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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 parametersof the particle swarm optimization
algorithm, whenusingit for multi-objecti veoptimization.
Theseparametersare the inertia weight and the learning
factors involved in the velocity update formula. Also, in
our study, we included someparameters fr om 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 most impor-
tant for the performance of our approach. The mecha-
nisms proposedare validated using seven differ ent test
functions taken fr om the specializedliteratur e of multi-
objective optimization. The obtained resultsshow that it
is possibleto designon-line adaptation mechanismsable
to maintain, andevenimpr ove,thequality of the obtained
solutions,without increasingthe computational cost.

1. INTRODUCTION

Oneof themaindrawbacksof EvolutionaryAlgorithms(EAs)
is thatmany of themhaveseveralparametersthathave to be
tunedeachtime we wantto solve a differentproblem.In the
majorityof cases,thevaluesof theparametersof agivenEA
affect theperformanceof thealgorithmin a noticeableway.
In thecaseof theParticleSwarmOptimization(PSO)algo-
rithm, themainparametersarethoseinvolvedin thevelocity
updateformula: the inertia weight andthe learningfactors.
Also, somePSOapproachesincorporatea mutationoperator
in orderto introducesomediversityinto theswarm. In those
cases,anotherparameterrelatedwith the mutationoperator
hasto betuned,too.

In this paper, we describea studyof the parametersof
a Multi-Objective Particle Swarm Optimizer(MOPSO)ap-
proach,that is part of our previous work. In such study,
we includedthe parametersinvolved in the velocity update
formula, but also the parametersof our MOPSOapproach.
Sincesuchstudywasperformedin orderto find theparam-
etersthat have the greatestimpact on the performanceof
theMOPSOapproach,asa resultwe proposethreedifferent

mechanismsto adaptthevaluesof theparametersthatwere
found to be mostimportant. The proposedmechanismsare
testedusingsevendifferentfunctionstakenfrom thespecial-
izedliteratureof evolutionarymulti-objectiveoptimization.

This paperis organizedasfollows. Section2 providesa
brief introductionto thePSOalgorithm.In Section3, wede-
scribeour MOPSOapproach.Section4 describesthestudy
of theparametersdoneandpresentstheproposedapproaches.
The obtainedresultsand the correspondingdiscussionare
provided in Sections5 and6, respectively. Finally, we de-
fineour conclusionsandfuturework in Section7.

2. PARTICLE SWARM OPTIMIZATION

KennedyandEberhart[4] initially proposedthe swarm al-
gorithm for optimization. The particleswarm optimization
(PSO)algorithmisapopulation-basedsearchalgorithmbased
on the simulationof the social behavior of birds within a
flock. In PSO,individuals,referredtoasparticles,are“flown”
throughsearchspace.Changesto thepositionof theparticles
within thesearchspacearebasedonthesocial-psychological
tendency of individualsto emulatethesuccessof otherindi-
viduals. A swarm consistsof a setof particles,whereeach
particlerepresentsa potentialsolution.Thepositionof each
particleis changedaccordingto its own experienceandthat
of its neighbors.Let

��������	� denotethepositionof particle 
 � ,
at timestep� . Thepositionof 
 � is thenchangedby addinga
velocity

��������	� to thecurrentposition,i.e.:�� � �
�	��� �� � �
��������� �� � ���	� (1)

The velocity vectordrivesthe optimizationprocessandre-
flectsthesociallyexchangedinformation. In theglobalbest
version(usedhere)of PSO,eachparticleusesits historyof
experiencesin termsof its own bestsolutionthusfar (pbest)
but, in addition,theparticleusesthepositionof thebestpar-
ticle from theentireswarm(gbest). Thus,thevelocityvector
changesin thefollowing way:����	�����! #" ���������$&%'��(&)+*�,-*.� �/1032547698�:�$ �/;�����<����(&)>=<,?=�� �/A@B2547698�:3$ �/;�����<���

(2)
where C is the inertiaweight, D&E and DGF arethecognitive
andsociallearningfactors(usuallydefinedasconstants),andH E�I H FKJML NOI �.P arerandomvalues.



Begin
Initialize swarm. Initialize leaders.
Sendleadersto Q -archive
crowding(leaders),R  MS
While RUTVR�WYX /

For eachparticle
Selectleader.
Updateposition(flight).
Mutation.
Evaluation.
UpdateZA[3\?] � .

EndFor
Updateleaders
Sendleadersto Q -archive
crowding(leaders),R  R (^%

EndWhile
Reportresultsin Q -archive

End

Figure1. Pseudocodeof ouralgorithm.

3. MULTI-OBJECTIVEPARTICLE SWARM
OPTIMIZATION

The first part of our work consistsof the study of the pa-
rametersof a MOPSOapproachthat is part of our previous
work. The first versionof our MOPSOalgorithmwaspre-
sentedin [9] andupdatedin [8]. TheMOPSOstudiedin this
paperis basedon Paretodominance,sinceit considersev-
ery nondominatedsolutionasa new leader(a leaderis used
asthe gbest solutionin Equation(2)). Additionally, the ap-
proachalso usesa crowding factor [2] as a seconddiscri-
minationcriterionwhich is alsoadoptedto filter out the list
of availableleaders.For eachparticle,we selectthe leader
in the following way: 97%of thetime a leaderis randomly
selected,if andonly if thatleaderdominatesthecurrentpar-
ticle,and,theremaining3%of thetime,weselectaleaderby
meansof a binary tournamentbasedon the crowding value
of the availablesetof leaders.If the sizeof the setof lea-
dersis greaterthan the maximumallowable size, only the
bestleadersareretainedbasedon their crowding value. We
alsoincorporatedin theproposedapproachtheuseof diffe-
rentmutation(or turbulence) operatorswhichactondifferent
subdivisionsof theswarm.We proposeda schemeby which
the swarm is subdivided in threeparts(of equalsize): the
first sub-parthasno mutationatall, thesecondsub-partuses
uniform mutationand the third sub-partusesnon-uniform
mutation.Theavailablesetof leadersis thesamefor eachof
thesesub-parts.Finally, the proposedapproachalso incor-
poratesthe _ -dominanceconcept[5] to fix thesizeof theset
of final solutionsproducedby thealgorithm.Figure1 shows
thepseudo-codeof our proposedapproach.

3.1. Parameters of our MOPSO approach

As we mentionedbefore, the selectionof a leaderin our
MOPSOapproachis doneby meansof acombinationof two
differenttechniques:(1) by dominanceand(2) by crowding
values.In this way, ourapproachchoosestechnique(1) with
certainprobability (called `ba ), otherwise,it choosestech-
nique(2). After anextensiveseriesof experiments,we fixed
the value of `ba to 0.97. However, `ba is itself a parame-
ter of our approach.On the otherhand,sincewe definea
schemeby which two differentmutationoperatorsareused
into theswarm,a mutationprobability `Kc is needed.How-
ever, in orderto avoid the definitionof extra parametersfor
the mutationoperators,we adopta rule of thumbnormally
usedin theEA literature[1]: themutationrateis definedas�-d�e.fhgji a�k�l i , where e.fhgji a?k�l i refersto thetotal lengthof the
string thatencodesall thedecisionvariablesof theproblem
(thenumberof variablesin ourcase).

In orderto performtheflight of eachparticle,thechanges
to the velocity vectoraredoneusingEquations(1) and(2),
correspondingto the global bestversionof PSO.However,
in Equation(2) we use: C �mHhnjo�g1f c � NOp � IBNqpsr � , D E I�D F �Hhnjo�g1f c �<� p rqI�t;p N � , and H E I H F �uH-njo�gjf c � Nqp NqI � p N � . Note
thatmostof thepreviousPSOproposalsfix thevaluesof C ,D E and D F insteadof usingrandomvaluesasin ourcase.The
only exceptionthat we know (in the specificcaseof MOP-
SOs)is someof our own previous work [10]. We adopted
this schemesincewe found it asa moreconvenientway of
dealingwith thedifficultiesof fine tuningtheparametersC ,D&E and DGF for eachspecifictestfunction. However, C , D&E
and DGF canbeconsideredparametersof our approach.

In the first versionof our MOPSOapproach,for each
problem,thevalueof _ wastunedbasedon thedesirednum-
berof pointsin thefinal Paretofront. Nevertheless,thecur-
rent versionof our approachalreadyincludesa relatively
simple mechanismto adapt the value of the parameter_
throughoutthe run. The mechanismimplementedis based

on theformula[5]: `wvyx{z}|<~��B�|<~<�'� E	�!�	�.�!���
E
, wherèwv is the

numberof pointsdesiredin thefinal Paretofront, � is anup-
perboundfor all theobjective functions(calculatedover the
currentvalues)and c is the numberof objective functions.
Ourapproachstartsthevalueof _ usingthepreviousformula.
Later on, the valueof _ is adjustedbasedon the numberof
pointsthatthecurrentParetofront contains.Sincelargeval-
uesof _ produceParetofrontswith few solutions,thevalue
of _ increasesor decreasesdependingon thecurrentnumber
of solutionsin theParetofront. Thechangein thevalueof _
is proportionalto thedifferencebetweenthedesiredandthe
currentnumberof optimalsolutions.

Thus,theparametersof ourapproachthataregoingto be
consideredin ourstudyare: a�� njH c�a�k�l i (sizeof theswarm),� c nj� (numberof iterations),̀ba (selectionprobability)andC , D&E and DGF (velocityupdateformula).



4. DESCRIPTIONOF OURWORK

4.1. ANOVA

With the aim of exploring which parameterswerethe most
importantfor theperformanceof ourapproach,weperformed
anAnalysisof Variance(ANOVA). For suchstudy, we con-
sidered3 different levels for eachoneof the parametersof
ourapproach:

a�� njH c�a�k�l i : 50,100,200.� c nj� : 50,100,200.`ba : 0.3,0.6,0.97.C : 0.1,0.5,random(0.1,0.5).D&EhI3D+F : 1.5,2.0,random(1.5,2.0).

In this way, the total numberof combinationswas: 729.
Weperformed30runsfor eachcombinationandfor eachone
of the seven following test functions(21870runsper func-
tion, 153090runsin total):

TestFunctionZDT1 [13]:
Minimize �7� E � ���� I � F � ��!�	�� E � �������� E , � F � ��������!� ��!�	���5� EhI �q���� ��������+���G� ���� F � � dq� c ����� , ���7��� I �;�>���&��� � E d-�
wherec ��� N , and � � J [0,1].

TestFunctionZDT2 [13]:
Minimize �7� E � ���� I � F � ��!�	�� E � �������� E , � F � ��������!� ��!�	���5� E I �q���� ��������+��� � ���� F ���9dq� c ����� ,���7��� I �;�>���&���7� E d-�;� F
wherec ��� N , and ��� J [0,1].

TestFunctionZDT3 [13]:
Minimize �7� E � ���� I � F � ��!�	�� E � �������� E , � F � ��������!� ��!�	���5� E I �q���� ��������+��� � ���� F � � dq� c ����� ,���7��� I �;�>���&� � � E d-�b���7� E d-�;� a�k o��	� N¡  � E �
wherec ��� N , and ��� J [0,1].

TestFunctionZDT4 [13]:
Minimize �7� E � ���� I � F � ��!�	�� E � �������� E , � F � ��������!� ��!�	���5� EhI �q���� ��������-�Y� N � c �w����� � ��¢� F �
� F� �w� N e?f a �
£   � � �	� , ���5��� I �q�>��&� � � E d��
wherec �¤� N , � E�J [0,1] and � � J [-5,5], k � t;I�p¢p�p�I	c .

TestFunctionDTLZ2 [3]:
Minimize �7� E � ���� I � F � ��!� I �h¥¡� ����	�� E � ������m�<�+�M�!� ����B�<e.f a �
� E?  d t �<e.f a ��� F?  d t �� F � ������m�<�+�M�!� ����B�<e.f a �
� E?  d t � a�k o���� F?  d t ��h¥¡� ������m�<�+�M�!� ����B� a�k o���� E'  d t ���� ������ � ���� ¥ ��� � � NOp r � F wherec ��� t and � � J [0,1].

TestFunctionDTLZ4 [3]:
Minimize �5� E � ��!� I � F � ��!� I �h¥¡� ����B�� E � ��!�����	�+�¦�!� ����	�<e?f a �
��§E   d t �<e.f a �
��§F   d t �� F � ��!�����	�+�¦�!� ����	�<e?f a �
��§E   d t � a�k o�����§F   d t �� ¥ � ��!�����	�+�¦�!� ����	� a�k o���� § E   d t ��!� ����+� � ��¢� ¥ �����	� NOp r � F wherë =100, c �¤� t and��� J [0,1].

TestFunctionDTLZ6 [3]:
Minimize �5� E � ��!� I � F � ��!� I �h¥¡� ����B�� E � ��!����� E I � F � ��!����� F� ¥ � ��!�����	�+�¦�!� ����	�	���5� E I � F I �;��!� ����+�¤�+�#�jd;� c � t �O� ��¢� ¥ ��� I���5� EhI � F¡I �q�����K��� F��� E LG© :E	�!ª �<�+� a�k o��5�   � � �	��P
wherec � t1t and � � J [0,1].

In previousstudies[8], wehaveusedseveralmeasuresof
performance.However, for thestudypresentedin thispaper,
we selectedthe measurethat empirically hasreflectedthe
changeson quality in abetterway:
SuccessCounting (SCC): This measurecountsthenumber
of vectors,in thecurrentsetof nondominatedvectorsavail-
able, that aremembersof the Paretooptimal set: «�DwD ��­¬�¢� E a � I where o is the numberof vectorsin the current
setof nondominatedvectorsavailable; a � = 1 if vector k is
a memberof theParetooptimalset,and a � � N otherwise.

TheANOVA providedthefollowing conclusions:® a?� n1H c�a�k9l i : largevaluesgivebetterresults.®M� c nj� : as a�� njH c�a�k�l i , largevaluesgivebetterresults,
althoughat a lower rate.

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

® `ba : exceptin functionDTLZ4, largevaluesgivebetter
results.® C : exceptin functionDTLZ2, largevaluesgivebetter
results.® D¯E : this parameteris not importantfor our MOPSO
approach,that is, its value doesn’t affect the perfor-
manceof thealgorithm.® D F : exceptfor functionDTLZ2, largevaluesgivebet-
ter results.

As we can see,the parameters̀ba , C and DGF are the
mostimportantfor ourapproach,sincetheirvaluesaffect the
performanceof thealgorithm.In thisway, weperformedan-
otherANOVA in which thevalueof theparametersa?� n1H c -a�k�l i , � c nj� and D&E were fixed at: 200, 100 and random



(1.5,2.0),respectively. In this case,we consideredthe fol-
lowing levels for the parametersthat were found to be the
mostimportant:`ba : 0.0,0.2,0.4,0.6,0.8,0.97,1.0(7 levels).C : 0.1,0.2,0.3,0,4,0.5,random (6 levels).DGF : 1.5,1.6,1.7,1.8,1.9,2.0,random (7 levels).

In thisway, this timewehadatotalof 294combinations.
Weperformed30runsfor eachcombinationandfor eachone
of theseventestfunctionspreviouslydefined(8820runsper
function,61740runsin total). As in thecaseof theprevious
ANOVA, weobtainedverysimilar conclusions.However, in
thiscase,wewereableto obtainthevaluesthatgavethebest
performanceof our MOPSOapproach:

`ba : 0.2,0.8,0.97.C : 0.2,0.4,0.5.D F : 1.5,2.0.

4.2. Proposed Approaches

As we observed in the previous section, from the two
ANOVAs performedweobtainedasetof valuesfor themost
importantparametersof ourMOPSOapproach,thatgive the
bestperformance.Sincewe have a finite setof possibleval-
uesfor theparameters̀ba , C and DGF , we will considerthe
problemof the selectionof the bestvaluefor eachparame-
terasamulti-armedbanditproblem.Themulti-armedbandit
problemwasoriginally describedby Robbins[7]. A multi-
armedbandit,alsocalledK-armedbandit,is similar to a tra-
ditional slot machine(one-armedbandit)but, in general,has
more than one lever. Initially, the gamblerhasno knowl-
edgeaboutthelevers,but throughrepeatedtrials, hecanfo-
cuson themostrewardinglevers.Therearetwo versionsof
theK-armedbandit,theopaque in which a uniquerewardis
observedat eachround,andthe transparent in which all re-
wardsareobserved. Thegamblerplaysiteratively onelever
at eachroundandobservesthe associatedreward. His ob-
jective is to maximizethesumof thecollectedrewards.The
problemof determiningthe beststrategy for the gambleris
calledthemulti-armedbanditproblemandmany strategiesor
algorithmshave beenproposedassolutionsto this problem.
In ourcase,eachlevercorrespondsto oneof thepossibleval-
uesfor theparametersthatwe want to adapt.Eachtime the
MOPSOapproachselectsa specificvalue(a lever) for a pa-
rameter, thatvalue(lever) receivesa reward. We definetwo
typesof reward:
Reward 1: If the obtainedparticle is ableto enterinto the
setof leaders,the lever receivesa reward of 1. Otherwise,
thelever receivesa rewardof 0.
Reward 2: If theobtainedparticleis ableto enterinto theset
of leaders,theleverreceivesa rewardof 0.5.Furthermore,if
theobtainedparticleis ableto dominateat leastonemember

of thesetof leaders,the lever receivesanadditionalreward
of 0.5.Otherwise,thelever receivesa rewardof 0.

All thelevers,for thethreeparameters( `ba , C and D+F ),
startwith a total rewardof zero. The first generation(zero)
of the MOPSOapproachis usedto obtaininitial valuesfor
the meanreward for eachlever, of eachparameter. That is,
any specificstrategy is appliedbeginningwith generation1.

We usethreedifferent mechanismsto adaptthe corre-
spondingvaluesof the studiedparameters.The first is pro-
posedby us, and the other two were chosenbasedon the
work presentedin [11] 1:

Proportional. This strategy consistsof a randomchoice
accordingto the probability:
�° � ±�²��³:�´jµ ± : where ¶ � is the

estimatedmeanof the rewardsbroughtby the lever k and o
is thetotal numberof levers.

The · -GreedyStrategy. This is probablythe simplest
andthe mostwidely usedstrategy to solve the banditprob-
lem asit wasdescribedby Watkins[12]. The · -greedycon-
sist of choosinga randomlever with · -frequency, andoth-
erwisechoosingthe lever with the highestestimatedmean.· mustbe in the openinterval (0,1) andits choiceis left to
theuser. The · valuecontrolstheamountof exploration(the
probability of executingactionsotherthanthe onewith the
highestestimatedmean). In this way, the · -greedystrategy
is sub-optimalbecauseasymptotically, the constantfactor ·
preventsthestrategy from gettingarbitrarily closeto theop-
timal lever.

The Soft Max Strategy. Thisstrategy, alsocalledBoltz-
mannExploration[6], consistsof arandomchoiceaccording
to a Gibbsdistribution. Thelever ¸ is chosenwith probabil-
ity 
�° � ¹�º ²�»9¼� ³:¢´Aµ ¹ º : »�¼ where ¶ � is theestimatedmeanof the

rewardsbroughtby the lever k and ½�J�¾ ¿ � is a parameter
calledthe temperature. Thechoiceof ½ ’s valueis left to the
user. Theparameter½ hasanimpactsimilar to · . Smallval-
uesof ½ increasethe tendenceto choicethe lever with the
bestestimatedmean.

5. RESULTS

Wehavetestedtheproposedmechanismsusingtheseventest
functionspreviously defined.For the · -greedyandthesoft-
max approach,the allowable valuesof · and ½ are À 0.05,
0.10,0.15Á , basedon the work presentedin [11] andgiven
the impactof theseparameters(briefly discussedin thepre-
vioussection).We performed30 runsfor eachfunctionand
eachmechanism.The parametersadoptedfor the MOPSO
algorithmwere:200particles,100generationsand100points
in the final Paretofront. The obtainedresultsareshown in
Tables1 to 7. For eachtest function, we presentthe best,

1In [11], Vermorelet al. providedthefirst preliminaryempiricalevalua-
tion of severalmulti-armedbanditalgorithms.



median,worst,meanandstandarddeviationof theSCCmea-
sure,for the MOPSOapproachwithout adaptationand the
MOPSOapproachwith adaptation,with thedifferentmech-
anismsandthetwo typesof reward.

6. DISCUSSIONOF RESULTS

Function ZDT1. Aswecanseein Table1,all theapproaches
obtainedvery goodresultswith bothtypesof reward. How-
ever, only theproportionalstrategy wasableto improve the
resultsof theapproachwithoutadaptation,by almost10par-
ticles (on average),usingreward 2. It is very interestingto
note that in all cases,the approacheswith adaptationim-
provedtheworst resultsof the approachwithout adaptation
(exceptfor softmax,whosequality wasthesamewhen ½ �Nqp � ). In this way, the standarddeviation of the approaches
with adaptationwas smallerthan for the approachwithout
adaptation.In general,the · -greedyandsoftmaxstrategies,
hada betterperformance(on average)usingreward1, being
the softmaxbetterthanthe · -greedystrategy. Also, we can
observethatthe · -greedystrategy lostqualitywhenusingre-
ward2.
Function ZDT2. As in functionZDT1, in this function the
proportionalapproach(usingreward2) obtainedthebestre-
sultshaving thesamequality thantheresultsof theapproach
without adaptation(seeTable2). In this case,the softmax
strategy hada betterperformanceusingreward2, beingbet-
ter than the · -greedystrategy (whosebestresultswereob-
tainedusingreward1). As in thepreviousfunction,we can
observeagainthatthethe · -greedystrategy lostqualitywhen
usingreward2.
Function ZDT3. From Table3, we canconcludethat the
proportionalapproachobtainedagainthe bestresultsusing
reward2 andalsoslightly improvedthe resultsobtainedby
the approachwithout adaptation.In this case,the · -greedy
andthesoftmaxstrategieshada bestperformanceusingre-
ward 1, being · -greedymarginally better. Finally, we can
observethatthe · -greedystrategy lostqualityagainwhenus-
ing reward2.
Function ZDT4. As we can seein Table 4, in this func-
tion all the approacheshada very similar behavior. All the
adaptationstrategiesimprovedtheresultsobtainedby theap-
proachwithout adaptationor at leastreachedthesamequal-
ity. Theonlyexceptionwasthe · -greedystrategywhen · =0.05
andit usedreward2. Also, this samecasewastheonly that
didn’t improve the worst resultsobtainedby the approach
without adaptation.In this case,the bestresultswerefrom
the softmaxstrategy usingreward 1. However, in this case
thereareno importantdifferencesin theperformanceof the
approaches,whencomparedwith respectto the type of re-
wardused.
Function DTLZ2. In this function(seeTable5) all theadap-
tation strategieshadagainvery similar behavior. However,

only the softmaxstrategy (usingreward 1) wasableto im-
prove the resultsobtainedby the approachwithout adapta-
tion. In thiscase,all thestrategieshadbetterresultsusingre-
ward1, improving theworstresultsfrom theapproachwith-
out adaptation,in all cases.
Function DTLZ4. As in functionZDT4, in this caseall the
adaptationstrategiesimprovedtheresultsobtainedby theap-
proachwithout adaptationor at leastreachedthesamequal-
ity (seeTable6). Also, all theapproacheshadtheir bestper-
formanceusingreward 1, beingthe bestthe · -greedystrat-
egy, in this case. It is very interestingto note that, in this
function,all theadaptationstrategiesimprovedsignificantly
thebestresultobtainedby theapproachwithout adaptation,
speciallyin thecaseof the · -greedystrategy (almost70 par-
ticles,when · =0.05andusingreward1). However, sincethe
medianand worst valueswere not improved, the standard
deviationsweregreaterin thiscase.
Function DTLZ6. As wecanseein Table7, in this function
it is againreward1 theonethatprovidedthebestresults,for
all the adaptationstrategies. The bestresults,in this case,
wereobtainedby the softmaxstrategy. In this function, the
softmaxstrategy improved the bestandmedianresultsob-
tainedby the approachwithout adaptation.However, as in
functionDTLZ4, sincetheworstvalueswerenot improved,
thestandarddeviationsweregreaterin this case.As we ob-
serve, the proportionalstrategy obtainedvery good results
in threeof the seven testfunctions,usingreward 2: ZDT1,
ZDT2 andZDT3. However, this behavior wasnot consis-
tent. In general,reward1 providedbetterresultsthanreward
2, speciallyin thecaseof the · -greedystrategy. Theobtained
resultsseemto indicatethat the knowledgeaboutthe abil-
ity of a setof parametersto providea nondominatedparticle
is enoughinformationto reward it. In general,the softmax
strategy hadbetterperformancethantheproportionalandthe· -greedystrategies. In fact,unlike thecaseof the two other
approaches(speciallythe · -greedy),the resultsof the soft-
max strategy were not significantly affectedby the useof
differentrewards.Also, thesoftmaxstrategy wasableto im-
prove theperformance(on average)of theapproachwithout
adaptationin fiveof theseventestfunctions,andto maintain
the quality of the obtainedsolutionsin onemoretest func-
tion. Finally, for all thetestfunctions,atleastoneof thethree
proposedstrategieswasableto improvetheperformance(on
average)of theapproachwithoutadaptation.

7. CONCLUSIONSAND FUTUREWORK

When using evolutionary algorithmsto solve optimization
problems,oneof themaindifficultiesis to definethevalues
of thecorrespondingparameters,thatprovidethebestperfor-
mance.In this paper, we proposedthreedifferentstrategies
to adaptthevaluesof theparametersof amulti-objectivepar-
ticle swarm optimizer previously proposedby the authors.



Table1. OBTAINED RESULTSFORFUNCTIONZDT1
Function ZDT1

SCC without with adaptationandreward1
measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 adaptationandreward2

measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 RESULTSFORFUNCTIONZDT2
Function ZDT2

SCC without with adaptationandreward1
measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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.dev. 7.8 15.9 18.4 10.6 13.4 15.4 16.9 18.1
SCC without with adaptationandreward2

measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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.dev. 7.8 9.5 23.7 28.2 20.2 13.9 15.5 18.6

Table3. OBTAINED RESULTSFORFUNCTIONZDT3
Function ZDT3

SCC without with adaptationandreward1
measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 adaptationandreward2

measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 14.5 17.5 11.5 14.8 18.9



Table4. OBTAINED RESULTSFORFUNCTIONZDT4
Function ZDT4

SCC without with adaptationandreward1
measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 1.5 4.4 3.4 3.7 2.7 2.1 2.3
SCC without with adaptationandreward2

measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 RESULTSFORFUNCTIONDTLZ2.
Function DTLZ2

SCC without with adaptationandreward1
measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 adaptationandreward2

measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 RESULTSFORFUNCTIONDTLZ4.
Function DTLZ4

SCC without with adaptationandreward1
measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 adaptationandreward2

measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 RESULTSFORFUNCTIONDTLZ6.
Function DTLZ6

SCC without with adaptationandreward1
measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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 adaptationandreward2

measure adaptation Prop. · � 0.05 · � 0.10 · � 0.15 ½ � 0.05 ½ � 0.10 ½ � 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

First of all, we describedthe study performedto explore
whichof theparametersof ourmulti-objectiveapproachwere
themostimportant.Fromsuchstudy, weobtainedafinite set
of valuesfor eachparameter, thatprovidedthebestresults.In
thisway, weproposedthreedifferentmechanismsinspiredin
themulti-armedbanditproblem,to adaptthevalueof thepa-
rametersof our approach.We usedsevendifferenttestfunc-
tionstakenfrom thespecializedmulti- objectiveoptimization
literatureto validateourproposals.For all thetestfunctions,
at leastoneof the threeproposedstrategieswasableto im-
prove the performanceof the approachwithout adaptation.
In fact, oneof the proposedstrategies(Soft Max) wasable
to improve the performanceof the approachwithout adap-
tation in five of the seven test functions, and was able to
maintainthe quality of the obtainedsolutionsin onemore.
In this way, we may concludethat it is possibleto design
on-line adaptationmechanismsable to maintain(and even
improve) thequality of thesolutions,with thesamecompu-
tationalcost. As partof our future work, we plan to design
bettermechanismsto adaptthe valuesof the parametersof
our multi-objective approachand to test suchstrategies on
differentevolutionaryalgorithms.
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