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Abstract—jMetal is a Java-based framework for multi- to the Pareto front ensures that we are dealing with optimal
objective optimization using metaheuristics. It is an easéo-use,  splutions, while a uniform spread of the solutions meant tha

flexible, and extensible software package that has been used ;o nave made a good exploration of the search space and
in a wide range of applications. In this paper, we describe .
no regions are left unexplored.

the design issues underlying jMetal, focusing mainly in its ]
internal architecture, with the aim of offering a comprehensive To cope with those goals, new methods and tech-
view of its main features to interested researchers. Amonghe  niques are continuously appearing. In consequence, the
covered topics, we detail the basic components facilitatiithe  exjstence of software libraries which assist the develop-
|mpleme_ntat|on of multi-objective metah_eurlstl_cs (soluton_ 'eP-  ment of these techniques is desirable. An example of
resentations, operators, problems, density estimators rehives), ) . T

the included quality indicators to assess the performancefahe IS kind of software is jMetal [4], a Java framework
algorithms and jMetal’s support to carry out full experimental ~aimed at multi-objective optimization with metaheuristic
studies. It is an open-source software that can be obtained from
http://jmetal . sourceforge. net.

The goals driving the design of jMetal are to:

o Provide the users with an easy-to-use, flexible, and
extensible tool. This is achieved thanks to its object-

oriented design and to an internal architecture focused
on multi-objective metaheuristics, where the core com-

ponents of the algorithms are clearly defined.

To assist in the overall process of researching with meta-
heuristics algorithms: implementation of techniques,

definition of the problems to solve, performance assess-
ment indicators, and support for carrying out extensive

I. INTRODUCTION

The optimization of problems involving two or more
conflicting objectives has received an increasing attentio
in the last years. Usually, these problems are referred as
Multi-objective Optimization Problems (MOPSs). Typically
there exists no single solution or point which optimizes all
the objective functions at the same time; thus, the optimum
of a MOP is given by a set of points known as the Pareto *
optimal set. The elements in this set are said to be non-
dominated since none of them is better than the others for
all the objective function values. The representation & th

; . S ; xperimental ies.
Pareto optimal set in the objective space is known as the e. perimental studies )
Pareto front. During the development of jMetal, other related Java-based

As in single-objective optimization problems, MOPs may©0IS have appeared, e.g., EVADPTA, or ECJ. All these
present features such as non-linear formulations, cantra (00lboxes can be useful enough for many researchers. How-

and NP-hard complexity that make them difficult to solve€Ver, while jMetal is specifically oriented to multi-objeet
In that context, the application of exact techniques foPPtimization W|th metaheurlsycs, most of_ those framevgork
solving them is not practical, and approximate techniques a2® focused mainly on evolutionary algorithms, and many of
required. Among them, Metaheuristics [1] are widely usedhem are centred in single-objective optimization, offgri
They constitute a family of techniques comprising method@0mMe extensions to the multi-objective domain. There are
such as Evolutionary Algorithms (EAs), Evolution Straggi Other tools, such as PISA [5] or MOEO [6], but they require
(ES), Scatter Search (SS), Particle Swarm Optimizers (PSc¥) Use C/C++ instead of Java. o
and Ant Colony Optimization (ACO), being EAs the most jMetal has been used in a wide range of applications.
well-known algorithms [2][3]. Some examples are: solving bin packing problems in auto-
Obtaining the Pareto front of a MOP is the main goalhobile sheet metal forming processes [7], decision support
of multi-objective optimization. In theory, a Pareto frontin séveral disciplines [8][9], design and comparison of new
can contain a large (possibly infinite) number of points@lgorithms [10][11] [12][13][14], the optimization of tHeow
In practice, when using metaheuristics the aim is to gé?tf experiments to a Robot_ Scientist [15], solving the record
an approximation to the Pareto front by computing a finitinkage problem [16], replication of overlay networks [17]
number of solutions. In this context, this set of solutionssm OPtimization of planning task [18], optimization of softrea
fulfill two features to be useful to the decision maker: théngineering problems [19] [20], and the optimization of
points should be as close as possible to the exact Pareto fryghicular ad hoc networks [21]. Furthermore, jMetal has
(convergenceand be uniformly spreadifversity). Closeness been also considered as the main software tool in PhD
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+evaluate(solution: Solution): void
+evaluateConstraints(solution: Solution): void

Fig. 1. Base classes into jMetal.

dissertations such as [22] and [23]. diagram the relationships among these classes and otla¢rs th
The main goal of this paper is to describe the design anill be described next.

architecture of jMetal. The idea is to present a comprelrensi A generic terminology to name the classes has been

view of the framework detailing the elements composingmployed in order to make them general enough to be used in

its fundamental components and to detail the main fadlitiea wide variety of metaheuristics. This way, in the context of

provided. To deal with these issues, we focus first in how tBAs, populations and individuals correspondSolutionSet

represent solutions (i.e, encodings) and the operatioats tland Solution jMetal classes, respectively; the same can be

can be applied to them. After that, we take a look to thapplied to PSO algorithms concerning the concepts of swarm

implementation of problems and algorithms. We also deand particles.

scribe how quality indicators are included in the frameworkA Encodi £ Soluti

Finally, we explain how jMetal gives support for making” ™ ncoding of Solutions

experimental studies involving different metaheuristcs One of the first decisions that have to be taken when

problems. using metaheuristics is to define how to encode or represent
The rest of this paper is organized as follows. First, théhe tentative solutions of the problem to solve. Representa

base architecture of jMetal is presented in Section 1I. Nexton strongly depends on the problem and determines the

section is devoted to detailing the quality indicatorsimigld OPerations (e.g., recombination with other solutionsaloc

in jMetal. In Section V, we describe how our softwareSearch procedures, etc.) that can be applied. Thus, sgjecti

can be used to carry out experimental studies. Finally, tfesPecific representation has a great impact on the behaviour

conclusions and some lines of future work are presented. of metaheuristics and, hence, in the obtained results.
Fig. 2 depicts the basic components that are used for repre-

Il. ARCHITECTURE OF METAL senting solutions into the framework.2olutionis composed
of set of Variable objects, which can be of different types
jMetal is designed following an object-oriented architec{binary, real, binary-coded real, integer, permutatiott) e
ture which facilitates the inclusion of new components anglus an array to store the fitness values. With the idea of
the re-use of existing ones. It provides the user with a set pfoviding a flexible and extensible scheme, e&iution
base classes which can be extended to design new algorithimgs associated a type (tB®lutionTypeclass in the figure).
implement problems and operators, etc. The solution type allows to define the variable types of
Fig. 1 depicts a UML diagram including the core classethe Solutionand create them, by using tlceeateVariables()
within the framework. The working principle of jMetal is tha method. This is illustrated in Fig. 3 which shows the code
an Algorithm solves aProblem using one (possibly more) of the RealSolutionTypelass (we have omitted irrelevant
SolutionSetand a set ofOperator objects. We see in the details), used to characterize solutions composed onlgaly r
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Fig. 2. Elements describing solution representations jiMietal.

public class Real Sol utionType extends Sol utionType {
/'l Constructor
publi ¢ Real Sol uti onType(Probl emproblem) {

} 11 Constructor

public Variable[] createVariables() {
Variabl e[] variables = new Vari abl e[ probl em . get Nunber Of Vari abl es()];

for (int var = 0; var < probl em.get Nunber Of Vari abl es(); var++)
vari abl es[var] = new Real ();

return variables ;
} 11 createVariables
} /1 Real Sol utionType

Fig. 3. Code of theRealSolutionTypelass, which represents solutions of

real variables.

variables. jMetal provides similar solutions types to esamt
integer, binary, permutation, and other representatassan
be seen in Fig. 2.

The interesting point of using solution types is that it
facilitates the definition of more complex representations
mixing different variable types. For example, if we need 8
new solution representation consisting in a real, an infeg

and a permutation of integers, a new class exten&aly-

tionTypehas to be defined for representing the new typ

where basically only thereateVariables(Jnethod should be

e

€,

Once we have the means to define or using existing
solution representations, we can create solutions that can
be grouped intoSolutionSetobjects (i.e., populations or
swarms).

B. Operators

Metaheuristic techniques are based on modifying or gen-
erating new solutions from existing ones by means of the
application of different operators. For example, EAs make
use of crossover, mutation, and selection operatos forfiyrodi
ing solutions. In jMetal, any operation altering or genieigt
solutions (or sets of them) inherits from tperatorclass,
as can be seen in Fig. 1.

The framework already incorporates a number of opera-
tors, which can be classified into four different classes:

« Crossover Represents the recombination or crossover
operators used in EAs. Some of the included operators
are the simulated binary (SBX) crossover [2] and the
two-points crossover for real and binary encodings,
respectively.

« Mutation Represents the mutation operator used in
EAs. Examples of included operators are polynomial
mutation [2] (real encoding) and bit-flip mutation
(binary encoding).

« Selection This kind of operator is used for performing
the selection procedures in many EAs. An example of
selection operator is the binary tournament.

o LocalSearch This class is intended for representing
local search procedures. It contains an extra method for
consulting how many evaluations have been performed
after been applied.

Each operator contains ttsetParameter(and getParam-
eter() methods, which are used for adding and accessing to
an specific parameter of the operator. For example, the SBX
crossover requires two parameters, a crossover prolyabilit
(as most crossover operators) plus a value for the disimibbut
index (specific of the operator), while a single point mutati
operator only requires the mutation probability.

It is worth noting that when an operator is applied on a
iven solution, the solution type of this one is known. Thus,
we can define, for example, a unique two-points crossover
operator that can be applied to binary and real solutions,
using the solution type to select the appropriate code ih eac

ase.

redefined. Fig. 4 shows the code required for this new type problems

of solution.

public Variable[] createVariables() {
Variabl e[] variables = new Variable[3];

vari abl es[ 0]
vari abl es[ 1]
vari abl es[ 2]

new Real ();
new Int();
= new Pernutation();

return variabl es;
} /1 createVariable

Fig. 4. Code of thecreateVariables()method for creating solutions
consisting on a Real, an Integer, and a Permutation

In jMetal, all the problems inherits from clas&oblem
This class contains two basic methodsaluate()and eval-
uateConstraints() Both methods receive &olution repre-
senting a candidate solution to the problem; the first one
evaluates it, and the second one determines the overall
constraint violation of this solution. All the problems leav
to define theevaluate()method, while only problems having
side constraints need to defimwaluateConstraints()The
constraint handling mechanism implemented by default is
the one proposed in [25].



. public class Kursawe extends Problem {

1

2. /1 Constructor 7

3 public Kursawe(String sol utionType, Integer numberCf Variables) { So!utlanet
4. nunber O Variabl es_ = nunmber Of Vari abl es ; +add(): void X

5 nunber Of Cbj ectives_ = 2 ; +remove(): void
6 nunber Of Constraints_ = 0 H +size(): int

7 probl emName_ = "Kur sawe" H +rep|ace<). void
8. .

9. if (solutionType.conpareTo("BinaryReal") == 0) A

10. sol utionType_ = new BinaryReal Sol utionType(this) ;

11. else if (solutionType.conpareTo("Real") == 0)

12. sol utionType_ = new Real Sol utionType(this) ; Archive
16. '} // Kursawe VoI

17 +add(): void

18.  [*x

19. =+ Evaluates a solution

20.  +/ A

21, public void eval uate(Sol ution solution) { AdaetiveGridArchive —v— CrowdingArchive
22. double f1 = 0.0, f2 = 0.0;

23. /1 computing f1 value

24. .

52 /1 conputing f2 val ue [ StrengthRawFitnessArchive |
27. sol ution. set bj ective(0, f1);

28. sol ution. setObjective(l, f2);

29. } I/ evaluate

30. } // Kursawe

Fig. 6. Archives included in jMetal.

Fig. 5. Code of the class implementing problem Kursawe.

of an algorithm due to space restrictions. Interested

A key design feature in jMetal is that each problem definereaders can find in [4] and in jMetals user manual

the allowed solutions types that are suitable to solve @. 5i &n tp://jmetal.sourceforge. net/documentation)

shows the code used for implementing the known Kursawe%sgi[\i'lle[gs]descnpt'on of the code for implementing

problem (we have omitted again irrelevant code). As we . . . . .
can observe, it extends clagsoblem (line 1). After that, Besides NSGA-II, ]Metal. includes the |mpler.nen.tat|c.>n
a number of both classic and modern multi-objective

a constructor method is defined for creating instances rgtimizers; some examples are: SPEA2 [27], PAES [26],

Containing a solution type dentiier. The. bast features EMOPSO [29], MOCell 30], AbYSS [31], MOEAID [32],
DE3 [33], IBEA [34], or SMPSO [35].

the problem (number of variables, number of objectives;
and number of constraints) are defined next (lines 4-6).
The sentences between lines 9-12 are used to create the
correspondingSolutionTypeobject and assign it to a state  As stated in the introduction, the main goal when solving

variable. Specifically, in this case the problem only allows MOP is to compute an accurate approximation to its Pareto
real and binary-coded real as solution representationRee  front in terms of convergence and diversity of solutions. To

alSolutionTypeand BinaryRealSolutionTypsolution types.  avoid to converge to small regions of the Pareto front, most

After the constructor, thevaluate()method is redefined of multi-objective metaheuristics incorporate mechasigm
(lines 18-29); in this method, after computing the two obpromote diversity. Examples of these mechanisms are the
jective function values, they are stored into the solutign bcrowding distance of NSGA-II, the hypergrid used by PAES,
using thesetObjectivemethod ofSolution(lines 27 and 28). or the density estimator used by SPEA2.

Many of commonly used benchmark problems are al- These diversity mechanisms are frequently applied in
ready included in jMetal. Examples are the ones proposedmbination with external bounded archives. The typical
by Zitzler-Deb-Thiele (ZDT) [36], Deb-Thiele-Laumanns-procedure is that, whenever a new solution is evaluated, it
Zitzler (DTLZ) [37], Walking-Fish-Group (WFG) test prob- is sent to the archive to be inserted. The insertion method

IIl. DIVERSITY PRESERVATION ANDARCHIVES

lems [38]), and the Li-Zhang benchmark [32]. compares the new solution against the contents of the archiv
. and the new solution is inserted if it is non-dominated
D. Algorithms with respect to all the solutions in the archive; otherwise,

Finally, we pay attention to thAlgorithm class, which is it is discarded. Furthermore, those solutions in the aechiv
probably the most important one in the framework. This claggdominated by the new solution are removed. As the archives
is intended to represent all the metaheuristics in jMetdlas  are bounded, they can become full after a solution insertion
only an abstract metho@xecute() which defines the behav- so a given diversity scheme is used to remove the solution
ior of the algorithm and returns SolutionSets a result. As which less contributes to the diversity.
each metaheuristic technique may require some application All these operations are facilitated by using jMetal
specific parametersilgorithm provides two methods for archives. An archive is only a kind &olutionSethich re-
adding and accessing to themddParameter(Jand getPa- defines the method to add solutions to perform the aforemen-
rameter() respectively. Similarly, an algorithm may alsotioned actions. Fig. 6 depicts the archives currently idetl
make use of some operators, so methods for incorporatingo jMetal: CrowdingArchive StrengthRawFitnessArchive
operators 4ddOperator() and to get themdetOperator() andAdaptiveGridArchivébased on the diversity preservation
are provided. mechanism of NSGAIl, SPEA2, and PAES, respectively.

We do not include in this section the complete description !



IV. QUALITY INDICATORS

jmetal.experiments

This section is devoted to present the quality indicators Experiments
included in jMetal and to describe how they can be used for L SaortmNameL st - Sog [
different purposes.  ndiostortst < Swngl

Contrary to single-objective optimization, where assess-  Moormeattings. Settings(]
ing the performance of a metaheuristic mainly requires to e tings(): void
observe the best value yielded by an algorithm (i.e., the e g e2cs: b vord
lower the better, in case of minimization problems), in fult - ConeratoWikoxanScipy) vad
objective optimization this is not applicable. Instead,aais 1
approximation set to the Pareto front of the problem is S NSGAN Study
computed, some kinds of indicators have to be defined in + Sefingalproblem: robiem) SR
order to assess the quality of the obtained set of solutions. configurelsettings: Properties): Algorith
The quality is measured in terms of some criteria which are E—
typically related to the convergence and diversity prapsrt opRToSEe * mamaras Svigl): v

A number of quality indicators have been proposed in the tationProbabity. : double
literature: Generational Distance (GD) [39], Inverse Gane - Gributonindextonuraton : double
. . . - distributionIindexForCrossover_: double
tional Distance (IGD), Hypervolume (HV) [40], Epsilon [41] + configure(): Algor _

+ conflgure semngs: Proeemes :Algornhm

Spread orA [2], Generalized Spread indicators, and many
others. Some of them are intended to measuring only the
convergence or diversity properties, and others take in
account both criteria. Fig. 7 depicts a classification of the
indicators based in which aspects they measure.
In jMetal, quality indicators are directly implementedant jnyolve the analysis of variants of the same algorithm in
the framework, and they can be used in several ways:  order to study the sensitivity analysis with respect to @ugiv
« Inside the algorithms (inline). This allows, for example parameter.
to develop indicator based algorithms, such as IBEA, In these studies, the algorithm comparisons typically con-
or to establish a termination condition consisting osist in using them to solve a number of benchmark problems
getting a front with an specific value of a given indicatorand to apply some quality indicators for performance assess
We applied this latter idea for studying the scalabilityment. As metaheuristics are non-deterministic technigues
and convergence speed of different algorithms usingying to infer some conclusion after one execution of them

. 8. Classes and their relationships in fheet al . experi nents
ckage.

jMetall [42][43][44]. does not make sense [45], so the usual procedure is to carry
« To assess the performance of the front returned by amut a numberN of independent runs per experiment and
algorithm (offline). then to use means and standard deviations (or medians and
« As standalone applications for computing the quality ointerquartile ranges) for analyzing the obtained resudts (
whatever Pareto front approximation. minimum value of N = 30 is usually recommended; in our
own research works, we us€ = 100). Additionally, this
V. SUPPORT FOREXPERIMENTAL STUDIES must be complemented with the application of statisticstiste

Many research works in the field of metaheuristics artd ensure the significance of the results; otherwise, thermira
related to proposing a new algorithm which is compared &onclusions may be wrong because differences between the
least with some reference metaheuristics (i.e., NSGA-il, analgorithms could have occurred by chance.
to a lesser extent, SPEA2) in order to put the reader in contex To support these kinds of experimental studies, we include
about the performance of the results it yields. Other worki® jMetal a package (see Fig. 8) which facilitates the

execution of such comparisons.The classes into this packag
can be used directly modifying their code or extending them,

Measuring allowing full flexibility and control, or indirectly by usip
Convergence a GUI (Graphical User Interface) tool, which is far more
Epsilon, Generational Distance simple but less powerful. We detail the two options in the
following.
Hypervolume, As it is depicted in the UML diagram in Fig. 8, only

Inverted G tional Dist : .
fverted enerational Histance two abstract classegxperimentand Settingsare needed.

The first one is intended to fully describe the experiment

<— > Spread, Generalized Spread to carry out, while the second one is used to set the
Measuring parameters of the algorithms involved in the experiment.
Diversity An experimental study requires to define the corresponding

subclass oExperimentand to use as marfyettingsobjects
Fig. 7. A classification of quality indicators. as algorithms (or variants of a same one) to execute.



jMetal Experiment Support'GUI == |

An example of a subclass &kettingss included in Fig. 8, i'?‘le —
the class namedtISGAILSettings which is used to indicate | '
the parameter settings of NSGA-8ettingsubclasses allows |~ Feermentame ,!“_”I‘“‘”;-E'-S‘“':"v o T Y !
to specify the parameters to configure, their default values = Moot 0™ sl
as well as modifying them. As a consequence, if we plan| =% L= ] "% lose
to run the algorithms with their typical settings, nothiresh EMOCSH |y OPHS2 e -
to be changed. For each metaheuristic in jMetal we have [loMorso | .. f:w,a[,ef l:€
included its corresponding subclass $éttingscontaining Omoso [ ]’ =
all the information related to that particular algorithmhigd I sPEA \:h ;. E:::: :::._ V] SPREAD
way, researchers defining their own techniques have plénty 0 e [ .| = |::
examples to help them in writing the correspond8eftings - —] —
subclasses. [I1BEA \ w | ] Golinski |:|s [¥] EPSILON

We provide in jMetal two examples of instancesodperi- ’fl e ‘ I;I i::a:r iil
ment the so-calledNSGAStudpand StandardStudyThe first N |;'—|— -
one shows how to configure NSGA-Il with four crossover | ="° ‘_ = |ﬁ -
probabilities and compare them when solving six problems; |~ Frsear [ . | i
the second one contains a complete comparison of five| worangpireaory - [ Fna |
metaheuristics (NSGA-II, SPEA2, MOCell, SMPSO, GDE3) | raretw froms Folder _ Fina_|
when solving the ZDT, DTLZ, and WFG benchmarks, con- Bi?;“{:{::‘;ﬁl R';j:""';“ lg'flz‘::zf'" st |
sidering the hypervolume, spread, and epsilon indicakas. it 0 [Pt i — !

each experiment, a humber of choices have to be indicated;
we comment them by describing the GUI tool next.

The main window of the GUI provided by jMetal is
showed in Figure 9. This window is divided into three main
regions: top, centre, and bottom. The top part of the GUI is
only used to provide the name of the experiment.

Fig. 9. Configuring an experiment with the GUI tool.

TABLE I
GOLINSKI SRINIVAS TANAKA OSYCZKAZ2 .HV.

The central part is sub-divided into three blocks: algo- - SPEA2 MOCell AbYSS
rithms, problems, and quality indicators. The firstone @t | speaz | ~ v o o 2|¢ v 2 2
left side of the figure) contains a list with all the algorittm | MOCell A A A a

included in jMetal. Associated to each algorithm there is a
button which allows the user to modify the settings of that
algorithm. In this block, users may select those algorithmsator obtained by five different algorithms (Algorithms 11-5
that they want to include in their study. These rules remainghen solving the problems composing the LZ09 benchmark.
the same for the problems block (on the centre), whicAs we can observe, for each problem the algorithms obtain-
allows to select and to configure properly the problems tihg the best and second best values of the indicator have been
evaluate. The third block, on the right, contains a list ofarked with different levels of gray as background color.
quality indicators that can be applied to the obtained tesul  TheWilcoxon Textheckbox in the bottom part of the GUI,
Finally, the bottom part of the window contains fieldsif selected, generates R scripts to apply the Wilcoxon rank
related to the location of the Pareto fronts of the problemsum test, a non-parametric statistical hypothesis tesighwh
to solved (which are needed to apply the quality indicatorsallows to make pairwise comparisons between algorithms
the folder where to store the output data, the number &6 know about the significance of the obtained data [46].
independent runs to be executed, and the statistical ®stsWhen these scripts are run, they produ€BX tables as
apply to the final results. As we observe, there is an inptihe one included in Table Il, which summarizes the results
field for each of the parameters related to the experimentsfter applying the test to the hypervolume values (HV)
Let us note the field namethreads which is used to indicate to the approximation sets computed by four metaheuristics
the number of parallel threads that can be started in ordéMSGA-II, SPEA2, MOCell, and AbYSS) when solving four
to execute the experiments in parallel. This way, the totgroblems (Golinski, Srinivas, Tanaka, and Osyczka2). thea
execution time can be reduced significantly if we are usingell, each problems is represented with a symbol. In coacret
a multi-core processor computer. three different symbols are used:*—" indicates that there i
Once the experiments have been executed, jMetal providest statistical significance between the performance of the
three different ways to show information about the obtainedlgorithms in the corresponding row and columa; ‘means
results. First, it is possible to automatically generalgd. that the algorithm in the row has obtained better results tha
tables summarizing the information of the different qualit the algorithm in the column with confidence, and™is used
indicators applied. An example is included in Table I, whictwhen the algorithm in the column is statistically bettertha
shows the median and interquartile range (tables with meatite algorithm in the row.
and standard deviations are also generated) of theindi- Finally, if the Boxplotscheckbox is selected, additional R



TABLE |
MEDIAN AND INTERQUARTILE RANGE OF THEIel+ INDICATOR. CELLS WITH DARK AND LIGHT BACKGROUND INDICATE THE BEST AND SECOND BEST
VALUES, RESPECTIVELY

Algorithm 1 Algorithm 2 Algorithm 3 Algorithm 4 Algorithm 5
LZ09F1  2.31e — 032.9¢—04 2.28¢ — 033.1¢—04 2.32e — 032.8¢—04 2.27e — 033.5¢—04 2.29e¢ — 032.9¢—04
LZ09_F2 7.98¢ — 023 2¢—01 2.18e — 012 4¢—01 2.05e — 012.2¢—01 1.99¢ — 012.1e¢—01 6.80e — 022 2.—01
LZ09_F3 6.18e — 022 2¢—01 5.41e — 022 1¢—01 6.21e — 022 2¢—01 5.48¢ — 028 7¢—02 5.53e — 022 2¢—01
LZ09_F4  5.55e — 022.1.—02 4.98e — 022.0e—02 5.05e — 021.8¢—02 4.99e — 022.4¢—02 4.92e — 021.4¢—02
LZO9F5 = 7.78e — 023.7¢—02 7.83e — 022.8¢—02 7.86e — 023.1¢—02 7.79¢ — 021.8¢—02 7.63e — 021.9¢—02
LZ09_F6 1.27e — 012.85—02 1.21e — 012,7&702 1.24e — 012‘45702 1.19¢ — 012_16_02 1.25e — 013_25702
LZ09_F7 3.25e — 023_45702 3.04e — 022‘35702 3.03e — 023,9&702 2.72¢ — 022_46_02 3.18e — 022_45702
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EPSILON ConstrEx EPSILON Golinsid metaheuristics to use, the problems to solve, the quality

- - indicators to apply, and how the results can be presented.

! This includes the automatic generation &figX tables,
ol g highlighting the best and second best values, R scripts to
o= display information about the significance of the resulteraf
g o applying the Wilcoxon rank sum test, and R scripts to present

- = — 8 ¥ the results by using boxplots.

‘ ‘ ‘ ‘ ‘ = jMetal is a software that is in continuous development.
Among the next features to include we are considering im-
proving the graphical tool and including support for demisi
making.

L
L

!
i

I

0010 0015 0020 0025 0030 0035

EPSILON:Srinivas EPSILON:Tanaka

0.018
I

g 1 ACKNOWLEDGMENTS

0.014
L

I ] _ : This work has been partially funded by the “Conse-

K - i - g jeria de Innovacion, Ciencia y Empresa”, Junta de An-

1 == | = g g o dalucia under contract PO7-TIC-03044 DIRICOM project
L= (http://diricomlcc.unma. es), and the Spanish

veow e woc  ves voou o oo serss Ministry of Science and Innovation and FEDER under

contract TIN2008-06491-C04-01 (the M* project). Juan J.

. . , , Durillo is supported by grant AP-2006-03349 from the
Fig. 10. Boxplots obtained automatically by running the Rgs generated .
by jMetal. Spanish goverment.

0010
L

I
Il

REFERENCES

scripts are generated_ tO. produce b.OXplot rep_reser)tatldneof [1] F. Glover and G. A. Kochenbergdidandbook of MetaheuristicKluwer
results. An example is included Fig. 10, which displays the" academic Publishers, 2003.
four graphics resulting when applying the epsilon indicatd2] K. Deb, Multi-objective optimization using evolutiona algorithms,

: . John Wiley & Sons, 2001.
to the results produced by the same four algorithms used C. A. Cosllo Coello. G. B. Lamont, D. A. Van Veldhuizen, -

Table Il when solving the same problems. The arrange of the tionary Algorithms for Solving Multi-Objective Problem2nd Edition,
boxplots can be indicated in the layout section, in the otto  Springer, New York, 2007, iSBN 978-0-387-33254-3.

part of the GUI: in the example the Iayout is a 2x2 grid. [4] J.J. Durillo, A.J. Nebro, F. Luna, B. Dorronsoro, and Hb& jMetal:
! ! ! a java framework for developing multi-objective optimipat meta-
heuristics. Technical Report ITI-2006-10, Departamergd_enguajes y

VI. CONCLUSIONS ANDFUTURE WORK Ciencias de la Computacion, University of Malaga, E.[T1&formatica,
We have detailed the general architecture of the jMets?é]S Campus de Teatinos, 2006.
(S)

. S. Bleuler, M. Laumanns, L. Thiele, E. Zitzler, PISA — affbrm and
framework. Concretely, we have presented the main classes programming language independent interface for searaitigns, in:

constituting the core of the multi-objective metaheucisti C. M. Fonseca, P. J. Fleming, E. Zitzler, K. Deb, L. Thiele {84

developed with the tool (solution encodings, operators;de  Evolutionary Multi-Criterion Optimization (EMO 2003), keure Notes
P ( 9s, op ’ in Computer Science, Springer, Berlin, 2003, pp. 494 — 508.

sity estimators, archives) and the included quality inic® (5] A, Liefooghe, M. Basseur, L. Jourdan, E.-G. Talbi, Pas&e®-
which can be used offline as standalone applications for MOEO: A framework for evolutionary multi-objective optietion, in:

performance assessment or inline into the algorithms. S. Obayashi, K. Deb, C. Poloni, T. Hiroyasu, T. Murata (Edsqurth
International Conference on Evolutionary MultiCriteri@ptimization,

We have also _deS_Cribeq iMetal’s support to carry out  gmo 2007, Vol. 4403 of Lecture Notes in Computer Sciencejrger,
experimental studies involving the comparison of a number Berlin, Germany, 2007, pp. 386-400.

of techniques to solve a set of problems. By using a graphiddl M. Sathe, O. Schenk and H. Burkhaolving Bi-Objective Many-
q P y gagrap Constraint Bin Packing Problems in Automobile Sheet Metahfing

tool (eaSY_'t‘?juse) or by encc.)dllng d'r?Ctly a set _Of classes ProcessesProceedings of the 5th International Conference on Evolu-
(more flexibility and control), it is possible to configureeth tionary Multi-Criterion Optimization.



[8] D. F. Pacheco, F. R. S. Oliveira and F. B. Lima Netwluding Multi-  [28] M. Reyes-Sierra, C. A. Coello Coello, Multi-Objectiarticle Swarm

Objective Abilities in the Hybrid Intelligent Suite for Osion Support Optimizers: A Survey of the State-of-the-Art, Internaabrdournal of
Proceedings of the IEEE International Joint Conference @ural Computational Intelligence Research 2 (3) (2006) 287-308.
Networks, 2008. [29] M. Reyes, C. Coello Coello, Improving PSO-based moitfjective

[9] Piotr Jankowski and Grant Fralep GEOVISUAL ANALYTICS AP- optimization using crowding, mutation aredominance, in: C. Coello,
PROACH TO SPATIAL MULTIPLE OBJECTIVE OPTIMIZATIONo- A. Hernandez, E. Zitler (Eds.), Third International Cawefece on
ceedings of the 24th International Cartographic Confexenc Evolutionary MultiCriterion Optimization, EMO 2005, Vol3410 of

[10] D. Dasgupta, G. Hernandez, D. Garrett, P. K. Vejandlak&ushal, R. LNCS, Springer, 2005, pp. 509-519.

Yerneni,A Comparison Of Multiobjective Evolutionary Algorithmstiwi  [30] A. Nebro, J. Durillo, F. Luna, B. Dorronsoro, E. Alba, §lgn issues
Informed Initialization and Kuhn-Munkres Algorithm For &lSailor in a multiobjective cellular genetic algorithm, in: S. Olahi, K. Deb,
Assignment ProblemProceedings of the 10th annual conference on  C. Poloni, T. Hiroyasu, T. Murata (Eds.), Evolutionary Mu@riterion

Genetic and evolutionary computation, 2008. Optimization. 4th International Conference, EMO 2007,.\403 of

[11] A. G. Carvalho and A. F. R. Araujmproving NSGA-II with an Adap- Lecture Notes in Computer Science, Springer, 2007, pp. 1486~
tive Mutation Operatar Proceedings of the 11th Annual Conference[31] A. J. Nebro, F. Luna, E. Alba, B. Dorronsoro, J. J. DaxilA. Beham,
Companion on Genetic and Evolutionary Computation ConfezeLate AbYSS: Adapting Scatter Search to Multiobjective Optintiza, IEEE
Breaking Papers, 2009. Transactions on Evolutionary Computation 12 (4).

[12] S. Tiwari, P. Koch, G. Fadel and K. DeBMGA: An Archive-based [32] H. Li, Q. Zhang, Multiobjective optimization problemsith compli-
Micro Genetic Algorithm for Multi-objective OptimizatipRroceedings cated pareto sets, moea/d and nsga-ii, IEEE Transactiofs@ntion-
of the 10th annual conference on Genetic and evolutionamypedation, ary Computation 12 (2) (2009) 284-302.

2008. [33] S. Kukkonen, J. Lampinen, GDE3: The third evolution pstef

[13] S. S. Fan and J. Chang\ parallel particle swarm optimization generalized differential evolution, in: IEEE Congress orolationary
algorithm for multi-objective optimization problemEngineering Opti- Computation (CEC’2005), 2005, pp. 443 — 450.
mization. Vol. 41, No. 7, July 2009, 673697. [34] E. Zitzler, S. Kuinzli, Indicator-based selection imltiobjective search,

[14] D. Dasgupta, G. Hernandez, A. Romero, D. Garrett and Audfal, in: X. Yao, et al. (Eds.), Parallel Problem Solving from Nat§PPSN
On The Use of Informed Initialization and Extreme Soluticish- VII), Springer-Verlag, Berlin, Germany, 2004, pp. 832284
population in Multiobjective Evolutionary Algorithm®roceedings of [35] A. Nebro, J. Durillo, J. Garcia-Nieto, C. Coello CagllF. Luna,
the IEEE Symposium on Computational Intelligence in Mdltiteria E. Alba, Smpso: A new pso-based metaheuristic for multectoje
Decision-Making, 2009. optimization, in: 2009 IEEE Symposium on Computationakliigence

[15] E. Byrne,Optimising the flow of experiments to a robot scientist with  in Multicriteria Decision-Making (MCDM 2009), IEEE Presz)09, pp.
multi-objective evolutionary algorithm#®roceedings of the 9th annual 66-73.
conference on Genetic and evolutionary computation, 2007. [36] E. Zitzler, K. Deb, L. Thiele, Comparison of multiobja@ evolu-

[16] F. Cusmai, C. Aiello, M. Scannapieco and T. CataRecord Linkage tionary algorithms: Empirical results, Evolutionary Camtgtion 8 (2)
as a Multiobjective Optimization Problem solved by Evolnéiry Com- (2000) 173-195.
putation Proceedings of the 1st International Workshop on EmergeriB7] K. Deb, L. Thiele, M. Laumanns, E. Zitzler, Scalablettgsoblems
Semantics and cooperaTion in opEn systEMs, 2008. for evolutionary multiobjective optimization, in: A. Abnam, L. Jain,

[17] O. A. Hassan, L. Ramaswamy, J. Miller, K. Rasheed, andRE. R. Goldberg (Eds.), Evolutionary Multiobjective Optimiia. Theo-
Canfield,Replication in Overlay Networks: A Multi-objective Optirai retical Advances and Applications, Springer, USA, 2005, J{}5—145.
tion Approach Collaborative Computing: Networking, Applications and [38] S. Huband, P. Hingston, L. Barone, L. While, A review offiltiobjec-
Worksharing, Lecture Notes of the Institute for ComputeieSces, tive test problems and a scalable test problem toolkit, IEEHsactions
Social Informatics and Telecommunications Engineerir@)2 on Evolutionary Computation 10 (5) (2006) 477-506.

[18] J. Roca, E. Pugnaghi and G. LibeBplving an Extended Resource [39] D. A. Van Veldhuizen, G. B. Lamont, Multiobjective ewuionary
Leveling Problem with Multiobjective Evolutionary Algtming Inter- algorithm research: A history and analysis, Tech. Rep. BR3, Dept.
national Journal of Computational Intelligence. Vol 4, Nrall 2008. Elec. Comput. Eng., Graduate School of Eng., Air Force Tiestinol.,

[19] W. Zhang and M. Hansemn Evaluation of the NSGA-Il and MO- Wright-Patterson, AFB, OH (1998).

Cell Genetic Algorithms for Self-management Planning ineavBsive  [40] E. Zitzler, L. Thiele, Multiobjective evolutionary gdrithms: a com-
Service MiddlewareProceedings of the 14th IEEE International Con-  parative case study and the strength pareto approach, |E&Bactions

ference on Engineering of Complex Computer Systems, 2009. on Evolutionary Computation 3 (4) (1999) 257-271.
[20] C. L. B. Maia, R. A. Ferreira do Carmo, F. Gomes de FreiasA.  [41] J. Knowles, L. Thiele, E. Zitzler, A Tutorial on the Perfance
Lima de Campos and J. Teixeira de SouxailULTI-OBJECTIVE AP- Assessment of Stochastic Multiobjective Optimizers, TeRbp. 214,

PROACH FOR THE REGRESSION TEST CASE SELECTION PROB- Computer Engineering and Networks Laboratory (TIK), ETHriZu
LEM, Proceedings of the XLI Simpsio Brasileiro de Pesquisa &per (2006).

cional, 2009. [42] A.J. Nebro, J. J. Durillo, C. Coello Coello, F. Luna, HbA, A study

[21] G. Danoy, B. Dorronsoro, P. Bouvry, B. Reljic and F. ZimryMulti- of convergence speed in multi-objective metaheuristitsGi Rudolph,
objective Optimization for Information Sharing in VehiulAd Hoc T. Jensen, S. Lucas, C. Poloni, N. Beume (Eds.), Parallebl&ro
Networks Advances in Information Technology, Communications in  Solving from Nature - PPSN X, Vol. 5199 of Lecture Notes in Gurter
Computer and Information Science Serei, 2009. Science, Springer, 2008, pp. 763-772.

[22] K. Vergidis, Business Process Optimisation using an Evolutionary43] J. J. Durillo, A. J. Nebro, C. A. Coello Coello, F. Luna, Blba,
Multi-objective Framework Ph.D. Dissertation, Cranfield University, A comparative study of the effect of parameter scalabilitymulti-
2008. objective metaheuristics, in: CEC 2008, Hong Kong, 2008, 55—

[23] F.Luna,Metaheursticas avanzadas para problemas reales en redes de 266.
telecomunicacionesPh. D. Dissertation, Mlaga University, 2008. [44] J. Durillo, A. Nebro, C. C. Coello, J. Garcia-Nieto, lluna, E. Alba,

[24] F. Kursawe, A variant of evolution strategies for vectptimization, A Study of Multi-Objective Metaheuristics when Solving Bareter
in: H. Schwefel, R. Manner (Eds.), Parallel Problem Saj\vior Nature, Scalable Problems, Accepted to be published in IEEE Traiosacon
Springer-Verlag, Berlin, Germany, 1990, pp. 193-197. Evolutionary Computation.

[25] K. Deb, A. Pratap, S. Agarwal, T. Meyarivan, A fast andtis [45] J. Hooker, Testing heuristics: We have it all wrong, dal of
multiobjective genetic algorithm: NSGA-II, IEEE Transacts on Evo- Heuristics 1 (1995) 33-42.
lutionary Computation 6 (2) (2002) 182—197. [46] J. Dems3ar, Statistical Comparisons of Classifiersr ddaltiple Data

[26] J. D. Knowles, D. W. Corne, Approximating the nondontéhfront Sets, J. Mach. Learn. Res. 7 (2006) 1-30.

using the pareto archived evolution strategy, Evolutipri@omputation
8 (2) (2000) 149-172.

[27] E. Zitzler, M. Laumanns, L. Thiele, SPEA2: Improvingetistrength
pareto evolutionary algorithm, in: K. Giannakoglou, D. figbs, J. Pe-
riaux, P. Papailou, T. Fogarty (Eds.), EUROGEN 2001. Evohary
Methods for Design, Optimization and Control with Appliceis to
Industrial Problems, Athens, Greece, 2002, pp. 95-100.



