorithmadoptedn this work (this versionis
calledDE/rand/1/bin).

Differential evolution is an evolutionary algorithm proposedby Price and Storn
[12], whosemain designemphasigs real parameteoptimization.Differential evolu-
tion is basedon a mutationoperatoywhich addsan amountobtainedby the difference
of two randomlychosenindividualsof the currentpopulation.The basicalgorithm of
differentialevolution is shown in Figure2, wherethe problemto be solved hasn deci-
sionvariables F' andC R areparametergivenby theuser andz; ; is thed-th decision
variableof the j-th individual in the population.The authorsof the differentialevolu-
tion algorithmhave suggestethatby computingthedifferencebetweertwo individuals
randomlychoserfrom the population the algorithmis actuallyestimatingthe gradient
in thatzone(ratherthanin a point). This approachs alsoratherefficient way to self-
adaptthe mutationoperator The versionof differentialevolution shovn in Figure?2, is
calledDE/rand/1/binandis recommendedo be the first choicewhentrying to apply
differentialevolution [12]. Thatis the reasonwhy we adoptedit for the work reported
in this paper

4 Our ProposedApproach

The proposedapproachusesdifferentialevolution in the populationspace A pseudo-
codeof the cultureddifferentialevolution is shovn in Figure3.



Generatenitial population
Evaluateinitial population
Initialize the belief space
Do
For eachindividual in the population
Apply thevariationoperatoiinfluencedby arandomlychoserknowledgesource
Evaluatethechild generated
Replaceheindividual with the child, if thechild is better
Endfor
Updatethebelief spacewith the acceptedndividuals
Until theterminationconditionis achieved

Fig. 3. Pseudo-codef the cultureddifferentialevolution.

In the initial stepsof the algorithm, a populationof popsize individualsis cre-
ated,aswell asa belief space For the children generationthe variation operatorof
thedifferentialevolution algorithmis influencedby the belief space Sincewe wantto
solve constrainedptimizationproblemsthefitnessfunctionby itself doesnot provide
enoughinformationasto guidethe searchproperly To determineif a child is better
thanits parentandit canreplaceit, we usethefollowing rules:

1. A feasibleindividualis alwaysbetterthananinfeasibleone.

2. If botharefeasible theindividual with the bestobjective functionvalueis better

3. If both areinfeasible,the individual with lessamountof constraintviolationsis
better measuringriolationswith normalizedconstraints.

4.1 The Belief Space

In our approachthebelief spaces dividedin four knowledgesourcesdescribecdhext.

Situational Knowledge Situationalknowledgeconsistsof the bestexemplarE found
alongtheevolutionaryprocessilt representaleaderfor the otherindividualsto follow.
Thevariationoperatorf differentialevolution areinfluencedn thefollowing way:

1
z; ;= Ei + F % (Ti,r1 — Tiyr2)

where E; is the i-th componenbf the individual storedin the situationalknowledge.
This way, we usethe leaderinsteada randomlychosenindividual for the recombina-
tion, gettingthe childrencloserto the bestpoint found. The updateof the situational
knowledgeis doneby replacingthe storedindividual, E, by the bestindividual found
in the currentpopulation,zyes:, only if xp.s; is betterthanE.

Normative Knowledge The normative knowledgecontainsthe intervalsfor the deci-
sion variableswheregoodsolutionshave beenfound, in orderto move new solutions



b |ur | Lo (usal- - - ln Un
L1|\Uy|Lo|Us|- - +|Ln|Un

Fig. 4. Structureof the normatve knowledge

towardsthoseintervals. Thus,the normative knowledgehasthe structureshavn in Fig-
ure4.

In Figure 4, [; andu; arethe lower and upperbounds,respectiely, for the i-th
decisionvariable,and L; andU; arethe valuesof the fithessfunction associatedvith
thatbound.Also, the normative knowledgeincludesa scalingfactor dm;, to influence
themutationoperatoradoptedn differentialevolution. Thefollowing expressiorshowns
theinfluenceof the normative knowledgeon the variationoperators:

, Tips + F |21 — T4 o] if 25,3 <
T ;=1 Tirs — F* @i — Tiol if 2503 > u;
Tir3 + “;n;fi * F x (z;71 — T; 02) Otherwise

The updateof the normative knowledgecanreduceor expandthe intervals storedon
it. An expansiontakes placewhenthe acceptedndividuals do not fit in the current
interval, while areductionoccurswhenall theacceptedndividualslie insidethecurrent
interval, andthe extremevalueshave a betterfitnessandarefeasible. The valuesdm;

areupdatedwith the greatestifference|z; .1 — ;2| foundduring applicationof the
variationoperatorf the previousgeneration.

Topographical Knowledge The usefulnes®f the topographicaknowledgeis to cre-
atea map of the fitnesslandscapef the problemduring the evolutionary processlit
consistsof a setof cells,andthe bestindividual found on eachcell. Thetopographical
knowledge,also,hasanorderedist of the bestb cells,basedn thefitnessvalueof the
bestindividual on eachof them.For the sale of a moreefficientmemorymanagement,
in the presenceof high dimensionality(i.e., too mary decisionvariables),we usean
spatialdatastructure called k-d tree,or k-dimensionabinary tree[15]. In k-d trees,
eachnodecanonly have two children (or none,if it is a leaf node),andrepresentsa
divisionin half for ary of the k¥ dimensiongseeFigure5).
Theinfluencefunctiontriesto move thechildrento arny of theb cellsin thelist:

Zi,r3 + F |-77i,r1 - xi,r2| if Zi,r3 < li,c
X, i =1 Tips — F x|z 01 — ipo| 1 Zipg > uie
Zirg + F * (2 ;1 — 24,02) Otherwise

wherel; . andu; . arethelowerandupperboundsof the cell ¢, randomlychoserfrom
thelist of the b bestcells. Theupdatefunction splitsa nodeif abettersolutionis found
in thatcell, andif thetreehasnot reachedts maximumdepth.The dimensionin which
thedivisionis done,is theonethathasa greatedifferencebetweerthe solutionstored
andthenew referencesolution(i.e., the new solutionconsideredsthe “best” foundso
far).
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Fig. 5. Exampleof the partition of atwo dimensionakpaceby a k-d tree

History Knowledge This knowledgesourcewasoriginally proposedor dynamicob-
jective functions,andit wasusedto find patterngn theernvironmentalkchangesHistory
knowledgerecordsin alist, thelocationof the bestindividual found beforeeachenvi-

ronmentakchangeThatlist hasa maximumsizew. Thestructureof historyknowledge
is shavn in Figure6, wheree; is thebestindividual foundbeforethe:-th ervironmental
changeds; is the averagedistanceof the changegor parametei, anddr; is the aver

agedirectionif therearechangedgor parametei. In our approachinsteadof detecting
change®f the ervironment,we storea solutionif it remainsasthe bestoneduringthe
lastp generationslf this happenswe assumehatwe aretrappedn alocal optimum.

dsi|dsz|---|ds
-- dri drz dr:

Fig. 6. Structureof the historyknowledge

The expressiorof theinfluencefunction of the historyknowledgeis thefollowing:

Tie, +dri % F % |21 — x4 00| If rand(0,1) < o

Z; i =9 Tie, + % * (-Z'i,rl — .CL'Z"TQ) if rand((], ].) <p
rand(lb;, ub;) otherwise

wherez; ., is thei-th decisionvariableof the previousbeste,, storedin thelist of the
history knowledge,dm; is the maximumdifferencefor the i-th variable,storedin the
normatie knowledge,lb; andub; arethe lower andupperboundsof the variablez;,

givenasinput for the problem,andrand(a, b) is arandomnumberbetweena andb.

To updatethe history knowledge,we addto the list ary local optimafound during the

evolutionaryprocesslf thelist hasreachedts maximumlengthw, the oldestelement
is discardedThe averagedistancesnddirectionsof changearecalculatedoy:

w—1 . .
_ Zk:l |$z,ek+1 - m1,€k|
dsi =
w—1

w—1
dr; = sgn (Z sgn (mi7€k+1 - mi,ek))

k=1




wherethefunctionsgn(a) returnsthesignof a.

4.2 AcceptanceFunction

The numberof individuals acceptedor the updateof the belief spaceis computed
accordingthe designof a dynamicacceptancéunctionby Saleem5]. The numberof
acceptedndividuals decreasesvhile the numberof generationincreasesSaleem[5]
suggestdo resetthe numberof acceptedndividuals when an ervironmentalchange
occurs.In our casewe resetthe numberof acceptedndividualswhenthe bestsolution
hasnot changedn the lastp generationsWe getthe numberof acceptedndividuals,
Ngccepted, With thefollowing expression:

(1—%p) *popsizeJ

Naccepted = {%p * popsize + p

where%p is a parametegiven by the user in (0, 1]; Saleem5] suggestuising0.2. g
is thegeneratiorcounter but is resetto 1 whenthe bestsolutionhasno changedn the
lastp generations.

4.3 Main Influence Function

Themaininfluencefunctionis responsibldéor choosingheknowledgesourceto beap-
pliedto thevariationoperatorof differentialevolution. At the beginning,all theknowl-
edgesourceshave the sameprobability to be applied,%pgs = i, becausehereare4
knowledgesourceshut during the evolutionary processthe probability of the knowl-
edgesourceks to beappliedis:

Vs
v

Y%prs = 0.1+ 0.6

wherewy, arethe timesthatanindividual generatedy the knowledgesourceks out-
performsits parentin the currentgenerationand v are the timesthat an individual
generatedby any knowledgesource)outperformsts parentin the currentgeneration.
The lower boundof the value%p is 0.1, to ensurethatary knowledgesourcehasal-
waysaprobability > 0 to beapplied.If v = 0 duringageneration%py,; = % asin the
beginning. Thismaininfluencefunctionis themostimportantmodificationwith respect
to the previousversionof this algorithm([14]).

5 Comparison of Results

To validate our approachwe adoptedthe well-known benchmarkincludedin [16]
which hasbeenoften usedin the literatureto validatenew constraint-handlingech-
niques.For a full descriptionof the testfunctionsadoptedthe readershouldreferto
[16]. The parametersisedby our approacharethe following: popsize = 100, maxi-
mum numberof generations= 1000,the factorsof differentialevolutionare F’ = 0.5
andCR = 1, maximumdepthof the k-d tree= 12, lengthof the bestcellslist b = 10,



Table 1. Resultsobtainedby our cultureddifferentialevolution approach

TF| Optimal Best Mean Worst Std Dev

901 -15 -14.999863 | -14.999351 | -14.998283 | 0.000333]
g02| 0.803619 | 0.793829 0.735590 0.620843 [ 0.049941]
g03] 1 1.000000 0.896800 0.69272 0.080994

g04] -30665.539/-30665.53867R30665.53867230665.53867P0.000000)
g05 5126.4981| 5126.558552| 5198.202774 5323.865946|59.63327}
06| -6961.8138| -6961.813876 -6961.81387¢ -6961.813876 0.000000
g07] 24.3062091] 24.575518 | 24.575520 | 24.575526 | 0.000002
g08| 0.095825 0.095825 0.095825 0.095825 | 0.000000|
009680.6300578 680.630057 | 680.630057| 680.630057 | 0.000000]
gl0] 7049.25 | 7049.248134| 7049.248489 7049.249942| 0.000362)
g1l 0.75 0.750000 0.777469 0.898055 | 0.044560
g12 1 1.000000 1.000000 1.000000 | 0.000000
g13 0.0539498| 0.056180 0.288324 0.39210 | 0.161230

thesizeof thelist in the historyknowledgew = 5, a = § = 0.45, and%p = 0.2. The
valuesshawn in tableswereobtainedexecuting30 independentunsperproblem.

Table 1 shows the resultsobtainedby our approachThe resultsobtainedby the
stochastiaankingmethod(the bestconstraint-handlingechniqueproposedor evolu-
tionaryalgorithmsknown to date)areshownn in Table3. Our resultsarealsocompared
to apreviousversionof ouralgorithm[14] in Table2. Theresultsof RunarssomndYao
wereobtainedwith 350,000evaluationsof the fitnessfunction. Our approachrequired
only 100,100evaluations(in both versionsthe previous[14] andthe onereportedin
this paper).

Table 2. Resultsobtainedby our previousversionof cultureddifferentialevolution [14]

TF| Optimal Best Mean Worst Std Dev

901 -15 14996953 | 13.214513 5.999896 |[2.985388
g02| 0.803619 | 0.616900 0.517901 0.419959 [ 0.066237|
g03] 1 1.000000 0.821397 0.600900 | 0.144609|

g04] -30665.539/-30665.53917[F30665.53882%+30665.53867P0.000244|
g05 5126.4981| 5126.563220] 5136.862081f 5184.827897|19.569988
g06| -6961.8138| -6961.813876 -6961.81387§ -6961.81387§ 0.000000|
g07] 24.3062091 24.575671 | 24.585679 | 24.650253 | 0.023298
g08| 0.095825 0.095825 0.095825 0.095825 | 0.000000|
009680.6300578 680.630057 | 680.630057 | 680.630057 | 0.000000]
g10] 7049.25 | 7049.251189| 7049.284777 7049.372205| 0.040707|
g1l 0.75 0.757500 0.779440 0.854357 | 0.039593)
g12 1 1.000000 1.000000 1.000000 | 0.000000
913 0.0539498| 0.054903 0.314341 0.426815 | 0.181099

As canbeseenin Tablesl and2, thenew versionof our algorithmexhibits a better
performancehanour previousversionin all casesgxceptin g05,whereits variablility
is higher The currentversionnow reacheghe optimumin g11,andalsoconsistently
reacheghe optimumof g04. Whencomparedo stochastiadanking (seeTable 3), our
cultureddifferentialevolution algorithmturnsoutto bevery competitive. Our approach



reachedhe global optimumin eight problems,and stochasticankingdid it in nine.
However, with the exceptionof g02andg13(wherestochasticankingwasa clearwin-
ner),in all the otherproblemsthe resultsobtainedby our approachare very closeto
theglobaloptimum.An additionalaspecthatwe found quiteinterestings thatour ap-
proachpresentedn mostcasesa low standarddeviation, improving on the robustness
of stochastiadankingin severalcasesA remarkableexampleis g10, wherestochastic
rankingwas not ableto reachthe global optimumand presentedh high variability of
results.Anotherexampleis g06,wherestochasticankingalsopresente highervari-
ability thanourapproachln contraststochasticankingshovedamorerobustbehavior
thanourapproachin g01,9g03,g05andg11.

Table 3. Resultsreportedfor stochasticdanking[16]

TF| Optimal Best Mean Worst | Std Dev
g01] -15 -15.000 | -15.000 | -15.000 0.0

g02| 0.803619 | 0.803515] 0.781975| 0.726288] 0.020
g03| 1 1.000 1.000 1.000 [0.00019

g04| -30665.539|-30665.539-30665.539-30665.539 0.00002
g05| 5126.4981| 5126.497| 5128.881| 5142.472| 3.5
g06| -6961.8138| -6961.814| -6875.940| -6350.262] 160
g07| 24.3062091] 24.307 24.374 24,642 | 0.066
g08| 0.095825 | 0.095825| 0.095825| 0.095825]0.00000
909/680.6300578 680.630 | 680.656 | 680.763 | 0.034
g10| 7049.25 | 7054.316| 7559.192| 8835.655| 530
gll] 0.75 0.750 0.750 0.750 |0.00008
gl12 1 1.000000( 1.000000| 1.000000f 0.0
g13] 0.0539498| 0.053957| 0.057006| 0.216915| 0.031

6 Conclusionsand Future Work

In this paperwe introducea cultural algorithm,which usesdifferentialevolution. This
work improveson our previous attemptto developa cultural algorithmthat usesa dif-
ferentialevolution-basegopulation[14]. The approachs appliedto solve constrained
optimizationproblems.Adding a belief spaceto the differential evolution algorithm,
we wereableto getalow computationatostwhile obtainingcompetitive resultson a
well-known benchmarkadoptedfor evolutionaryoptimization.The mainweaknes®f
this approactis its apparentossof diversity, dueto its high selectionpressureSome
of theknowledgesourcef the belief spacearedesignedo provide diversity, but more
work remaingo bedonein this sens€ascanbeseerfrom theresultsobtainedor g02).
Someotherdirectionsof future work arethe analysisof theimpactof eachknowledge
sourceduringtheevolutionaryprocesspr acomparisorof differenttypesof acceptance
functions,which mayallow a betterexplorationof thefithesslandscape.
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