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Abstract.- Tuning the parametersof any evolutionary
algorithm is a difficult task. In this paper, we describe
someexperimentsdonein order to explore the impact of
the main parameters of the particle swarm optimization
algorithm, whenusingit for multi-objecti ve optimization.
Theseparametersarethe inertia weight and the learning
factors involved in the velocity update formula. Also, in
our study, we included someparameters from our own
multi-objecti ve approach. As a result of our study, we
proposethr eediffer ent mechanismsto adapt the values
of thoseparametersthat are found to be the mostimpor-
tant for the performance of our approach. The mecha-
nisms proposedare validated using seven differ ent test
functions taken from the specializedliteratur e of multi-
objective optimization. The obtained resultsshow that it
is possibleto designon-line adaptation mechanismsable
to maintain, and evenimpr ove, the quality of the obtained
solutions,without increasingthe computational cost.

1. INTRODUCTION

Oneof themaindrawbacksof EvolutionaryAlgorithms(EAs)
is thatmary of themhave severalparametershathave to be
tunedeachtime we wantto solve a differentproblem.In the
majority of casesthevaluesof theparametersf agivenEA
affect the performanceof the algorithmin a noticeableway.
In the caseof the Particle Swarm Optimization(PSO)algo-
rithm, the mainparameterarethoseinvolvedin thevelocity
updateformula: the inertiaweightandthe learningfactors.
Also, somePSOapproachescorporatea mutationoperator
in orderto introducesomediversityinto the swarm. In those
casesanotherparameterelatedwith the mutationoperator
hasto betuned,too.

In this paper we describea study of the parameterof
a Multi-Objective Particle Swarm Optimizer (MOPSO)ap-
proach,that is part of our previous work. In such study
we includedthe parametersnvolvedin the velocity update

formula, but alsothe parameter®f our MOPSOapproach.

Sincesuchstudywasperformedin orderto find the param-
etersthat have the greatestimpact on the performanceof
the MOPSOapproachasaresultwe proposehreedifferent

mechanismso adaptthe valuesof the parametershatwere
foundto be mostimportant. The proposednechanismsre
testedusingsevendifferentfunctionstakenfrom the special-
ized literatureof evolutionarymulti-objective optimization.

This paperis organizedasfollows. Section2 providesa
brief introductionto the PSOalgorithm.In Section3, we de-
scribeour MOPSOapproach.Section4 describeghe study
of theparameterdoneandpresentsheproposedpproaches.
The obtainedresultsand the correspondingliscussionare
providedin Sections5 and 6, respectiely. Finally, we de-
fine our conclusionsandfuturework in Section?.

2. PARTICLE SWARM OPTIMIZATION

Kennedyand Eberhart[4] initially proposedhe swarm al-
gorithm for optimization. The particle swarm optimization
(PSO)algorithmis apopulation-basesearchalgorithmbased
on the simulation of the social behaior of birds within a
flock. In PSO,individuals,referredto asparticles are*flown”
throughsearcrspace Changeso thepositionof theparticles
within thesearctspacearebasednthesocial-psychological
tendeng of individualsto emulatethe succes®f otherindi-
viduals. A swarm consistsof a setof particles,whereeach
particlerepresents: potentialsolution. The positionof each
particleis changedaccordingto its own experienceandthat
of its neighbors.Let Z;(t) denotethe positionof particlep;,
attime stept. Thepositionof p; is thenchangedy addinga
velocity 7; () to the currentposition,i.e.:

Ti(t) = Tt — 1) + 0i(t) 1)
The velocity vectordrivesthe optimizationprocessand re-
flectsthe socially exchangednformation. In the global best
version(usedhere)of PSO,eachparticle usesits history of
experiencesn termsof its own bestsolutionthusfar (pbest)
but, in addition,the particleusesthe positionof the bestpar

ticle from the entireswarm(gbest). Thus,thevelocity vector
changesn thefollowing way:

Ui (t) = W (t—1)+C1r1(Zpbest; —Fi (1)) +Cora(£gpest; —Li(t))

(2)
whereW is theinertiaweight, Cy, andC> arethe cognitive
andsociallearningfactors(usuallydefinedasconstants)and
r1,72 € [0,1] arerandomvalues.



Begin
Initialize swarm. Initialize leaders.
Sendleadergo g-archive
crowding(leaders)g = 0
While g < gmaz
For eachparticle
Selectleader
Updateposition(flight).
Mutation.
Evaluation.
Updatepbest.
EndFor
Updateleaders
Sendleaderdo e-archive
crowding(leaders)g = g + 1
EndWhile
Reportresultsin e-archive
End

Figurel. Pseudocodef ouralgorithm.

3. MULTI-OBJECTIVEPARTICLE SWARM
OPTIMIZATION

The first part of our work consistsof the study of the pa-

rametersof a MOPSOapproachhatis part of our previous
work. The first versionof our MOPSOalgorithmwas pre-

sentedn [9] andupdatedn [8]. TheMOPSOstudiedin this

paperis basedon Paretodominance sinceit considersev-

ery nondominatedolutionasa new leader(a leaderis used
asthe gbest solutionin Equation(2)). Additionally, the ap-

proachalso usesa crowding factor[2] asa seconddiscri-

minationcriterion which is alsoadoptedo filter out the list

of availableleaders.For eachparticle, we selectthe leader
in the following way: 97% of thetime a leaderis randomly
selectedif andonly if thatleaderdominateghe currentpar

ticle, and,theremaining3% of thetime, we selectaleadery

meansof a binary tournamenbasedon the crowding value
of the available setof leaders.If the size of the setof lea-
dersis greaterthanthe maximumallowable size, only the
bestleadersareretainedbasedon their crovding value. We

alsoincorporatedn the proposedapproactthe useof diffe-

rentmutation(or turbulence) operatorsvhichactondifferent
subdvisionsof the swarm. We proposecda schemédy which

the swarm is subdvided in threeparts(of equalsize): the
first sub-parthasno mutationatall, the secondsub-partuses
uniform mutationand the third sub-partusesnon-uniform
mutation.The availablesetof leaderds the samefor eachof

thesesub-parts.Finally, the proposedapproachalsoincor

porateghee-dominanceconcept5] to fix the sizeof the set
of final solutionsproducedy thealgorithm.Figurel shavs

the pseudo-codef our proposedapproach.

3.1. Parameters of our MOPSO approach

As we mentionedbefore, the selectionof a leaderin our
MOPSOapproaclis doneby meansf acombinationof two
differenttechniques(1) by dominanceand(2) by crowding
values.In this way, our approackchoosegechniqug(l) with
certainprobability (called Ps), otherwise,it choosegech-
nique(2). After anextensie seriesof experimentsye fixed
the value of Ps to 0.97. However, Ps is itself a parame-
ter of our approach. On the otherhand, sincewe definea
schemeby which two differentmutationoperatorsare used
into the swarm, a mutationprobability Pm is needed How-
ever, in orderto avoid the definition of extra parametersor
the mutationoperatorswe adopta rule of thumbnormally
usedin the EA literature[1]: the mutationrateis definedas
1/codesize, wherecodesize refersto thetotal lengthof the
string thatencodesll the decisionvariablesof the problem
(thenumberof variablesin our case).

In orderto performtheflight of eachparticle thechanges
to the velocity vectoraredoneusing Equations(1) and(2),
correspondingdo the global bestversionof PSO.However,
in Equation(2) we use:W = random/(0.1,0.5), Cy,Csy =
random(1.5,2.0), andry,r2 = random (0.0,1.0). Note
thatmostof the previous PSOproposaldix thevaluesof 7,
C1 and(C; insteadof usingrandonwvaluesasin ourcase.The
only exceptionthatwe know (in the specificcaseof MOP-
SOs)is someof our own previous work [10]. We adopted
this schemesincewe foundit asa more corvenientway of
dealingwith thedifficultiesof fine tuningthe parameter$V,
C1 and(, for eachspecifictestfunction. However, W, C;
andC, canbeconsideregarametersf our approach.

In the first versionof our MOPSO approach for each
problem thevalueof ¢ wastunedbasecdbn the desirechum-
ber of pointsin thefinal Paretofront. Neverthelessthe cur-
rent version of our approachalreadyincludesa relatively
simple mechanismto adaptthe value of the parametere
throughoutthe run. The mechanismimplementeds based

-1
ontheformula[5]: PF < (ﬁﬁ;) "™ WherePF isthe
numberof pointsdesiredn thefinal Paretofront, K is anup-
perboundfor all the objective functions(calculatedoverthe
currentvalues)andm is the numberof objectie functions.
Ourapproactstartsthevalueof £ usingthepreviousformula.
Lateron, the valueof ¢ is adjustedbasedon the numberof
pointsthatthe currentParetofront contains.Sincelarge val-
uesof ¢ produceParetofrontswith few solutions,the value
of ¢ increase®r decreasedependingn the currentnumber
of solutionsin the Paretofront. The changen thevalueof &
is proportionalto the differencebetweerthe desiredandthe
currentnumberof optimalsolutions.

Thus,the parametersf ourapproactthataregoingto be
consideredn our studyare: swarmsize (sizeof theswarm),
gmax (numberof iterations),Ps (selectionprobability) and
W, C1 andC; (velocity updateformula).



4. DESCRIPTIONOF OURWORK

4.1. ANOVA

With the aim of exploring which parametersvere the most
importantfor theperformanc®f ourapproachweperformed
an Analysisof Variance(ANOVA). For suchstudy we con-

sidered3 differentlevels for eachone of the parametersf

ourapproach:

swarmsize. 50,100,200.
gmaz: 50,100,200.

Ps: 0.3,0.6,0.97.

W: 0.1,0.5,random(0.1,0.5).
C1,C5: 1.5,2.0,random(1.5,2.0).

In this way, the total numberof combinationsvas: 729.
We performed30runsfor eachcombinationrandfor eachone
of the sevenfollowing testfunctions(21870runsper func-
tion, 153090runsin total):

TestFunctionZDT1 [13]:

Minimize( f1 (%), f2(Z))
f1(@) = z1, f2(Z) = g(Z)h(f1,9)
9(&) =1+93", z:/(m = 1), h(fl,9) =1/ fi/g

wherem = 30, andz; €[0,1].

TestFunctionZDT2 [13]:
Minimize(f1(Z), f2(Z))

f1(@) = z1, f2(F) = g(Z)h(f1,9)
9(&) =1+93", 2/ (m - 1),
hf1l,9) =1~ (fi/9)?

wherem = 30, andz; €[0,1].

TestFunctionZDT3 [13]:

Minimize(f1(Z), f2(Z))

[1(&) =z, f2(F) = g(£)h(f1, 9)

9(@) =1+93", 2i/(m - 1),

h(f1,9) =1— Vv fi/9— (f1/9)sin(107 f1)

wherem = 30, andz; €[0,1].

TestFunctionZDT4 [13]:

Minimize(f1(Z), f2(Z))
f1(@) = 21, f2(F) = g(&)h(f1,9)
9(%) = 1+10(m—1)+3"1" , (27 —10cos(47x;)),

h(f1,9) =
- \/fl/g

wherem = 10, z; €[0,1] andzx; €[-5,5],7 = 2,...,m

TestFunctionDTLZ2 [3]:

Minimize(f1(Z), f2(Z), f3(Z))

f1( i) = (14 g(Z))cos(x1m/2)cos(x2m/2)
f2(®) = (1 + g(&))cos(x17/2)sin(zom/2)

f3(£) = (1 + g(£))sin(z17/2)

9(%) = 2 4 (2 — 0.5)* wherem = 12 andz; €[0,1].

TestFunctionDTLZ4 [3]:
Minimize(f(Z), f2(Z), fs(Z))

f1( 7) = (1 + g(Z))cos(z{m/2)cos(x3m/2)
f2(&) = (1 + g(¥))cos(z$m/2)sin(x37/2)
(;f) (14 g(2))sin(z{n/2)

.5)2 wherea=100,m = 12 andz; €[0,1].

9(Z) = 31y (20
TestFunctionDTLZ6 [3]:

Minimize(f1(Z), f2(Z), f3(Z))

f1(@) = 21, fo(Z) = 2

fs(@) = (1 + g(@)h(f1, f2,9)

9(Z) =1+9/(m - 2)2 3 Tiy
h(f1,f2,9) =3 — Z,zl[1+ (1 + sin (37 f;))]

wherem = 22 andz; €[0,1].

In previousstudieq8], we have usedseveralmeasuresf
performanceHowever, for the studypresentedn this paper
we selectedthe measurethat empirically hasreflectedthe
change®nquality in abetterway:

SuccesgLCounting (SCC): This measurecountsthe number
of vectors,in the currentsetof nondominatediectorsavail-

able,that are membersof the Paretooptimal set: SCC' =

>-r1 si, Wheren is the numberof vectorsin the current
setof nondominatedrectorsavailable; s; = 1 if vectori is

amemberof the Paretooptimalset,ands; = 0 otherwise.

The ANOVA providedthefollowing conclusions:
e swarmsize: largevaluesgive betterresults.

e gmax: asswarmsize, largevaluesgive betterresults,
althoughat alowerrate.

In fact,form the ANOVA we wereableto concludethat
it is betterto usea large swarm sizethana high numberof
generations.

e Ps: exceptin functionDTLZ4, largevaluesgive better
results.

e W: exceptin functionDTLZ2, largevaluesgive better
results.

e (1: this parameteiis not importantfor our MOPSO
approachthatis, its value doesnt affect the perfor
manceof thealgorithm.

e (C5: exceptfor functionDTLZ2, largevaluesgive bet-
terresults.

As we can see,the parametersPs, W and C, arethe
mostimportantfor ourapproachsincetheirvaluesaffectthe
performancef thealgorithm.In this way, we performedan-
otherANOVA in whichthe valueof the parameterswarm-
size, gmax and Cy were fixed at: 200, 100 and random



(1.5,2.0),respectrely. In this case,we considereahe fol-
lowing levels for the parameterghat were found to be the
mostimportant:

Ps:0.0,0.2,0.4,0.6,0.8,0.97,1.0(7 levels).
W:0.1,0.2,0.3,0,4,0.5,random (6 levels).
C>:1.5,1.6,1.7,1.8,1.9,2.0,random (7 levels).

In thisway, thistime we hadatotal of 294 combinations.
We performed30runsfor eachcombinatiorandfor eachone
of the seventestfunctionspreviously defined(8820runsper
function,61740runsin total). As in the caseof the previous
ANOVA, we obtainedvery similar conclusionsHowever, in
this casewe wereableto obtainthevaluesthatgave thebest
performancef our MOPSOapproach:

Ps: 0.2,0.8,0.97.
W:0.2,0.4,0.5.
Cy:1.5,2.0.

4.2. Proposed Approaches

As we obsered in the previous section, from the two
ANOVAs performedwe obtaineda setof valuesfor the most
importantparametersf our MOPSOapproachthatgive the
bestperformanceSincewe have afinite setof possibleval-
uesfor the parameterds, W andCs, we will considerthe
problemof the selectionof the bestvaluefor eachparame-
terasamulti-armedbanditproblem.Themulti-armedbandit
problemwasoriginally describecby Robbins[7]. A multi-
armedbandit,alsocalledK-armedbandit,is similar to atra-
ditional slot machineg(one-armedandit)but, in generalhas
more thanone lever. Initially, the gamblerhasno knowl-
edgeaboutthelevers,but throughrepeatedrials, he canfo-
cusonthe mostrewardinglevers. Therearetwo versionsof
the K-armedbandit,the opaque in which a uniquerewardis
obseredat eachround,andthe transparent in which all re-
wardsareobsened. The gamblerplaysiteratively onelever
at eachround and obsenesthe associatedeward. His ob-
jective is to maximizethe sumof the collectedrewards.The
problemof determiningthe beststratayy for the gambleris
calledthemulti-armedbanditproblemandmary strateiesor
algorithmshave beenproposedassolutionsto this problem.
In our casegachlevercorrespond$o oneof thepossibleval-
uesfor the parametershat we wantto adapt. Eachtime the
MOPSOapproactselectsa specificvalue (a lever) for a pa-
rametey thatvalue (lever) recevesa reward. We definetwo
typesof reward:

Reward 1: If the obtainedparticleis ableto enterinto the
setof leadersthe lever recevesa reward of 1. Otherwise,
theleverrecevesarewardof 0.

Reward 2: If theobtainedparticleis ableto enterinto theset
of leaderstheleverrecevesarewardof 0.5. Furthermoreif
theobtainedparticleis ableto dominateatleastonemember

of the setof leadersthe lever recevesan additionalreward
of 0.5. Otherwisetheleverrecevesarewardof 0.

All thelevers,for thethreeparameter¢Ps, W andC-),
startwith atotal reward of zero. The first generationzero)
of the MOPSOapproachis usedto obtaininitial valuesfor
the meanreward for eachlever, of eachparameter Thatis,
ary specificstratay is appliedbeginningwith generatiori.

We usethreedifferent mechanismso adaptthe corre-
spondingvaluesof the studiedparametersThefirst is pro-
posedby us, and the othertwo were chosenbasedon the
work presentedn [11] *:

Proportional. This stratgy consistof arandomchoice
accordingto the probability;p, = Zi"“ wherey; is the

estimatedneanof the raNardsbrougﬁTllz)y theleveri andn
is thetotal numberof levers.

The e-Greedy Strategy. This is probablythe simplest
andthe mostwidely usedstratey to solve the banditprob-
lem asit wasdescribedoy Watkins[12]. The e-greedycon-
sist of choosinga randomlever with e-frequeng, and oth-
erwisechoosingthe lever with the highestestimatedmean.
€ mustbein the openintenval (0,1) andits choiceis left to
theuser Thee valuecontrolsthe amountof exploration(the
probability of executingactionsotherthanthe onewith the
highestestimatedmean). In this way, the e-greedystratgy
is sub-optimalbecauseasymptotically the constantfactore
preventsthe strat@y from gettingarbitrarily closeto the op-
timal lever.

The Soft Max Strategy. Thisstratay, alsocalledBoltz-
mannExploration[6], consistof arandomchoiceaccording
to a Gibbsdistribution. Thelever k is choserwith probabil-

ity pp = % wherey; is the estimatedmeanof the
rewardsbroughtby theleveri andr € R is a parameter
calledthetemperature. The choiceof 7's valueis left to the
user Theparametet- hasanimpactsimilarto e. Smallval-
uesof 7 increasethe tendenceao choicethe lever with the

bestestimatednean.

5. RESULTS

We havetestedheproposednechanismsasingthesesentest
functionspreviously defined. For the e-greedyandthe soft-
max approach the allowable valuesof ¢ and = are {0.05,
0.10,0.15}, basedon the work presentedn [11] andgiven
theimpactof theseparametergbriefly discussedn the pre-
vious section).We performed30 runsfor eachfunctionand
eachmechanism.The parameteradoptedfor the MOPSO
algorithmwere:200particles 100generationand100points
in the final Paretofront. The obtainedresultsareshavn in

Tables1 to 7. For eachtestfunction, we presentthe best,

1In [11], Vermoreletal. provided thefirst preliminaryempiricalevalua-
tion of severalmulti-armedbanditalgorithms.



medianworst,meanandstandardieviation of the SCCmea-
sure,for the MOPSOapproachwithout adaptationand the
MOPSOapproachwith adaptationwith the differentmech-
anismsandthetwo typesof reward.

6. DISCUSSIONOF RESULTS

Function ZDT1. Aswecanseein Tablel, all theapproaches
obtainedvery goodresultswith bothtypesof reward. How-
ever, only the proportionalstratey wasableto improve the
resultsof theapproactwithoutadaptationby almost10 par
ticles (on average),usingreward 2. It is very interestingto
note thatin all cases,the approachesvith adaptationim-
proved the worstresultsof the approachwithout adaptation
(exceptfor softmax,whosequality wasthe samewhenr =
0.1). In this way, the standarddeviation of the approaches
with adaptatiorwas smallerthan for the approachwithout
adaptation.In generalthe e-greedyand softmaxstrateies,
hada betterperformancéon average)usingreward 1, being
the softmaxbetterthanthe e-greedystrateyy. Also, we can
obsenrethatthee-greedystratey lostquality whenusingre-
ward?2.

Function ZDT2. As in functionZDT1, in this functionthe
proportionalapproach(usingreward 2) obtainedthe bestre-
sultshaving the samequality thantheresultsof theapproach
without adaptation(seeTable 2). In this case,the softmax
stratgy hada betterperformanceausingreward 2, beingbet-
ter thanthe e-greedystratey (whosebestresultswere ob-
tainedusingreward 1). As in the previousfunction, we can
obsereagainthatthethee-greedystratgy lostqualitywhen
usingreward?2.

Function ZDT3. From Table 3, we can concludethat the
proportionalapproachobtainedagainthe bestresultsusing
reward 2 andalsoslightly improved the resultsobtainedby
the approachwithout adaptation.In this case,the e-greedy
andthe softmaxstrateyieshada bestperformanceusingre-
ward 1, being e-greedymaminally better Finally, we can
obsenethatthee-greedystrategy lost quality againwhenus-
ing reward?2.

Function ZDT4. As we canseein Table4, in this func-
tion all the approachesiada very similar behaior. All the
adaptatiorstratgiesimprovedtheresultsobtainedoy theap-
proachwithout adaptatioror atleastreachedhe samequal-
ity. Theonly exceptionwasthee-greedystratgyy whene=0.05
andit usedreward 2. Also, this samecasewasthe only that
didn’t improve the worst resultsobtainedby the approach
without adaptation.In this case the bestresultswerefrom
the softmaxstrateyy usingreward 1. However, in this case
thereareno importantdifferencesn the performanceof the
approacheswhencomparedwith respectto the type of re-
wardused.

Function DTLZ2. Inthisfunction(seeTable5) all theadap-
tation strat@ieshadagainvery similar behavior. However,

only the softmaxstratey (usingreward 1) was ableto im-
prove the resultsobtainedby the approachwithout adapta-
tion. In this caseall the stratgieshadbetterresultsusingre-
ward 1, improving theworstresultsfrom the approactwith-
out adaptationin all cases.

Function DTLZ4. Asin functionZDT4, in this caseall the
adaptatiorstratgiesimprovedtheresultsobtainedby theap-
proachwithout adaptatioror atleastreachedhe samequal-
ity (seeTable6). Also, all theapproachebadtheir bestper
formanceusingreward 1, beingthe bestthe e-greedystrat-
egy, in this case. It is very interestingto notethat, in this
function, all the adaptatiorstrateiesimprovedsignificantly
the bestresultobtainedby the approachwithout adaptation,
speciallyin the caseof the e-greedystrateyy (almost70 par
ticles,whene=0.05andusingreward 1). However, sincethe
medianand worst valueswere not improved, the standard
deviationsweregreatelin this case.

Function DTLZ6. Aswe canseein Table7,in thisfunction
it is againreward 1 theonethatprovidedthe bestresults for
all the adaptationstrat@ies. The bestresults,in this case,
were obtainedby the softmaxstratey. In this function, the
softmaxstrateyy improved the bestand medianresultsob-
tainedby the approachwithout adaptation.However, asin
function DTLZ4, sincetheworstvalueswerenotimproved,
the standarddeviationsweregreatetin this case.As we ob-
sene, the proportionalstratey obtainedvery good results
in threeof the seven testfunctions,usingreward 2: ZDT1,
ZDT2 andZDT3. However, this behaior was not consis-
tent.In generalyeward 1 providedbetterresultsthanreward
2, speciallyin the caseof thee-greedystrateyy. Theobtained
resultsseemto indicatethat the knowledgeaboutthe abil-
ity of asetof parameterso provide anondominategbarticle
is enoughinformationto rewardit. In generalthe softmax
stratgy hadbetterperformancehantheproportionalandthe
e-greedystratgies. In fact, unlike the caseof the two other
approachegspeciallythe e-greedy),the resultsof the soft-
max stratgy were not significantly affected by the use of
differentrewards.Also, the softmaxstratgly wasableto im-
prove the performancegon average)of the approachwithout
adaptationin five of the seventestfunctions,andto maintain
the quality of the obtainedsolutionsin onemoretestfunc-
tion. Finally, for all thetestfunctions,atleastoneof thethree
proposedstratgieswasableto improvetheperformancéon
average)of theapproactwithout adaptation.

7. CONCLUSIONSAND FUTUREWORK

When using evolutionary algorithmsto solve optimization
problems oneof the main difficultiesis to definethe values
of thecorrespondingarameterghatprovidethebestperfor
mance.In this paper we proposedhreedifferentstratgies
to adaptthevaluesof theparametersf amulti-objective par
ticle swarm optimizer previously proposedby the authors.



Tablel. OBTAINED RESULTS FORFUNCTIONZDT1

Function ZDT1
SCC without with adaptatiorandreward 1
measure| adaptation| Prop. ¢e=0.05 ¢=0.10 ¢=0.15 7r=0.05 7=0.10 7=0.15
best 100 99 99 98 99 99 100 97
median 86 82 82 81 85 84 83 85
worst 15 51 30 18 20 48 58 62
mean 84 81 78 80 82 82 82 84
st.dev. 17.5 9.1 17.7 15.0 15.3 11.9 9.9 9.5
SCC without with adaptatiorandreward2
measure| adaptation| Prop. ¢=0.05 ¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 100 100 98 93 93 97 98 96
median 86 95 76 72 77 82 81 83
worst 15 54 19 27 29 49 15 60
mean 84 92 70 68 72 82 80 82
st.dev. 17.5 9.8 19.6 17.2 17.3 9.9 15.8 9.7
Table2. OBTAINED RESULTS FORFUNCTION ZDT2
Function ZDT2
SCC without with adaptatiorandreward 1
measure| adaptation| Prop. €¢=0.05 e¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 100 100 100 100 100 100 100 100
median 96 93 93 94 95 90 93 92
worst 60 16 23 58 45 34 30 0
mean 94 89 84 89 89 83 86 87
st.de. 7.8 15.9 184 10.6 134 154 16.9 18.1
SCC without with adaptatiorandreward2
measure| adaptation| Prop. ¢=0.05 ¢=0.10 ¢=0.15 7=0.05 7=0.10 7 =0.15
best 100 100 100 100 100 100 100 100
median 96 98 82 92 91 93 94 95
worst 60 54 12 0 22 24 44 1
mean 94 94 76 77 81 90 87 88
st.de. 7.8 9.5 23.7 28.2 20.2 13.9 155 18.6
Table3. OBTAINED RESULTS FORFUNCTION ZDT3
Function ZDT3
SCC without with adaptatiorandreward 1
measure| adaptation| Prop. ¢ =0.05 ¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 95 92 90 88 92 93 91 91
median 83 74 74 78 76 74 78 74
worst 63 9 41 51 25 30 16 39
mean 81 69 74 75 72 74 74 72
st.dev. 9.8 19.5 10.8 9.7 14.8 16.5 15.7 10.6
SCC without with adaptatiorandreward2
measure| adaptation| Prop. €=0.05 €¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 95 97 83 81 83 92 91 93
median 83 86 63 60 60 75 76 72
worst 63 46 13 22 21 32 33 25
mean 81 83 59 56 55 73 73 68
st.dev. 9.8 12.5 15.7 145 17.5 11.5 14.8 18.9




Table4. OBTAINED RESULTSFORFUNCTIONZDT4

Function ZDT4
SCC without with adaptatiorandreward 1
measure| adaptation| Prop. € =0.05 ¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 99 100 100 100 100 100 99 99
median 97 97 97 97 95 99 97 97
worst 73 94 81 88 85 86 89 89
mean 95 97 95 96 95 98 97 96
st.dev. 5.2 15 4.4 3.4 3.7 2.7 2.1 2.3
SCC without with adaptatiorandreward2
measure| adaptation| Prop. € =0.05 €¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 99 98 100 100 100 100 100 100
median 97 95 97 98 98 97 97 97
worst 73 84 0 89 91 84 88 88
mean 95 94 92 97 97 96 96 96
st.dev. 5.2 2.8 17.9 2.7 2.6 3.2 2.9 2.6
Table5. OBTAINED RESULTS FORFUNCTIONDTLZ2.
Function DTLZ2
SCC without with adaptatiorandreward 1
measure| adaptation| Prop. €=0.05 ¢=0.10 ¢=0.15 7=0.05 7=0.10 7 =0.15
best 50 41 38 48 38 51 40 47
median 28 29 28 26 27 32 27 30
worst 9 13 12 11 16 14 15 10
mean 30 28 27 26 26 32 27 28
st.dev. 9.6 7.4 6.9 8.1 5.9 9.5 6.9 8.4
SCC without with adaptatiorandreward2
measure| adaptation| Prop. €=0.05 ¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 50 34 31 35 37 47 42 43
median 28 22 20 17 18 28 28 30
worst 9 8 8 5 5 7 13 8
mean 30 21 20 19 19 28 29 28
st.dev. 9.6 6.2 6.7 8.6 6.8 9.3 7.8 7.7
Table6. OBTAINED RESULTS FORFUNCTIONDTLZ4.
Function DTLZ4
SCC without with adaptatiorandreward 1
measure| adaptation| Prop. ¢ =0.05 ¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 17 58 86 51 77 44 63 27
median 9 9 10 10 12 10 10 12
worst 1 1 1 1 2 1 1 2
mean 9 11 18 11 17 11 14 12
st.dev. 4.7 10.9 22 11.3 17.4 8.3 13.5 4.4
SCC without with adaptatiorandreward2
measure| adaptation| Prop. €=0.05 €¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 17 19 49 75 83 26 61 58
median 9 9 8 7 9 8 9 11
worst 1 2 1 0 0 0 0 1
mean 9 8 11 9 11 9 11 13
st.dev. 4.7 3.9 12.3 13.9 15.8 6.1 13.7 10.2




Table7. OBTAINED RESULTS FORFUNCTIONDTLZS.

Function DTLZ6
SCC without with adaptatiorandreward 1
measure| adaptation| Prop. ¢=0.05 ¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 97 96 100 92 100 98 100 100
median 64 62 66 56 59 68 71 75
worst 43 18 38 23 29 33 38 27
mean 67 62 68 57 60 69 73 71
st.dev. 14.9 14.9 16.6 18.5 16.1 21.1 17.1 21.5
SCC without with adaptatiorandreward2
measure| adaptation| Prop. ¢ =0.05 ¢=0.10 ¢=0.15 7=0.05 7=0.10 7=0.15
best 97 94 96 96 96 100 100 97
median 64 68 54 49 46 72 73 76
worst 43 27 9 2 6 18 21 14
mean 67 65 52 48 51 69 67 69
st.dev. 14.9 17.7 21.9 25.8 22.2 22.6 23.2 21.9
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