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Resumo

Diversasaplicacfes industriai®m componentes dinamicas que conduzem a variacdes na
funcdo objectivo, e os AlgoritmdsenéticofAGs), devido a adaptabilidade, surgem como
ferramentas apropriadas para resolver este tipo de problemas. prapsedois novos
mébdos evolutivos paraptimizacdodindmia. O primeiro estadireccionadopara a
recombinacdo ,ecom um mecanismo autegulado,evita cruzamentos entre solucdes
semelhantesnantendodessa formadiversidade genética. O segundo € um novo operador
de mutacd do qual emergem taxas variaveis awguladas, com uma distribuicao
adequada para optimizacdo dindmiaopdese ainda um método hibrido eficaz que
combina as duas estratégias. O objectevgrincipalalegacao da tesé,criar protocolos
inspirados ensistemas reais que melhoram o desempenho doss@@saumentar a sua
complexidadee semnformacéoa priori sobre o problema.

As propostas foram testadas raumasta gama de problemas e demonstraram ser mais
eficazes do que outros AGs, nomeadamente dpas mdancasndao sdo rapidasO
algoritmohibrido demonstrou ser particularmente eficaz, pois akmgama deplicacbes
nas quais cada método, isolado, tem um bom desempenho. Tal como é proposto, 0s
algoritmos séo robustos e ndo aumentam o espacor@megieos,cumprindo dessa forma

algumas exigéncias das aplicacdes reais.

Palavras-chave: Computacdo Evolutiva, Algoritmos Genéticos, Optimizagcdo Dinamica,
Acasalamenteo NaAleatorio, Criticalidade Aut@rganizada, Diversidade Genética.






Abstract

Many industrial applications have dynamic components that lead to variations of the
fitness function and Genetic Algorithms (GAsjaptiveessis an appropriategool to solve
this typeof problems. Tkthesis proposes two new evolutionary methods to tatkiamic
problems.The first acts upon mating amdoids crossover between similar individyais
a selfregulated mechanism, thus preserving genetic diver3ihe secondis a new
mutation operatoable toevolve selregulated mutation rates withparticular distribution
that is suited for dynamic optimizatioRinally, an efficient hybrid method that combines
both strategies is proposethe objective andmain claimis the possibilityof designng
natureinspired protocols for GAs that are efficterwhen eolving on dynamic
environmentswhile pr es er vi n g complegity and t nbtmreqdiringa priori
information about the problem.

The proposalsare tested on a wide range of problems a@ able to outperform
frequentlyother GAs, namely when thé&requency of changes lower. The hybrid scheme
proves to be particularly effective since it broadertad range of dynamsin which each
method by itselfexcels. As projected, the proposed techniques are robust and do not

increase parameterdet thusfulfilling necessary conditions foeatworld applications.

Keywords: Evolutionary Computation, Genetidlgorithms Dynamic Optimization,
Genetic DiversityNon-Random Mahg, SelfOrganized Criticality.
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Chapter 1

Introduction

1.1 Obijectives

In recent years,dynamic optimizationd i.e, optimization of norstationary
functionsd became onef the major themesf research oitvolutionary Computation
(Holland, 1975; Goldberg,198%; Back 1996) Since dynamic components are, along
with nontlinear constraints anahultiple objectives, one of the properties that frequently
appear in realvorld problems, anthecausdor a long time Evolutionary Computation
has entered the realm of industrial applicatidGnsamely, due to its efficiency on non
linearity and multiobjective® , it was expected that, sooner or later, this field would
raise a growing interest amongst the communitye interestin the subject though is
not recent, and many studies have bgmiblished since thebeginning of the
investigationson evolutionary systems for optimization purpgseghe 1960sin fact,
and as referred byin and Branké in their surveyon evolutionary optimization in
uncertain environment@in & Branke, 2005), the earliest application of Evolutionary
Computationto dynamic environments dates back to 1966] its description appears
in the seminal booky Fogel, Owens and WalshArtificial Intelligence through
Simulated EvolutioifFogé et al. 1966).

! Jurgen Branke is one of the most prominent researchers in evolutionary optimization, autheaathdcof many
papers on the subject, which will be addressed throughout this thesis. He published thHevdlatknary
Optimization inDynamicEnvironmens (Branke, 2002) in 2002, after his homonymous thesis in 2000 (Branke,
2000).

ZLawrence Fogel (19280 07) was one of Ev fundirtgfatbersandyhe authonpfuhe first i on 6 s

dissertation in the field (Fogel, 1964).



However, this line of investigation onliplly started afterGoldberg andSmithd s
paper (Goldberg & Smith,1987) on diploid Genetic AlgorithmgGAs) (Goldberg,
198%) for dynamic optimization problems, publishéd 1987. A few years latetwo
important ad widely cited papers were published, oneCnph proposingthe well-
known Hypermutation scheme (Cohb 1990) and another one byGrefenstet,
proposng the Random Immigrants Genetic Algorithi@refenstette1992. In a way,
each one of thesgpproachess a kind ofmain paradigm of two of the four categories
defined by Branke to classify evolutionary techniques for dynamic optimization
(Brarke, 1999} reaction to changes (hypermutation), diversity maintenance (random
immigrants), memory schemes and mphpulation approachés seeChapter Zor a
detailed description of oflsome ofithedpreBouslyn k e 6 s
proposed Evolutionary Algorithms for dynamic optimization Since Cobb and
Grefenstetté spapers, andespeciallyaf t er Beseamhoere @hs issue, the
investigationson Evolutionary Algorithms for dynamic optimization attracted a vast
number of scientists and the publications on thejestitexperienced aonsistent
growth, on both international journals apderreviewed conference proceedihgs

Nowadays, thse increasing researclefforts are being mainly directed towards
diversity maintenance and memory schen¥dss is probably becausmany multi-
population schemes may be classified within ohihe remainingcategoriegandsome
of them are really hard to distinguish from memory schenaesl) becausevolutionary
schemes thakad to change canonly be applid when it iseasyto detect thoseame
changesd and in addition,their efficiency isstronglydependent on the intensity of
the changes.Moreover i p ur @apulatmon kcheémes usually require complex
updating and migration strategies tmabakesit difficult to tune and implemenhe
algorithms.

On the other hand diversity maintenance techniqués which in general do not

require ay knowledge about the problem and its dynandicsmay slow down the

3 For instance, in 200%he Journal of Soft Computingeleased a special issue on dynamic optimization, and, in
2006, IEEE published @ransactions on Evolutionary Computatispecial issue on Evolutionary Computation in
the presence of uncertainty.
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convergence of the algorithm during the statior@eyiods a characteristic that may
harm the performance when tleonsecutivechanges in the fitness functiosre
separatedby short periods of time-inally, memoryschemes may be very effective, but
their utility is believed to be restricted to a certiyipe of dynamis.

Each type of strategy has i@dvantages andirawbacks. However, diversity
maintenance algorithms, due to the fact that they usually dmeog¢ssarilyrely on a
complex parameter settirapd neither on any particular knowledge aboetftinction
and the dynamics, may be regarded as the most robust evolutionary approach to
dynamic optimization(even though other strategi@say be better when tackling
dynamic problems from which some information is availalffey these reasonthe
conclusions about the algorithispectrum of application are moreliable when
investigating Evolutionary Algorithms that act upon diversity order to tackle
dynamic problemssince they are not designed to match any parti@aracteristic of
those prol@ms.

This thesis is focused on this type of approaches and argues that it is pdséiple
searching for inspiration in natural systeénsto develop new techniques amaprove
not only standardsAs on dynamic optimization problems, but also other diversity
maintenance strategies that are being proposed by the scientific comnhuitdition
(and this is an important issue), it is possible to build those schemes by relying on a
selfadjustable behai our , wi t hout i ncreasdiinghardttbe al go
evaluate the pagff of usinga noveltechniqueif the parameter space grows if it
narrows the region of the parameter space in which the algorithm performs well
Finally, it is hopedhat this work also sheds some ligimt thebehaviourof traditional
GAs on dynamic environmentsilamelyon how their performance reacts to different
parameter setting$t is shown, for instance, thatandard GAsnaywork better than it
is believed whencompared to statef-the-art proposals, if the parameters are properly
tuned. Mor eover , t wo of t he typical OGEvol uti
population size and mutation probabillyar e shown t o deeply affe

performance.Only after understanding théull extent of Evolutionary Algorithmé



efficiency on dynamienvironmentsjt is possible todesignalternative schemes that
can improve their performance asignificant number of problems and dynamics.

The thesis restricts the invgtigation to GA$ 0 although some features of the
proposed schemese easily exteratlto otherEvolutionary Algorithms(Back, 1996
0 andproposegwo bio-inspiredtechniques thatnhanceheir performance om wide
range of problemsand a hybrid scheme thaixes both strategieend further enhances
the performanceAs stated aboveheé research has been mainly focused on diversity
maintenance techniques, due to their broader scope of applécatidrbecause ¢se
schemes arecloser to the definition offi ladkbox dynamic optimizaticd .The
fundamental challenge is to deal with changing environments without information
regarding thehange® althoughit is assumed that the number of environments or the
period between changes do vary unboundedly, othemaiseher method outperforms
random restarts of the Evoluti ormarthe Al gor i f
whole objective of this thesis would be incompatible with thdreelunch theorem
for optimization Wolpert & McReady, 199y That is, while som approaches are
based on i ncreasing paochande,athis thesifosus oni ver si ty
maintaining diversity throughout the ruin either by avoiding diversity loss, or by
introducing large amounts of genetic novelty in the populdtiom time to timed |,
removing the need to predict the changes and their sevieripddition, tle thesi® s
proposals do not rely on memory schemes, and thus are expeobadhtain a stable
behaviourin a wider spectrum of dynamics than memdrgsedGAs. (On the other
hand, by r el diversitgmamteananfebstrategiait,ds expected that the
proposed algorithms experience sodifficulties in dynamic optimization scenarios
where changes appear fabhis hypothesis is confirmed by the experirteen

For that purpose, the research has looked for inspiration on natural phenomena, like
sexual reproduction strategies ($&leapter 3 and SeHOrganized Critichty (Chapter

6), resuling in two distinct techniques that act upanating 8 the Adaptive

% In fact, the experiments weonly conducted on Genetic Algorithms with binary codifications, but the extension to
other types of codification is trivial.
5 Black-box optimization algorithms need little or no information about a problem to solve it.



Dissortative Mating Genetic AlgorithnfADMGA) 8 and mutationd Genetic
Algorithm withsand pile mutation (GAgsw).

ADMGA main feature is a selection and recombination scheme that avoids crossover
between similar individuals, leading écslower decrease of the genetic diversithis
way, diversity is maintained at agher level.Unlike the Random Immigrants GA
the main paradigm of diversity maintenance strategleshe proposed methoaorks
by avoiding diversity loss, rather than introducing novelty in each iteration of the
algorithm.

The sand pile mutation replacdraditional mutation by an operator that is able to
introduce large amounts of genetic novelty in the populatiogninndeterministic
manner. Thisehaviour isachieved by incorporatingn a traditionalGA, a model that
is known todisplay a powerlaw proportion between the size of an event and its
frequency.Like randomimmigrants schemes, G#deals with changing environments
by trying to supply the population with novel genetic mateimala regular basis,
although not cyclic or predictabldHowever, and unlike Random Immigrants, this
proposal achieves thal spreading themew genes throughout the population, instead
of introducing new randomly generated elements in that same population.

To evaluate the efficiency of the proposed rodiy the algorithmsare testedin a
wide range of problems and dynamics (includirap deceptive functionsa class of
problems for which therareseveral experimental anldeoreticalstudies and which in
nowadaysarethe core of many studies on Evoartary Computatioyy and compared to
otherevolutionarytechniquesincludingstandardGAs andsome classicanethodsfor
dynamic optimization. In addition, the proposase compaed with two recently
proposedGAs for nonstationary function optimizatiorilitism-based Immigrants GA
(EIGA) (Yang, 2008) andbeltOrganized Random Immigrants GBORIGA) (Tinos
andYang, 2007)

There is a huge amount of Evolutionary Algorithrepecifically designed for
dynamic optimization, some with just minor changes whenpewed tostandard
evolutionary approachesnd others thatmodel rather complex strategies. It et
possibleto evaluate a new proposal agaial these algorithms, and, in fact, it is not



expected that ry method outperformsll the others especiallyin wide range of
problems What is importah hereis to try to identify in which conditionsa proposed
scheme may i mprove traditional GAsd6 perform
with a proper experimental setapd check if the proposal is able txcel where other
algorithmsarenot

SORIGA and EIGAappear in the test sfr several reasons. Firshey were selected
because¢heywerepublishedvery recentlyd SORIGA in 2007(Tinés & Yang,2007)
and EIGA in 2008(Yang 2008) & in reputed internatimal journals. SORIGA, in
particular, was choseslsobecause it is the approach closethe sand pile mutation
and in (Tin&, 2007) it is stated that the algorithm is able to outperfotiner GAson
several test problem&IGA wasselectedbecause it i very simple schemd, does
not rely oncomplicatedstrategies, ibnly adds one parameter to #tandardparameter
set (as it will be shown in the following chapter, the proposals of this thesis do not
increase the size e parameter se@ind the report (Yan@008) claims that EIGA is
able to outperformseveral other algorithms on dynamic problemBor all these
reasonsthose two algorithmappear to be suited to accompantlgerstrategies on the
extensive test set prepared for this work

In the end, and after an intensive experimental study that explores all the
potentialitiesof traditional GAs, Random Immigrants GAs, Hypermutation schemes,
SORIGA and EIGA, it will be shown that the proposed algorithms aole to
outperform all othemethodson awide range of problems and dynaminamelywhen
the changesire not veryfast. In addition, SORIGA and EIGA will be shown to fail
when the test seixaminesa large amount of configurations, by setting the algorithms
parameter talifferent valies In particular, itwill be shown how importarrhutation
rate andpopulation sizeare for the behaviour of the algorithms. Population sire
particular,is often neglected on mangvestigationson Evolutionary Algorithms and
dynamic optimization. Tlsi work stressesut the importance of having a population
size properly tuned, in order to avoid comparing suboptimal configurations of the
algorithms, and thus meading the conclusions about the efficiency of the proposed
methods.



The following sectionsummarizesthe contributions of this thesis, by briefly
describing the research procekat lead to ADMGA and GG4\, and indicating the
peerreviewed conference proceedings and international journals in which each step of

the investigationas beempublished.

1.2 Contributions

This thesis describes two strategies conceived to deal witlstabanary functions.
However, these investigations are only a part of a larger-bbdyprk, which studied
the behaviour of several algorithms on dynamic environsaéithoughthey are not
described irthe text, some partsof this researchwere crucial for the thesis, sint®ey
inspiredmany ideavehindthe proposed algorithms

The firstinvestigations angublicationsrelatedwith the completebody-of-work have
been focused on an Artificial Life modgdroposed by Chialvo and Mihas 1995,
which simulates thestigmergic behaviour of a particular species of ants on a
homogenous habitaRamos and\imeida (2005)later extended Chialvo and Milosta s
model in orderto evolveit on digital image habitats and showed how the artificial
swarm carevolve, from local interactions, a complex global behaviour dfatved
them to firecognizeodo the digital (thatmsaifg e, an
one replaces animage by another one, the swarm is able to readapt itself to the new
environment) However, due to an important characteristic of stigmergic sysfems
memoryd the models not able to adapt to the second image as fastadaptsto the
first habitat. In collaboration with Ramos, the author of this thesis introdumed
evolutionary mechanism that, togethath the stigmergic nature of the modejreatly
increased its capability adapt to changing environments. The results achieved by the
new model orchanging digital imageappear infFerrandeset al, 20058. Meanwhile,
the model was being adapted for mathematical function optimization. The rawults
similar to those attaineth image processingthe combination of stigmergy with

selective reprodumn greatly improved the ability of the swarm to find the optimal



regions of thefitness landscapeThe first results on stationary and rnstationary
environmentsare in (Fernandeset al, 2005a) Later, Ramos,Fernandesand Rosa
(2006) tested the modein a wider range of dynamic environménts

The results in(Fernandeset al, 20053, (Fernandest al, 20058, (Rama et al,
2006) and (Rammet al, 2007) inspired the idea of having a GA with varying
population size to tackle dynamic optimization pgeohs. Varying population GAs
have been studied since the beginning of $98Bhough most of the approaches/e
reacheda dead end. Fernandes and Ro28Q6) tried to overcome some of difficulties
of dynamic populations with theSelfRegulated Populatio Size Evolutionary
Algorithm (SRREA). The preliminary results on stationary environments were quite
promising, but in theneantimea simpler and effective approach arose from &P
simply by using a fixed size population. That algorithm is #ferementioned
ADMGA. The algorithmwas first studied under a stationary optimization framework,
and the results were published2@08 inthe Journal of Soft ComputinfFerrandes &
Rosa, 2008a). In the meantime, scalability tests with deceptive functiovere
published as a book chapter Audvancesn Evolutionary ComputatioriFerrandes &
Rosa, 2008b). In that same papethe first studies on dynamic environmerase
presentedLater, in(Fermandeset al, 2008e),the algorithmwas applied to dynamic
trap and deceptivéunctions and a dynamic knapsack problem. Finallyexhaustive
study on ADMGA and dynamideceptivefunctions isin submission as a journal paper.

An alternatived and, as it will be shown, complement@ymethod for maintaining
the diversly of Genetic Algorithms throughout the run is propodsd Fernandes

& Although the swarm is not deil (at least in its current form) for dynamic optimizatibndue to the high ratio
between the number of ants and the size of the search&paiseresultsas aforementionedhspired some of the
following investigations conducted for this thesis. bidition, other authors successfully applied thedsl to
image segmentatiorL@ptik & Navakauskas2007) and automated tesy in software engineering (Mahanti &
Banerjee 2006) Finally, the author of this thesis, in collaboration with MdRamos Merelo, Rosa and Laredo
extended the model to deal with clustering and classification problems @iaah 2008; Ferandeset al,
2008f). The same model is also described in (Fernandes, 2008) and (Fernandes, 2009), where it is addressed as
potential creativéool, and where some possible dialogues between Art and Science are also mentioned.

" The same results also inspired another line of work that mixed ideas from swarm algorithms with Estimation of
Distribution Algorithms(Lorrafiga & Lozanp2002; Pelikaret al., 1999) Those investigations led to some very
interesting results in (Fernandesal, 2008b), (Limaet al, 2008a) and (Limat al, 2008b), although they were
left out of this thesis. However, in a way, that research also inspired the sand taililemuecause it deals with
self-organization and Evolutionary Algorithms.



(Fernande®t al, 2008b)in collaboration with MerelpRamosand RosaThe scheme,

calledsand pile mutationis based on the Selirganized Criticality theory (Bakt al,

1987; Bak 1996) and maintains population diversity by engaging in a varying mutation
intensity that isdriven by eventsholding a powetlaw proportion between their

magnitude and their abundance. The metbo@fter some changes that enhanced its

performance when comared to the version presented in (fRewteset al, 2008b)d

attains very good results on a wide range of dynamic problems, and, like ADMGA,

outperforms two recently proposeyolutionary approached in (Tindés & Yang,

2007) and (Yang2008a)d for dynamt optimization in most of the dynamic scenarios
in the test seWhenhybridized the sand pile mutatioand ADMGAOGsS mat i

result ina highly efficient algorithm that outperfornimth strategie®n most of the

proposed dynamic scenario8ppendix A shows the complete list of publications

related with the body of work developed during the making of this thesis.

Summarizingthis thesis contributes to the Evolutionary Computation research field

in generaknd the evolutionary dynamic optimizationparticular with:

1 A new mating scheme, inspired by the behaviour of natural species, which

preserves di versity and i mproves

scenariosADMGA is also shown to improve GAscalability onstationary
deceptive trap functions.h& algorithn® snain feature consists @ simple
selfregulated mechanism that does not egolehplexity to the tuning effort.

1 A new mutation operator, inspired by the S@hlganized Criticalitytheory,

which introduces diversity in thpopulation thus imgoving its ability to react

to changesThe distribution of the mutation rates depemh thetype of

problem and also on the dynamics

shape is particularly suited for dynamic optimization, because in some
generéions large amounts of genetic diversity are introduced in the

population. Raising the mutation rate is a classical strategy for evolutionary

dynamic optimization, but unlike previous approache®sg is self

regulated.

ng
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1 A hybrid scheme that mixes and impes the performance of both strategies.
By mixing the mating and selection scheme with the novel mutation operator,
the hybrid algorithm combinesdissortative matingoropensityto maintain
diversity with the sand pile mutation ratapability of introdudng diversity.

The resultinghybrid broadens the range of dynamics in wheeth algorithm
exceb.

1 Experimental studies that shed some light on how the GAs performance
varies with different mutation probability values and population size. To the
extent of our knowledge there are no other studies on Evolutionary
Computation and dynamic optimization that investigate the effects of
parameter values in such a detail.

1 Thealgoritihmd o not i ncrease GAsd® parameter
knowledge about thproblem or dynamics of changes proposed

1 The new methodsimprove the performance ofot only traditional GAs, but
also the results dfvo stateof-the-art algorithms on many dynamic scenarios.

1 Finally, it is hoped that, due to the characteristichefgroposed methods
the algorithms work without previous knowledge about the dynamics and do
not increasestandardparameter spacé , this line of work goes beyond

investigations on prototypes and inspire industrial applications.

1.3 Thesis Outline

This thess is written in bookstyle with survey chaptersand descriptions of
experimental studies. The survey chapters describe the Evolutionary Computation
research areas addressed by the thesis, and also the subjects which inspired some of the
techniques proposdein this work. Tlise survey chapters also try to put the present
research in perspective to ottemlutionaryapproachevased on the natural systems
The case study chapters are included to demonstrate the potential of the algorithms on

dynamicoptimization problems.
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The remaining of the thesis is structured as follo@sapter 2gives a survey on
optimization in uncertain environments, with a special esgh on dynamic
optimization, which is the main subject ofetthesis. Several previously proposed
Evolutionary Algorithmsand other bianspired method$or dynamic optimization are
described within a framework that divides them according to strategigsatowith
changesTypical dynamic problems and dynamic problem generators are desasbed,
well as a number of criteria along which dynamic environments may be classified and
tested.

Chapter 3focuses on dissortative mating strategies for Genetic Algorithms and
presentsADMGA, and Chapter 4describes the experiments contkd with the
algorithm on a wide range of stationary environmefsalability tests on deceptive
functions are also presented @hapter 4 while Chapter 5describeghe experiments
and result®n dynamic optimization problems.

Chapter 6addresses Sefdrganized Criticality models, describes some optimization
algorithms based on such theory and presémessand pile mutationChapter 7
describes the results attained by this methidalynamicenvironmentsandChapter 8
proposes a hybrid algonin that mixes ADMGA snating strategy and thaew
mutationprotocol

Finally, Chapter Soncludes the thesis and outlines plans for future research.
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Chapter 2

Optimization in Uncertain
Environments

2.1 Introduction

This chapter addressesevolutionary optimization in uncertain environments,
particularly those with tim&arying(i.e., dynamic)fitness functions, which is the main
target ofthe investigations performed fahe thesis. The most prominent types of
evolutionary techniquessed indynamic environments are described, along with their
specificfields of application, that is, the typé environmental dynamics for which the
differert algorithmsare more suitedSince robustne&s dynamic optimization is the
main theme of ththesis, a special emphasis will be puttbe limitations of some
efficient but, on the other handharrowrangel methods In addition, algorithms for
dynamicoptimization of the same type of those described in the followlvagpteri
and used to evaluate the effectiveness
described.Classification of uncertain environments and-inispired algorithms for
dynamic optimizabn follows the ideas in (Ji& Branke, 2005) and (Brake, 2003.
The dynamic problem generator presentedYang 2004) & used throughout this
investigation 8 and other welknown dynamic benchmark problems aatso
described. The chapter ends with a critical notexperimental research methodology

for dynamic optimizationBut first, a briefdescriptionof Evolutionary Computation in

8 In this contextrobustnesameans that the efficiency of the algorithms is not limited to very specific kind of

dynamics. It may be stated that a robust algorithm is more duited  fblolxa cokpt i mi zati ono, that

with problems without using any previous knowledge about them. A different meaning for robustness is addressed
in the next section, under the different types of uncertain dynamics framework.
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general, andsenetic AlgorithmgGAs) in particular, is provided. The degation just
aims at introdueig the basic concepts of GAShe unfamiliarizedreader may the
refer (Holland, 1975), (Goldberg, 19898 and (Back 1996) for more detaslon this

particular class of metaheuristics

2.2 Evolutionary Algorithms

As stated i n the &Juolatibnarg algorithong in Bifeaykanhd b o ok
Practice(Back 1996):

fEvolutionary Algorithms are a class of direct, probabilistic search and

optimization algorithms gleaned from the model of organic evolutiora (...)

The main idea behind Evolutionary Algorithms is Charles Dar@ig18091882)
theory ofnatural selection (Darw, 1859. This class of algorithms is usually divided
into three sufrlasse® GAs, Evolution Strategies and Genetic Programnéngout
some featuresra common to them: selection of the best solutions in a population,
recombination and mutatidnThis thesis deals mainly witBAs, and so the following
description will focus on that type of Evolutionary Algorithms. Although Evolution
Strategies and Genetic Programmummprisesome features of their owiiAs are
sufficient toillustrate the general idea.

A GA is apopulation ofcardidatesolutions to a problem that evolve towards optimal
(local or global)points of the search spabg recombining parts of thsolutions to
generate a new populatiofhe decision variables of the problem are encoded in strings
with a certain length ahcardinalityl n GAs 6 t desenstrings are rgfgrred ta
aschromosomg each string position isgeneand its values are ttaleles Thealleles
may be binary, integer, realalued, etc, depending on the codification (which in turn

may dependmthe type of problem).

® Some Evtutionary Algorithms may work without recombination, others without mutation, but the general
framework can be defined in such a way.
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The fibesd parts of the chromosomed or buildingblocks 8 are guaranteed to
spread across the population by a selection mechanism that favours better (or fitter)
solutions.The quality of the solutions is evaluated by computing the fithess values of
the chromosomes, and this fitness funcinsuallythe only information given to the
GA about the problem. This is the reason why GAs and other Evolutionary Algorithms
aresoefici enthoxapt A ml a a B itanivapproachbes that rely only
on theinformation given bythe fitness evaluations, and do not require any additional
knowledge about the problem.

A standard GA procedure goes as follows: First, a popolatof chromosomes is
randomly generated. All the chromosomes in the population are then evaluated
according to the fitness function. A pool of pareditor mating poold is selected by
a method that guarantees that fitter individuals have more chancemg@fribthe pool
0 tournament selectio(Goldberg et al, 1989, fithess proportionate selection, also
known as roulettevheel selection (Goluerg, 1989pand stochastic universal sampling
(Back 1996) are just some of the possible selection metAdasa new population is
generated by recombining the genes in the
with a crossover operat@ 1-point crossover, or uniform crossover, amongst many
proposals that can be found in Evolutionary Computation liter&utkat recombines
the genes of two parents and generates two offspaicgprding to a crossover
probability )z, that istypically setto valuesbetween0.6 and1.0 (if the parents are not
recombined, thegrecopied to the offspring populatiamfter theoffspring population
is complete, the new chromosomes are mutated before being evaluated by the fitness
function. Mutation operates at gene level and its probahijityis usually very low(for
instancey)y is set tot &N manyGAs, whereais the cllomosome lenght).

After the evaluation of thpopulationof offspringcomes thaeplacemenbf the old
population.There are several techniques for replacement, thébrissombiring the
offspring population with the old population in order to creatertée population.
Generational replacement, for instance, replaces the old population by the offspring. A

steadystate strategy will replace a fraction (typically, two individuals) of the old
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population by the best individuals in the offspring populatiom&anes, arQ2elitism
strategy is used, that is, the b&thromosomes from the old population are copied
without mutation to the new population. The remaining individuals are selected
according to any methodlthougha properly tuned GA does not need elitism in order
to converge to the optimal solution (as longtasas a proper supply of rabwilding-
blocks, thosebuilding-blocks are properly mixed and the stop criteria allows enough
generations), this operator mageed up the search process thus being useful on real
world problems although Thierens (Thierens, 1999) states that elitism does
significantly improves the scalability of the simple GA

This process goes on until a stop criterion is met. Then, the rimdgidual in the
population is retrieved as a possible solution to the probkegure 2.1 shows the
pseudecode of a standard GA.

Population size is the main botteak for a GA Althoughthis section will not go into
details on population sizing theory, it may be stated that one the most important issues
that must beaddressedvhen starting to design or tune a GA is to ensure an adequate
supply of raw buildingblocks That is, if one supplieis with an initial population that
is too small, the algorithm will converge very often to local optima; too big and the
computational effort increases beyond indispensable. (In addition, it may be questioned
if a problem shoulde solved with a large population and a single run, or several run
with small populations.). In stationargptimization, an effort must be done to
determine the optimal population size, that is, the smallest population that ensures
convergencewith an acceptableprobability. Below that the convergence tglobal

Standard Genetic Algorithm (SGA)
initialize PopulationP)
evaluate PopulationP)
while (not termination condition)do
a St Sidividualgrom P
recombineindividualst @ generate offspring populatio®
mutate individuals inO
evaluatepopulationO
replaceall (or somejndividualin P by those inO
end while

Figure 2.1: Pseudacode of theStandard Geneti@dlgorithm (SGA).
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optima isless probable. Above that value, an extra computational effort is needed to
achieve thesame resultsDynamic optimization adds an extdaficulty to this topic.
Imagine for instance that changes appear beforalgwithmis ale to evaluate the
entire population. In that case, it is obvious that the population size must be reduced in
order to deal with that particular problem, and usually it is not sufficient to cut down
the population size so that it keeps lower than the eummbevaluations between each
change: in order for the GA texplorethe stationary period to converge towards the
optimum, it is sometimesecessaryto reduce the population to a different order of
magnitude. The speed of change adds another seriolenbokt when it comes to track
moving optima.

Another GA parameter that must bddressedery carefully when solving dynamic
problems is the mutation probabilithlut at i on é s méarjtamthe genetic i s
diversity of the population and avoid the loss of allelestdigelection or genetic drift:

i.e., mutation avoids the full convergence of the population. In dynamic optimization, it

is not only necessary to maintain enough diversity to apo@mnature convergence
towards a local optimum, but also to ensure that the algorithm is able to react to
changes by escaping updated solutions, that is, regions in the search space that are no
longer optimal. A mutation probability value that maximizespghgormance ba GA

on a stationary functiomay beinappropriateto tackle a dynamic version of that same
function. It is thus mandatory to cover a wide range of mutation probability values if
one aims at exploring the futlotential of these algorithmson dynamic optimization

and drawreliableconclusions.

The next section,which addressesthe theme of optimization in uncertain
environments in general, and dynamic optimization in particwdrr (hopefully) shed

some light orthese and other matters
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2.3 Uncertainties in Optimization Problems

In their surveyon Evolutionary Computation and uncertain environmeuoislished
in 2005 Jin andBranke(2005)divided uncertainties into four classes

1) Noise Noise may appear in fithess evaluations due to several factors, such as
sensorymeasuremergrrors or problem structure. Usually, nosean addictivefactor
of the fitness functio® is assumed to be Gaussian but other distributions may also be

consideed (Jin& Branke,2005).A noisy fitness function may be describagd
+H
0& = Qo + 4N aQ="Qo,a~ 6(0,,2) (2.1)
H
where® is a vector of variable$Q is a timeinvariant fitness function and is the

addictive noise (assumed be Gaussian wittD mean).The main problem with aisy
fitness functions andevolutionary Algorithmsis that during optimization the only
measurable fitness value is th®chasticQé + d. As stated in (Ji& Branke,2005),
the fitness function of2.1 is therefore approximated lan averaged sum of a number

of random samples:

1
00 == Qb+ (2.2)
a1
where0 is the number of samples.

2) Robustness When the design variables of a problem change after an optimal
solution has been found, sometimes it is required that the solution is still satisfactory.
These solutions are calledbust solutionsand foran algorithm to search for tse
solutionsit must optimize the following expected fitness function:

+H
Od = Qe+l [ Q (2.3)
H
where | is probability distribution of the possible disturbances in the design

variables.
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3) Fitness Approximation: Fitness approximation is used when an objective function
is not available or when the solutions are too expensive to evaluate. In that case, a

metamocdkl is used:

0@ = Q@ + 06 (2.4)
where’Q(&) is the approximate error of the metedel. The main difference to noisy
functions is that, in this case, the error is deterministic and cannot be reduced by
resampling the approximate fitness function.

4) Time-varying fitness functions This is the clasf uncertain environments
addressed by this thesis and it consists on deterministic fitness functions that depend on
timea:

0& = Qb + Yd) 25)

The next sectioraddressesime-varying fitness functions, their characteristics and
how Evolutionary Algorithmsmay beadapted andised in order taope with this

particular class of problems.

2.4 Dynamic Optimization

Optimization in dynamic environments adds a level of complexity above those
already present in static optimization. A problem is said to be dynamic when there is a
change in the fitness function, problem instance or restrictions, thus making the
optimum change as welln each period ofoptimization, the fitness function is
determinstic, but wherchanges occur, solutions already found may be no lorajer
and the process must engage in a new search effort. When using evolutionary and other
bio-inspired algorithms to tackle this kind of problems, the crucial and delicate
equilibrium needed between exploration and exploitat{gvhitley, 1988) in static
environments becomes even more important and complex to dealfilid.algorithm
fully converges, it may be difficult to regain adaptability and react to changes in the
environment.Global search must be sometimes increased, even on the expense of

speed of convergenc®f course that, as s& by Jin and Brank@Q05):
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i é) the simplest way to react to a chang
each change as the arrival of a ngwimization problem that has to be solved

from scratch. Given sufficient di me, t his

However, there is not, in some situations, sufficient timkile other difficulties
arise when changes in the environment areeasily detectable, making reactions to
those same changes hard to implement. In addition, even if the change is detectable, it
is hard to decide if it is better to restart the population or continue the search with the
same population after a shift inettenvironment. That decision may depend on the
severity of the changesr even on their whole dynamiés defined by severity, speed,
periodicity, amongst other trai(Brarke, 20032.

Another issue of extreme importance that arises when designing aigotithsolve
dynamic problemsis the wide spectrum that the environmental dynamics may cover.
As it happens in static problemllo-Free-Lunch Theorems(Wolpert & McReady,

1997 are incompatible with the project of designing an algorithm that outperforms any
other method when tracking moving optima. Whereas in static optimization the
difficulties for Evolutionary Computation arise from the fact that the infinite set of
search landscapes includes those without some sort of structure that can be exploited,
dynamic optimization problempose additional difficulties due to the dynamics of the
fithess landscape. If the number of environments or the period between changes varies
unboundedly, then, on average, no other method is better than random restarts after a
change(Wolpert & McReady,1997) However research orkvolutionary Algorithms

for dynamic optimizatioris not doomed to be an aimless task because the goal is not
solving all possible problems, but only a narrower subset focused on a particular
domain of interest (or under certain bounds).

With these limitations in mind, it may be stated tRablutionaryAlgorithms hold
seltadaptive traits that makes thea promisingcandidate to solve dynamic problems.
Nevertheless, somdifficulties arise from Evolutionary Algorithmsstructure and
behaviour To begin with, fi the algorithm converges, its ability to adeg the new

optimum after a change is reduced. Genetic divefsitthat is, the genotypic variety
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present in a population at a specific moment (generadionjust thus be maintained or
at least introduced at regular intervals. Mutation gay other methd to maintain or
introdue genetic diversity in the population) is essential and, in some cases, increasing
mutation above the optimal value needed to solve the static problem is enough to track
the optima. On the other hand, high rates have a destreftact (Goldberg,198%),
and it is not possible to rely on reactive magrotation because changes (or their
seveity) are not always detectable, atiterefore other methods are required to deal
with the complexity of dynamic landscapes in general.

Another problem arises for negenerationaEvolutionary Algorithmsn this kind of
algorithms & known as steadystate Evolutionary Algorithms(Holland, 1975) o
parents and offspring compete for survival and may belong to the same popufiation.
changes ar@ot easy to detecall solutions must be revaluated after a shift in the
fitness function, because otherwismitdated fitness values will remain in the
population, misleading the searddnless changes aneery fast, the computational
effort is not draratically increased, buf thanges are very costly to detect, all the old
chromosomes that remain in the population must bevaéuated in each generation,
increasing the computational cost and thus decreasing the number of generations
between changes. Qhe other hand, some techniques may overcome this drawback if
the steadystate character comes together withliabs to maintain diversity, escape
local optima and react to changes. The algorithm present€daipter 5is an example
of a steadystate GA that althought re-evaluates the old chromososnén each
generatiotf, it is more effective than standard generational GAs on most of the
dynamic problemscluded in the experiments.

Due to the large number of published proposalsEeplutionary Algorithmsfor
dynamic optimizationa classification of techniques is needed in order to distinguish
major approaches and identify their preferable targets. S5iple set of categories to

10 Most of the experiments in the investigation reported by this thesis were conducted under the most general
assumptionsThat is, changes are hard to detect and the extent of the change (and its hypothetical periodicity) is
unknowna priori.
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classifyEvolutionary Algorithmsdesigned for dynamic optimizatidras beemproposed
by Branke(Brarke, 2002.

2.5 Evolutionary Algorithms for Dynamic
Optimization

The difficulty of dynamic optimizationcan be stated as seeking appropriate

balance between two contradictory characters of the search procedure, those between

the exploringand exploitingnature of the algorithm. Over the past few years, a number
of authors have addressed the problem of convergence and subsequeat loss
adaptability when solving dynamic problems with evolutionary and otheinbpred
algorithms. The following aragraphs describe some of thenheTtechniques are
classified within the four categories defined by Bra(2@02)

1) Reaction to changesThese algorithms hold some kind of mechanism that reacts
to changes and takexplicit actions to increase ortinduce diversity in population,
thusmakngeasi er the tracki ng oHypaniutionfCobhi n g
1990) is a technique that mnée classified within this category. Hypermutation deals
with changing environments by increasing significantly tigation probabilitywhen
a change is detectedhe probability values arevaried from 0.001 up to 0.5. The
increase inthe mutation probability is followed by a period of decayhere the rate
decreases back to its basdue More recently, Morrison and De Jo(2000) showed
that largerHypermutation values track the optimum better when the environmental
changes are frequenivhile lower Hypermutation levels perform better when the

changes are less frequeHbwever, this algorithm is far from being effeve under all

circunstancs, because, as already stated, changes are not always detectable and small

changes in the environment magydasily tracked without the destructive effect of such
high mutation probabilities

Variable Local Search{Vavak et al, 1997a;Vavak et al, 199b) uses a method
similar to Hypermutation to deal with changing environmethtsmutation probability
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Is gradually increased after a change has been detected. Other methods, like those
proposed by Bierwirth and Mattfel999) and Lin et al (1997) create a new
population after a change using the solutions of the previous population as a seed.

Another pasible approach is to incorporate the variation ofntlation probability
in the evolutionary process itself, that is, to use aadiptiveprobability to tackle
changes. Angeline (Angiee, 1997) proposed an Evolutionary Progré@éck 1996)
with selfadaptive mutation probabilityfor dynamic optimizationParents are mutated
to create offspring with a variance that decreases asplimmum is approached.
However, the results shomo perceptiblemprovement over a simple adaptive method
and thebehaviourof the selfadaptivestrategyis typically erratic (Angéne, 1997).In
addition, decreasing the variation of mutation to values clofeetminimum (defined
by a parameter) requires a minimal knowledge of the fithess landscape, namely of the
optimum value. Not knowing the best fitness valaay diminish the efficiencyand
even the viability of thisnethod. Similar ideas where proposed in (émnstette1999),

(Back 1998) and Stephens,1998)

In general, these simple approaches are ofterfidiegft when compared to other
possible strategies, because solving a problem without reusing information from the
past might be time consuming, a change might not be identifiable directly, or the
solution to the new problemmay not differ too much from th solution of the old
problem. Thus, it is sometimes better to have an algorithm that is capable of
continuously adapting the solution to a changing environment, reusing the information
gained in the past.

2) Memory schemesAnother kind of approach is &upply the algorithm with some
sort of memory that stores good partial solutions in order to reuse them later. This can
be advantageous in cases where the environment is changing periodically and repeated
situations occur. On the other hand, they candumterproductive if the environment
changes dramatically with op@mded novelty.

Memory may be provided in two general waysiplicitly, by using redundant
representationsor explicitly, by introducing an extra memory and formulating

strategies to depdsand retrieve solutions later (Bitaa 2002. The major approach to
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implicit memory and redundant representatiodigodity, whichwas used for the first

time in dynamic optimization by Goldberg and Sn(t!987); other examples may be

found in Pasaipta & McGregor, 1992), Lewis et al, 1998, (Ng & Wong, 1995,

(Ryan 1997) and(Uyar & Harmanci, 2005. A diploid GA has a set oftwo

chromosomesdifstead oonly one,asin thetraditional, or haploid, GAsand more than

one gene compete for the sapteenotypic trait in the same individual. A dominance

map is used to label some genes as dominant and recessive and if a dominant gene is

paired with a recessive gene, only the former is expressed in the phenotype, leaving the

recessive gene unexpressgdirfkmeijeret al, 2006). This way, dominant genesy

protect less fit recessive genes from disappearing from the population due to selection

pressure. Once tHfanction changes, the less fit genemy come into expression if the

environment isfavourable For this structure, aiploid GA needs a dominance map.

One of themost referred magin literaturehas beerproposed by Holstein (Haitein,

1971) butother authorsNg & Wong, 1995 Ryan 1997) presented alternative ones
Although there arereports that show that diploid GAs can outperform haploid

schemes in some dynamic environmehtsyis et al. (Lewis et al, 1998) concluded

that

i ( same fporm of dominance change is essential, as a diploid encoding is not
enough in itself to allow flexible resnse to change. Moreover, a haploid
method which randomly mutates chromosomes whose fithess has fallen

sharply also performs well on these probldms. . ) 0

Therefore, hile redundant representations alloiwvolutionary Algorithms to
implicitly store some useful information during the run, it is not clear that the algorithm
actually uses this memory in an efficient way. As an alternative, some approaches use
an explicit memory in which specific information is stored and reintrodudedthe
population at later generations, as (Ramsey & Grefenstettel993, where a
knowledge base is used to memorize successful individuals in a permanent memory,
assuming that the system can measure the environmental condli@nscheme is

entitled casebased memorgndactsas a kind of longterm elitism The best solutions
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that are created in each generation are kept in an external resource and can be later used
for explorationd by reintroducing individuals from the memory in the population

or exploitationi by reintroducing individuals when its fithess is highsimilar ideg
presented by Eggermont and LenaePB0@), combines a cadeased memory with a
metalearner, a scheme that tries to predict the next optimum from the information
storal in the memoryA metalearner combined with tweteadystate GAsis proposed

by van Hemertt al. (2001). The solutions migrate from théure populationGA to

the current populationGA. While the first algorithntriesto find good solution to the
current problem, the future population GA searches for the optimum of the fitness
function predicted by the metearner. The resulting algorithns applied to two
different dynamic problems, with contradictory results that rdw allow clear
conclusions about the model.

These algorithms, although may be efficient in some particular types of dynamic
problems,face some problems when considering the more genenaiptisns. For
instance if changes are not detectable, it is chdo decide when to reintroduce
individuals for exploitation purposes. In addition, a large amount of extra evaluations
would be needed in order to maintain the fitness of the memory solutions up to date.
Even if changes are detectable, the memory shoellceévaluated after each change,
and if thefrequency of changes is higlthe computational effort would be quite
relevant. In addition, a number of decisions must be made and strategiggeve the
solutions Eggermont & Lenaerts, 20Pust be chosetnat affect the performance of
the algorithms.

Slightly different and more sophisticatezkamplesthan those described above
include a procedure byrojanowskiand Michalewicz1999)where each individual is
extended withadditional memory for a number @6 ancestors, or via wariation of
evolutionary elitism withinThermodynami€&As (Mori et al, 1997; Moriet al, 1998)

i i.e., in every generation theest individual is stored in the memory, and another
individual is deleted from the memory dependiog its age andontribution to this
memory populationds diversity (nBemksur ed
(Brarke, 1999) compared a number of replacement strategies for inserting new
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individuals into a memory stressing the importance of diverfsitymemorybased
approachesAs an exampleBrankefound out that a simple replacement of the most
similar individual performed almost equivalently to a strategy that replaces the worse
of the two individuals in the memory closest to each other.

Other aubors combined memory with other strategidssigned fordynamic
optimization Yang (2008), for instance combined a memory scheme witRaadom
Immigrans GA (Grefenstette, 1992)1 the Random Immigrant&A is a weltknown
Evolutionary Algorithmsproposedor dynamic optimizationand it will be described
in detail in the following paragraphkater, Yang 2008) extends the study ilYgng,

2005%0), tests four different memory schemesd concludes that those that combine
memory with immigrants achieve bettesults.

Recently, Barlow and Smitlf2008) proposed a memory enhancé&yolutionary
Algorithm for dynamic scheduling problems, and Richter and Y@0§8)proposed a
memory scheme based on abstraction, i.e., the algorithm does not store good solutions,
but instead it keeps their approximate location in the search space.

In general, memory is particularly useful when the dynamics of change is circular,
that is, the shape of the fitness landscape repeats from time to time. When the changes
lack periodicity,memory schemes lose some of their effectiveness. In addition, some
memorybased approaches may also need change detection mechanismg ito orde
recover previous solutions, namely those that use an explicit memory. For these
reasons, memorgchemeslike algorithms that react to changes in order to deal with
dynamic environmenisre not the most effective strategiesléal with the kind of the
problems that this thesis aims at coping: widege dynamic scenarios, not necessarily
periodical and whre changes are nelsy to detectThe goal is to designrobust
algorithms, without increasing complexity in its parameter sphtdti-population
approaches overcome some of the limitations inherent to reactive algorithms and

memory schemé's

n fact, many multipopulation approaches may be classified within the memory schemes class, or in the following
(and more robust)ategory: diversity maintenance.
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3) Multi -population approaches These approaches divide the population into
several subpopulations that are expected to track multiple peaks in the fitness
landscape: a part of the populatitmcks the best solution while other parts of the
population search for sutptimal solutionsPlease note that the md&arner combined
with two SteadyState GAs referred above as axplicit memory scheme approach
(van Hemertet al, 200) could also be considered as a mptipulation approach. In
fact, the algorithms with miti-populations for dynamic optimization hold a kind of
selfadaptive memory.In the following paragraphs,some of the more relevant
approacheare discussed

Brankeet al. proposed th&eltOrganizing Scout¢Brarke et al, 2000) to cope with
the problem of optimization in dynaménvironmentsThe basic idea dahis algorithm
is thatonce a peak has been found (i.e. the populat@asconverged to ehigh-
performance region), the population should split, while e fAc Hialtd omp@p s hou
Awat cho ov e rrenaihdertshopldespread out dearching for new peeaks.
similar approach ishe Multinacional GA (Ursan, 2000) which uses multimodal
optimization to track moving optima. A nation is defined as a population, government
(best solutions in that population) and policy (the peak that the population is
approaching). To spread different population through the different pedks fiiness
landscape, a hilalley detection procedure and a migration policy are uséd.
addition, differenimutation probabilityaluesare used according to the distance of the
individuals to the peak of the nation they belong. Selection alsgdiffam traditional
Evolutionary Algorithms Although the tests in(Ursem, 2000) showed that the
Multinacional GA outperformed a diversity maintenance technique (see next section),
the authors observed that the later lead to more stable sdoresidition the
Multinational GA is very complex, requires a higandtuning effort and multimodal
optimization efficiency depends, of course, on the kind of fitness landscape

More recently, Parlet al. (2007a; 2007b; 200§)roposed théual-Population GA
The algorithm uses an extra populatidncalled the reserve populatién to provide
additional di versity. Preliminary results

sensitive to the distance between the two populations and that it is very diféicul
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determine the best distance without prior knowledge about the problem. In order to
overcome these difficulties, a second reserve populaiadded to the initial scheme
(Parket al, 2008).

4) Diversity maintenance A more general way of keepingatk of changing
solutions is maintaining diversity throughout the run. Schemes that constantly introduce
diversity or somehow delay its loss may reduce convergence speddy byhamic
optimizationit is sometimes more important to just keep close tooftenum than to
completely converge to it. Full convergence is avoided all the time and it is hoped that
a spreaebut population can adapt to changes more easily. These algorithms are more
general and may be applied to a wider range of situations, witlemg dependent on
whether or not changes aeasily detectabler on some specific dynamics of the
landscape, nlike the reactive algorithms and some of the memory schemes described
above. In addition, their performance is less dependent on the péyiodicthe
changes than memobasedevolutionary Algorithms

A well-known example of a diversity maintenance technique dates back from 1992:
the Random Immigrants &hetic Algorithm (RIGA) (Grefenstette, 1992). RIGA
maintains diversity by introducingg random solutions in the population in each
generation. This guarantees that brand new genetic material enters the population in
every time stepthus avoiding the convergence of the whole population to a narrow
region of the searclspace. RIGA is a kind oftandard algorithm for dynamic
environments and it appears very often in experimental studies in order to evaluate the
performance of new proposals. However, its behaviour is affected by the parameter
and, according to the experiments conductedtliis thesis, it is not clear thatt
improves GAs performance on dynamic optimization problems, at least when solving
dynamic deceptive functions (s&hapter . RIGA is used in sesral experimental
setups of this thesisherefore, its pseudoode is presented Figure2.2.

The following algorithms may also be classified in the same category (diversity
maintenance) as RIGA.

Cedeno and Vemuri (1997) proposed a niching method to deal with dynamic

environments. Like in (Ursem, 2000), described above, multimodal optimizatios is
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Random Immigrants Genetic AlgorithfRIGA)

initialize PopulationP)

evaluate PopulationP)

while (not termination condition)do
PY Replace Fraction of Populatio, ()
create P.new by selection, crossover and mutationRof
PY P.new

end while

Figure 2.2: Pseudecode of theRandom Immigrants Genetic AlgorithniRIGA) .

meansby which the authors try to track moving extrema. For that purpose utesy
crowding replacement scheme entitledrst among most similar

Liles and DeJong (1999) introduced an interesting sharing scheme babad bits
Tag bits are appended to each genotype, and only individuals with equal tag bits are
allowed to mate, whit somehow can be regarded as introducing subpopulations of
varying size(Speas, 1994) Theneighbourhoodised for sharing is then the number of
individuals with the same tag bit, i.e. individuals with rare tag bit§aareured The
approach is able to nmdain different subpopulations on different peaks.

Another well-known approach that maintains diversity throughout the run is the
Thermodynamic GAMori et al, 1996) The algorithm controls the diversity in the
population by explicitly controlling a mea® entitledfree energyFor a minimization
problem this term is calculated &= < O> "YO where< O> stands for the
average population fitness ahdis a measur® f t h e p diyersity. ahe inewn 6 s
population is selected from old parents and offspring one by one, and always the
individual that minimizes is adde@he temperaturéYis a parameter of the algorithm
and reflects the emphasis on divergityadjusting’Yis discussed in (Mot d., 1998).

Recently, Tinés and Yan(007) designed and testedRIGA associated with the
Bak-Sneppen mode(Bak & Sneppen,1993) entitled the SeltOrganized Random
Immigrants Genetic AlgorithfSORIGA). The BakSneppermodel isknown tohave
SelftOrganized Criticalityproperties, a phenomenon that was detected in 1987 by Bak
et al (1987. When associated witlEvolutionary Algorithmsit may insert large

amounts of new material in the population or completely reorganize a solution to a
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problem.For these reasons, researchers soon adopted it in order to provide new means
to control parameter values or maintain poputatioversity. The dynamic optimization
research fieldvas a logical following stegresults (Ting & Yang,2007) show that the
algorithm is able to outperform traditional RIGAs and a standard GA on a wide range
of problems and dynamics. However, the experiments in this thesis show that the
proposed enhancement techniques for Evolutionary Algorithms Geepter 5and
Chapter ¥ are able to outperform SORIGA in the majority of the teS&ttOrganized
Criticality theory and its models will be discussedCihapter 6where SORIGA is also
described in detalil
In (Yang 2007), Yang proposed tHditism-basedimmigrants GAEIGA), whichis
a very simple scheme that in each generation replaces a frégjion the population
by mutated copies of the best solutigvith a mutation probability)s?). The study on
EIGA is extended in (Yang2008). The authoshows thatthe algorithmis more
effective when the changes are not too severe. This particular behaviour may be
explained by the fact that introducing mutated copies of the best individual in the
population provides the GA with means to tackle small cesiiggcause the algorithm
is maintaining a kind of supopulation around the optimal solution, and small shifts in
the environment are easily traceable by those-op@mal individuals Due to its
simplicity andbecause ofhe results reported in (Yang007) and (Yang2008) EIGA
was selected as one of theimpeeralgorithms for the study presented in this thesis.
Another interesting approadbr dynamic optimization in the realm of Evolutionary
Computationis theco-evolutionary agent based modelg#gnotype editig (ABMGE)
(Rocha & Huang,2004; Huag & Rocha,2005; Huag et al. 2008) which uses several
genetic editing characteristics that are gleaned from the RNA editing system as
observed in several organismihe incorporation of editing mechanisnprovides a
means for artificial agents with genetic descriptions to gain greater phenotypic
plasticity. By allowing the family of editors and the genotypes of agents-evauve
using the regeneration of editors as a control switch for environmentahgés,

ABMGE atrtificial agents can discover proper editors to facilitate the tracking of the
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extrema in dynamic environment3heir results outperformed traditional GAs.
However, in the particular tests performed(Rocha & Huang 2004), (Huarg &
Rocha,2005) and(Huarg et al, 2008)d and with the parameteflues used by the
authorsd , an algorithm proposed by Fernandext al. (2007a; 2007b) is able to
outperformthis method

Finally, Laredoet al. (2008; 20080 proposed a pedp-peer GA that maintains
diversity at a higher level due to its niching propertfepeerto-peer GAis a spatially
structured Evolutionary Algorithm(Tomassini, 2005) in which the structure of the
population is defined by a petrpeer overlay networkThese algrithmshave been
shown(Laredoet al, 200&) to bea suitable approach for tackling large instances of
hard optimization problems via massive scalabilitypeérto-peer systemsResultsin
(Laredo et al, 2008b)show that the algorithm is capable of outperforming other GAs
on dynamicoptimization On the other handis decentralized character may be a
disadvantage fodynamic optimization: unlike optimization in stationary environments,
dynamic problems requirbat (at least) the best current solution is known; in a-fgeer
peer GA, the best solution is n&nown to the entire system and the information may
take a few generatiort® spread all over the networklowever, if the system really
demonstrates its aliies to track moving optima, a model may be designed in order to
cope with that kind of optimization problerds in fact, it is a modelof a peeito-peer
networkthat is used in (Lado et al, 2008a) and (Lawxo et al, 2008b) and not the
network itself

2.5.1 Estimation of Distribution Algorithms

Besides traditionaEvolutionary Algorithmsd that is, GAs, Evolution Strategies,
and Evolutionary Programming (B4ck996) 8 a new Evolutionary Computation
trend appeared irthe beginning of thet990s. This newgenerationof Evolutionary
Algorithms is entitled Estimation of Distribution Algorithm$EDAS) (Pelikanet al,
199%; Lorrafiga & Lozano, 2002and make use of a probability distribution vector

that replaces an expliciepresentation of the populatiobhis sectionprovides a brief
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stateof-the-art on the ongoingresearch on thessompetent GAgGoldberg,2002) and
dynamic optimization.

EDAs area class of Evolutionary Algorithms that replaces the standard crossover and
mutation operators bgn estimatiorof the joint probability oforomising solutions and
by the generationof new solutions by sampling from the correspondirgstimated
distribution. During the optimization process, an EDA makes ustefprobability
models to build possible solutions teethroblem $ampling. The probability model is
then updated in a way that reflects the quality of those solusetection.

These methodare usually classified according to the complexity ofgrebabilistic
model they rely on, that is, the level afteraction between the variables of the
problem. On univariate models for instance, the variables are assumed to be
independent. One dhe algorithmsbased on such type of mode$sthe Population
Based Incremental Learnin@BIL) (Balua, 1994)3 which is sometimes referred as
the first EDA. The compact GA(Harik et al, 1999 and theUnivariate Marginal
Distribution Algorithm (UMDA) (Muhlenbein & PaB, 1996; Mihlenbein & Pd3
19960 areotherwell-known examples of univariateDAS.

Bivariate modelsepresent pairwise interactions between variables, usually via chain
or tree structures. TheBivariate Marginal Distribution Algorithm (Pelkan &
Muhlenbein, 1999 and theMutuakinformationMaximization Input Clustering (De
Bonetet al, 1997 are example ofalgorithmbased on such models.

Finally, multivariate EDAs rely on much more complex probabilistic models. The
Bayesian Optimization Algorithm(BOA) (Pelkan et al, 19991 and hierarchical
BayesianOptimization Algorithm(hBOA) (Pelikan, 2005; Pekan & Goldberg2001),
for instance, ardased on Bayesian networkiEhe Factorized Distribution Algorithm
(Muhlenbeinet al, 1999 and theExtended Compact Genetic AlgorithfBCGA)
(Harik, 1999 are other examples of multivariateodels.

Independently othe complexity of the probabilistic modeliffdrent strategies may
be used at sampling and selection steps and the diversity of the model (and resulting
algorithmds convergence) i's strongly depenc
EDAs, like theUMDA, have no means to restore diversity once it is lost. Since the
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variance loss occurs at sampling and selection steps, it is crucial to devise methods to
slow down or avoid full convergence of the probability model. Dynasptanization
due to its traitsis particularly demanding, requiring constant diversity maintenance to
avoid full convergenceRecently dynamicproblemshave started to raise a strong
interesonEDAs O researchers.

Yang and Yaq2009 use PBILto solve dynamic optimization problems constructed
by a problem generator proposed by the same authors. A comparison of several
versions ofthe algorithmwith standardGAs and RIGAs is providedviore recently,
Yang and Yaq2008)proposed amssociated meany schemdor PBIL, which stores
best solutions as well as corresponding environmental information in the memory,
apparently with good results.

In (Yang 200%), Yang proposes the UMDA with enhanced memory and the results
of the experiments show that memds efficient in dynamic environments. In addition,
a combination of memory amdndom mmigrants for tis univariate modek studied.

Abbasset al. (2004) were the first to introduce the ECGA to solve problems in
dynamic environments. Their approastbased on random restarts of the population at
each change so that diversity in the population can be increased at the beginning of
each new environment. Additionally, Abbas$ al. proposed a slightly different
approach that usethe probabilistic model from the previous generation when the
populationhasto be restarted.

The ECGA with random restart was later exten¢igaisty et al, 2004g) to include
substructural nichingSasty et al, 2005) In substructural niching, nichese defined
within the linkage groups rather than at the individual level. After the corresponding
schema averagfitnessis calculated for each substructuasgtryet al, 2004b), the
sampling probabilities are changed according with their associategditWhile this
methodology can be used to maintain diversity in the population, Alebadg2004)
uses as a way to acceleratiee grow ratio of highhfit substructures, using the random

start of the population as the main source of diversity.
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Ghosh andMuhlenbein 2004) appled the UMDA to dynamic environments by
introducing mutation whenever tlfitness changes. This approathlike (Abass et al,
2004)0 assumes that it sasyto detect environmental changes.

A different approach waproposed by Lima in collaboration with Fernandes and
Lobo (Limaet al, 2008a; Limaet al, 2008b). Limaet al. applyrestricted tournament
replacemen(Hark et al, 200§ and ECGA to tackle dynamic optimization problems.

A different metric for the restited replacement tournameist proposed, based on
substructural niching. These approachescompared with the ECGA that randomly
restarts the population after an environment change. Results on several dynamic
decomposable test praphs demonstratine ufulness of maintaining diversity in the
population over the approach of restarting the search from the beginning at each
change. Additionally, substructural restricted tournament replacesiawsto be

more robust than the original version. Finally, bgimtaining diversity throughout the

run, no additional mechanisms are required to detect the change of environment, which
can bea demanding task.

Fernandes and ewmorkers tried a different approach. In (Femdeset al, 2007a;
Fermandeset al, 2007b),they present thdinary Ant Algorithm which is based on ant
algorithms (Bonkeau et al, 199), and takes advantage of their ability to solve
combinatorial dynamic problems to generalize them to binary codifications. However,
this method may be also regaddas &ind of bivariateEDA, because thBinary Ant
Algorithmcreates the possible solutions to a problem via transition probability vectors
foll owi ng a 0 p adelriés béteant adjacenevarialdes. d e p e n

Later, and following this line of workFernandest al (200&) proposed a new
update strategy for UMDA, also based on ant algorithms, that aims at maintaining the
diversity of the algorithm at a higher level. The new strategy outpesfttrenstandard
UMDA and other variations of the algorithm on the majority of the tests with dynamic
problems.These investigations follow the line of work proposed for this thesis, and try
to find in nature models that may help to improve Evolutionary Atlgos
performance on dynamic optimization problenmsthis particular case, the inspiration

was found in selbrganization, stigmergy, and the swarm intelligence field of research
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described in the next section. Actually, Swarm Intelligence and EDAs aselyl
related (Zlodin et al, 2004).

2.6 Swarm intelligencein Dynamic Environments

Swarm Intelligence (Bormeauet al, 1999 Kennedy & Eberhart, 2001is the
property of a system whereby the collectlwehavioursof simple entities interacting
locally with their environment cause coherent global patterns to emerge; or, putting it
another way, Swarm Intelligence is the property of a system wherergaliization
arises from local interactions at the microscopic level and from the interaction between
the sysem and its environment.

As a computational paradigm, Swarm Intelligence provides a basis with which it is
possible to explore collective (or distributed) problem solving without centralized
control or the provision of a global model. Two classes of algos emerged from the
Swarm I ntell i gencedworkwas sdceassfubexamples appled ta | fr.
optimization: Ant Colony OptimizatiofACO) (Dorigo, 1992 and Particle Swarm
Optimization(PSO) (Kenedy & Eberhart,1995). ACO and PSO are also the most
visible results of two slightly different concepts of Swarm Intelligence. While
Bonabeauet al. (1999 defined this research field athe emergent collective
intelligence of groups of simple ageliBonabeatet al, 199), Kennedy and Eberhart
(2001) refuse the idea of agents because it comes with the concepts of autonomy and
specialization. In addition, the inspiration to each algorithm, althoughdaotiefrom
the observation of nature and the phenomena associated withe s peci es 0 ¢ O
behaviour, is somewhat different. ACO was motivated by the investigations on the
behaviour of foraging ants and their ability to find the shortest path between two points,
while PSQis the result of the Kennedy and Eberhart effdd model bird flocks and
schools of fishes. Only later, PSO model evolved to optimization. TKennedy &
Eberhart, 2001):
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(...) the plots used to watch the algorithm perform ceased to look much like
bird flocks or fish schools and started looking moike swarms of

mosquitoes. The name came as simply as that.

Wasps, bees, ants and termites, all make effective use of their environment and
resources by displaying collective Swarm Intelligence. For instance, termite colonies
build nests with a coplexity far beyond the exhibited by the individual termite, while
ant colonies dynamically allocate labour to various vital tasks such as foraging or
defence without any central decisioraking ability?.

Microbial life can be also highly social and inately networked. In 2008, Carl
Zimmer published the bodWicrocosmi E. Coli and the New Science of L{mmer,
2008), where he describes the long journey of biologists, from the discovery of
Escherichia Colby a German paediatrician named Theodor B#tiné¢l8571911) to
the emergence of genetic engineering. m m elesdigtion of the ongoing research on
E. Colishows us a world of interactions, whereagparently simple bacterium display

complex and emergent behaviok:. Coliis able to collectively track changes in their

12 Some researchers argugs{ldobler & Wilson, 1999 that a colony of ants, for instance, can be seen as kind of
superorganism, where individuals are simple entities devoted to the needs of the group. The explanation for this
subjugation of the individual to the colony may reside in kin selection ardifatt that these insects belong to
the OrderHymenoptera which is characterized, amongst other traits, by displaying the haplodiploid sex
determination system. Males are haploid, that is, they have only one copy of each chromosome, while females are
diploid, having two copies of each chromosome. FerHgimenopteras generated in the usual way, with a sperm
from a male fertilizing a female's egg. One set of chromosomes comes from the father, the other from the mother,
yielding a diploid daughter. Malesn the other handievelop from an unfertilized eggaving a mother but no
father: males are haploid. Beyond the strange mechanism of sex generation, haplodiploidy has important
consequences that seem to affect social behaviour. If a queen mates onheomerighters are highly related to
each other, because the father's sperm are all identical. A female is more related to her sisters (on average, 75%
similar) than she is to her own daughters (on average 50% similar). A female is more related to(5@r9son
similar) than she is to a brother (on average, 25% similar).These three factors combine to create a condition in
which it may be more advantageous, evolutionarily speaking, for a female to help her mother produce sisters (to
the female in questionthan to produce her own daughters. Thus, haplodiploidy opens the way for the evolution of
a worker caste, devoted to helping their mother. If workers evolve under these conditions, then we would expect
that all workers will be female (males have no spquidiern of relatedness in a haplodiploid system that would
make working advantageous to them. The role of haplodiploidy in the evolution of wiykenopterdits into
an overall theory of how genetic similarity affects social behaviour ckifedelectionthat was developed By.

D. Hamilton (1964a; 1964bh . Hamiltonbés research has beienpaltreiamuci al for
competition and cooperation. Namely, it showed that what was sometimes called group selection (before the idea

came into discredit) is nothing more than kin selection on an extended family. George C. Williams, in his book
Adaptation and Natal Selection(Williams,1966) wrote thagroup selection arguments are often the result of

lazy thinking(Zimmer, 2 0 8 ) . Hami |l ton gave a much more sound explana

cooperation.
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environment, conspire with their own species, build mutually beneficial alliances with
other types of bacteria, gain advantages over competitors, and communicate with their
hosts. This sort of collective stegizingwasfor a long time attributed to bees, ants,

and people, but not to bacteria. There are also evidences of horizontal gene transfer on
E. Coli colonies (Wataabe,1963), that is, genes are not transferred to following
generations by selection amdproduction, but instead they propagate through the
current population, delivered by plasmids or viruses; genetic material is transmitted
outside the evolutionary boundBhis happens in situations of environmental stress,
that is, when the environmentffars severe changes.

Finally, another interesting feature found in coloniesEofColi is their ability to
engage in hypermutation when facing an extreme change in the environment. What was
previously thought to be the result of directed mutations is bekeved to be the
outcome of a process in whi¢h Colib s mu pr@babilitessoar a hundred or a
thousandfold (Zimrar, 2008). As described in the previosiction some Evolutionary
Algorithms for dynamic optimization use of a similar procedure. H@wyesuch
artificial schemes are usuallyfdine dynamics introduced in the population whenever
a change is detected. Satlaptinghypermutation is not a trivial task, at least quickly
enough to deal with changing environmen&wvarm Intelligence in gena, and
bacteria in particular, may lzesource of inspiration for such a project.

This long introduction serves to show how amifjanizing natural systems can be
useful as sources of inspiration for metaheuristics for dynamic optimization, due to its
abilities to reactto (sometimes severejhanges in the environmerfeor instance,
Passino (2002) andliu and Passino Z002 proposed an optimizatiomlgorithm
inspired by bacteridhat was later applied to dynamic optimizatibyp Tang et al.
(2006)and to noisy envonments by Liu and Passind004)

A different approachs proposed by Fernandex al. in (2005). There,a swarm
model presentk by Chialvo and Milonas1@95)is modified in order to evolve on

threedimensional landscapes representimgathematical functions. A dynamic

population sizing schemethat takesinto accountth e Afitnesso and
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Figure 2.3: The Swarm Intelligence model by Fernandest al. (2005a) evolving on a
multimodal function.

distribution of the individuals (or diversity of the populati®nis introduced in the
original model and significantly improséts ability to react to changing environments
(Fernandeset al., 2005a). In addition, the modé& applied to imageprocessingd
following the experiments by Ramos and Almei(2p00) 8 with similar results
(Ferrandes et al.2005b) Later, Ramo®t al. (2006) presented an extensive study on
dynamic optimization. Finally, andsalready stated i€hapter 1the modehas been
applied outside the dynamic optimizatitmmework, on clustering and classification
(Mora et al., 2008; Ferandeset al, 2008l), software engineeringMahanti &
Banerjee 2006, image segmentatiorLgptik & Navakauskas?2007) and artificial art
(Ferrandes, 2008; Ferandes,2009). Figure 2.3 gives an example of the swarm

behaviour and how it expands and contracts its population size,a changing

13 As already stated, this dynamic populatiGzesmodel inspired th&elfRegulated Population Size Evolutionary
Algorithm (SRREA), which controlled the population via the diversity of the population. Later;EERRd the
investigations to thédaptive Dissortative Mating GAhe proposal itChapter 3
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environment.The selforganized swarm emerges characteristic flocking migration
behaviour between one deep valley (south region) and one peak (north region),
surpassing in intermediate steps some local optima. Over each foraging step, the
population selregulates. Frond = 0to 0 = 250 the swarmis induced to search the
lowest valleys of the landscape. After= 250 the task changes (target peak moves to
the north of the territory) and the swarm must find the higher values of the function.
Check for detailed results and extended analysis in éRdeset al, 2005a).

Although many metaheuristics based on swarms andogghization are being
investigated (and many are being applied to dynamic optimization), the most prominent
Swarm Intelligence paradigms are still ACO and PBhoth researchdids, dynamic
optimization has been the subject of many studies.

Within the ACO framework, there is, for instance, the study by Gunesai (2001)
on an ACO for the dynamicTravelling Salesman Probléhthat introduces a local
variance where needed and a heuristic repair of solutions. Later, Guntsch and
Middendorf (2002) applied apopulationbase& ACO to dynamic combinatorial
problems. In this approach, a setsoiutions is transferred from one iteratiof the
algorithm to the next, instead of transferring pheromone information for the ants of the
next generation. The set of solutions is then used to compute the pheromone
information for the ants of the next iteration. The authors tested the approach on
dynamicTravelling Salesman Probleand dynamic Quadratic Assignment Problems
and state thathe populationbased ACOcan be used to solve dynamic optimization
problems when a good solution of the old instance camdudfied after a change of
the probleninstance so that it forms a good solution for the new problem instance.

Angus and Hendtlass (2002) also applied ACO toTiavelling Salesman Problem
and concluded the time taken for the solution adaption process is far shorter than the
time taken to faid the second optimum solution if the whole process is started over
from scratch. That is, it is better to continue the search théltonditionspresent in

the moment the change occurs than to start a new search process from scratch.

4 Citation is not provided because the origins of this problem are not clear.
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Recently, Zhouet d. (2008) applied ACO to two dynamic jobshop probsemith
different dynamic levels and severity of changes. The authors argue that A6I@ i
perform efficiently in both cases, but is particulafficient when changes are not
severe.

Besides ACO, therareseveralstudieson PSO and dynamic problems. For instance,
Blackwell and Brankg2004), eolved multtswarms to tackle dynamic environments;
Carlisle and Dozier(2000; 2003 addressed the problem of outdated memory, a
specificity ofthe algorithm that makes it difficult to deal with dynamic environmants
which changes are too costly to detect; and Janson and Midd€@ao#)followed an
hierarchical strategy adjusting the PS&rcordingly and developing the first
hierarchical PSCOfor dynamic problems. A complete study on PSO and dynamic

landscapes is found {iBlackwell, 2007).

2.7 Dynamic Problems

Due to high number of proposals and the wide range of dynamics that a specific
problem may cover, is crucial to design simple and reproducible test sets in order to
compare different algorithms and draw conclusions ompteferredfield of application
of each proposal. For that purpose, a number of authors had tried to dadeissses
of classifying acertaintype of dynamic problems. In additioa,considerable amount
of benchmark problems and dynamic optimization probleanerators s been
proposed, mainly in the last two decades. The sestion describes relevant work in
that area.

One of the rost important issues that arise when trying to evaluate the performance
of Evolutionary Algorithmsfor dynamic optimization, besides measuring online
performance, are the types of dynamics in which each algorithm (or type of algorithm)
excels or fails.

Branke and SchmeckQ02 suggested a number of criteria along which dynamic

environmentscan be classified andtested. Since many other authors on dynamic
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optimization and control are following them, we will adopt them as well, having in
mind different conparison purposes

1) Frequency of change A time-varying fitness function may change in an infinite
number of ways. As for time itself, the function may change rapidgly the changes
appears every few seconds, for instance) or sloiWlis criterion stablishes how often
the environment changes (starting from veasechanges up to continuous chatiget
may be calledpeed of change artd measurd in generations or function evaluations.

As explained in the followingection, it is preferable taise a parameter that defines
frequency or speed of change by setting the number of evaluations betveegesn
the environment.

2) Severity of change This criterion establishes howstrongly the system is
changing, that is, the distance between amupti before and after the change. This
distancecanbe measured in different ways. For instance, when using GAs with binary
codification, the distance can be measured by the Hamming distance between the same
point in the fitness landscape, before and dfterchange, or by the Euclidean distance
of the phenotypes (if optimizing a mathematical function, or any other function where
the solutioncanbe represented in a hyperciib& he severity parametenay thus be
defined as number of bits, Euclidean disggnar any other measure that applies to a
specific codification of the solutionsFor instance, in the weknown Travelling
Salesman Problenseverity may be defined as the number of connections that change

3) Cycle length This criterion measures how often the optimum returns to previous
locations or at least gets close to them. Obviously, it is assumed that the dynamics of
change iscyclic, that is, the fithess landscape somehow returns to its previous shape
and locationpr at least close to it.

4) Predictability of change The present aspect gives a notion if there is a pattern or
trend in the changes. That is, depending on the problem at haridsgs somehow
possibé to predict direction, time dhe severity of th@ext change givethe changes

encountered so far.

15 A parameter that is set # may also be considerdione wishes to represent a stationary function. Lower
parameter values mean shorter periods between changes.
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Some of these characteristiese difficult to measurein some situationsand
therefore, comparisons betwedifferent optimization problems may still be out of
reach, but at least the above charactegstan be varied on a single problem such that
their qualitative influence on a specific approach can be exar(@radke, 2003. This
statement is better understood by analysingel-known benchmark problem.

The dynamid-1 knapsack was one of the first problems used to test the efficiency of
Evolutionary Algorithmson nonstationary environments see for instance (Gdberg
& Smith, 1987) and (Daagpta & McGregor, 1992). The 0-1 knapsack problem
(Martello & P. Toth, 199Dis a wekknown 0 0-complete combinatorial problém
Given a set ofi items with varying weight$ip) and profits (#p), the algorithm must

maximize the profif)(@):

nes=  pX (2.6)
i=1
wherem= (w 8 &, ) andwyis 0 or 1, depending if the item is selectét) or not(0).
The function is subject to a constraint:

m
wix; C (2.7)
i=1
whereo is the capacity of the knapsack, which mugtbwexceeded.

Like in (Goldberg & Smith,1987) and (Dasgpta & McGregor, 1992), dynamic
versions of the stationary problemanbe created by changing the value of capagity
every “YgenerationsIn this case,;Ycould berelated tothe speed of changand the
difference betweenthe 6 values before and after a change ccwddelated toseverity
(although it is nottrivial to measure the severity of change, in this problem, by
measuring the degree of change® imalues).The 6 values for the different statiary
problems that, appearing one aftiee other, form the dynamic problem, may be set so

thato returns to its first value and then proceeds again to the values to which it was set

16 To be accurate, the knapsack is-bifmplete in its decision version.
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Figure 2.4: Dynamics proposed by Angeline (1992) as possible trajectories of the base
function over time along with their projection onto the (e, «)-plane. Linear (left), circular
(centre) and random dynamics (right). Taken from (Angeline, 1992).

before. This way,it is possible to design a perioddynamic function, with a
determinedcycle length Finally, if an algorithm is able to detect a cycle in the
dynamics of the tim@arying fitness functiond and assuming that this pattern is

maintainedd , then it is pogble to predictchanges in the environment. It is clear that

most of the dynamic optimization problems may be classified by the severity and speed

of change criteriawhile cycle length and predictability of changes depend on the kind
of problem to deal win.

Angeline (Angdine, 1992) uss a similar framework but introdusdghe concept of
dynamic type The author usea base functiond in this case (Angeline,9B2) a
parabolic equation with three dimensions and minim@#,0) & thatis translated
along a number of distinct temporal trajectories. Translation of the base furgtion
implemented as an offset in each dimension and three different types of dyaagnics
investigatedlinear, circular andrandomd seeFigure2.4.

Whenever the environment is supposed to chargelinear dynamics updates the
current offsetyfor dimensionQas follows:

Ve Yot i (2.8)
wherei is the severity of changds for the circular dynamics, the offset is updated

according tq2.9:
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Ve Yook | X SIN— 0=
Y& Yot | X SIn 55 0= 1,3
(2.9

Vi Yot i x 0052—“5 =2
whereo is the number of applications of the dynamic so Tée equation describes a
trajectory that translates the base function in a circular path through all three
dimensions, and it was designed to cycle the values of the offsetZvapplications
with the severity parameter determining the radius of theuleir path (Angkne,
1992).

Finally, the random dynamic is defined by:

Vi Yot | x 0(0,1) (2.10)
where( (0,1) is a Gaussian random variable with m&aand variancel. Figure 2.4
givesgraphical representations the three dynamic types described above.

One of the main disadvantages of designing dynamic fitness functions under the
framework provided in (Andime, 1992) is thatalthoughthe dynamic types are easy to
apply tobase function®y an equationsome problems may not be directly treated by
linear, circular or random temporal dynamics. For instance, it is not trivial to design a
circular dynamics by varyig the 0 capacity in the0-1 knapsack problembecause
higher differences in thé values do not imply higher differences in the phenotype.
Recently, some authors have addressed this issue, by proposing more general dynamic
problem generators, and clagsiy them according to the kind of changes imposed in

the fitness landscapes.

2.8 Dynamic ProblemsGenerators

As stated in (Yang2004),

(...) dynamic problem generators should meet some basic requirements or
have some common properties in order to compghee performance of

different GAs in dynamic environmen(ts.)
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Theauthor then describes the required properties
1 It should be possible to vary environmental parameteleted to different
facets of the problem being solved;
1 It should be simple to realizbfferent dynamics, such &equency of change,
severity of change, cyclic or not;
1 It should be convenient to adjust the complexity difficulty of dynamic
problems;
1 It should be computationally efficient to realize requireynamic
environments;
1 It should be easy to carry out formal analysis.
Finally, in the same paperyang proposes alassification of dynamic problem
generatorsdividing them into foucategories
1) Switching fitness landscapesin this simple dynamics, the environment is
switchad between two or moreaitonary problems. For instanae the above referred
dynamic knapsack problem, the capaditgscillates between two (Gdidrg & Smith,
1987) or more (Dasgpta,1992) values.
2) Drifting fitness landscapes These generator stawith a stationary fithess
landscapé&Q®a), defined inn-dimensional real space (hypercubEje fitness landscape

is then fAdriftedo along one or more axes 0

Qay = Qa, , + Yay (2.11)
whereY@ i s the step size, t hat i s, it define
shifted from its original (previous) positiofhe dyramics proposed by Angeline
(1992)8 described in the previous sectidn may be included in this categoryhe
step size can also be regarded as the severity of change, and the speed of change is
easily defined. Periodicity can also be set by a proper tune of the dynamics.

3) Reshaping fitness landscapednstead of just shiftinghie fithess function or
making it oscillate between two states, a generator may also act updrapieecs the
landscape (Grehstette, 1999; Morrison & De Jong, 199; Trojanowski &
Michalewicz 1999. Again, the generator starts with fithess landsadgfened in R
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dimensional real space, with a number of component landscapes (e.g., cones), each of
which can change independentlpased on this stationary landscape, dynamic
problens can be created by changing the parameter associated with each component.
Speed and severity of changee easily set in this kind of environments. In addition,
complexity can be tuned by defining the number of cones/peaks in the fitness
landscapes, and its relative heiglds the other hand,obo and Lima 2006g 200&)
haver ecent |l vy guestioned t he uti ity of t hi
performance. The study is exclusively focused on stationary environments but the
conclusions can be extended to tiwaying fitness functiongand after all, stationary
problems areyst a particular case of dynamic problgéms

4) Revolving fitness landscapedn (Yang 2004) and (Yang2005),a more general
dynamic problemgenerator is proposed, which cée applied to any stationary
problem as long as binary codification is us8ohce this generatas used throughout
this thesis, a detailed description is provided below.

Given a stationary problef@® @~ 0,1 ¢ wherel is the chromosome lengtin

bits), the dynamic environments are constructed by applying a binary Mask

0,1 Y to each solution before its evaluation:
"Q@ad = Q@ XORPQ (2.12)

where t is the generation indé®= & T (T measures generations) is the period index

and'Qa 0 is the fitness ofaa 0P "Q is incrementally generated as follows:
0P Q= 0P Q 1 XORXQ (213

where Q) is an intermediate binary mask for every peri@dThis maskX'Q has
" x aones, wherg is a value betweef and 1.0 which controls the intensity or

severity of change. Please note that 0 corresponds to a stationary problem sifi¢e

vectors willcarryony06 s and no change will occur in t
hand,” = 1 will guarantee the highest degr of change; for instance, if a solution to a

problem is a vector afs, then the dynamic solution will oscillate between a vector of

16 s and &s. Vhereforey by charigifigandt in the previous set of equations
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it is possible to control two of the most important features when testing algorithms on
dynamic environmentsseverity {) and speed of chand#)'’. Recently, Yang (2008)
extencdthe generatoso that it can construct cyclic environments. This is pagrty

useful to test memory schemes, because, as already stated, this type of approach works
better when the changes are cyclic.

Yang (2004) als@roposs a broader dynamic problem generator based on unitation
and trap functionsAckley, 1987;Deb & Goldberg, 1993). Some features of ith
generator fall outside this thesis main goals (for instances, it is possible to design
uncertain environments with noise). In addition, the dynamic problems are constructed
on dynamic trap functions, while the generator(¥ang 2004) is able to design
dynamic landscapes over any binary codified stationary problems. Even so, some
features may be useful to assess GAsbO6 per
used in the followingchapters In addition, other benchmargroblems, like the
dynamic knapsack and some mathematical functions with dynamics similar to those
proposed by Angeline (Angre, 1992) are also used to test some assumptions.
However, for the reasons stated above, the proposal in (2664 was seleci as the

main dynamic problem generator for the experiments conducted in this thesis.

2.9 A Critical Note on the Experimental Research
Methodology on Dynamic (ptimization

Although the dynamic problem generators reduced the subjectiVitglymamic
optimization studies (avoiding ad hoc problems that lead to conclusions hardly
extensible to other problemsome practices are still found in most of the publications
that are least, highly questionablhis section ends the chapter by addressing these

issues.

" parametet refers, of course, tomeriodbetween changes. Its valdefinesthe speed (or the frequenély,f), but
naming itspeed of changi not accurate. In the remaining text, whieis associated with the terspeed of
change it must be understood as the value that defines that same speed.
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Since many Evolutionary Algorithmsfor dynamic problems rely much more on
diversity than those designed for stationary optimization, it is of extreme importance to
test severamutation probability(n ) values, others than those usually regarded as
standardfor static optimization.n addition, some algorithms increase or maintain
diversity by other means besides mutation (like RIGA, for instance). It is thus expected
that the optimamutation probabilityvalues(that is, mutation probabilityvalues that
optmize thea | g o r ipdrformresice) are differentMany papers on evolutionary
optimization in dynamic environments rely only on a mutatmobability value
(typically, i, = 1 gWhered is the chromosomkength but other values are sometimes
used). Oneexception is found in(Ocha et al, 2005), but there themutation
probability is tested with several values due to nature of the mating scheme (see
Chapter 3for details). Although some tests presented in this thhaie been
performedwith a singlemutation probabilityvalue,an effort is made to draw the most
important conclusion only after thelgorithms are run with different r, values.
Otherwise (and some examples are given in the following clsaptenclusions may
bemisleading.

In addition, population sizé€) also affects the performance of the algorithms, not
only on static problemsput also on dynamic environments. Sometimes, small
populations lead to better results. On the other hand, those same small populations may
experience some difficulties when solving harder instances of the same problem.
Although the investigations conductedthis thesis do not aim at studying scalability
in dynamic environments, the above referred issues makes it necessary that a proper
research considers differert values. Otherwise, there is a risk of comparing
suboptimal parameter settings and, conset]y, getting invalid conclusionslowever,

a scalability test of one the proposals in thésiddaptive Dissortative Mating Genetic
Algorithm d is provided for stationary @ironments. The other proposal, tBenetic
Algorithms with Sand Pile Mutations not tested for scalaliif, due to its specific
nature: it is a mutation scheme, which makes it impossible to test a

selectorecombinative version of the algoritfsalectorecombinative GAs do not have
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mutation and rely only upon crossover to recomltireebuildingblocksg. This means

that if a specific buildingplock is not present in the initial population then the GA has

no means to generate it. An approach like @enetic Algorithms with Sand Pile
Mutation cannot be tested under these conditionnally, other methods could be
devised to test the scalability of the algorithm on stationary environments, but the
validity of those tests should be subject of intense theoretical and experimental studies,
and that goes beyond the scope of this thésisthe same reasons, to which must be
added some difficulties imposed by the nature of the dynamic scenarios, it is not
possible to perform reliable scalability tests of the proposed methods on dynamic
optimization problems.

A final note addresses smallmodification made on the analysis of the performance
on the dynamic probl ems (Yang 2083) Althoughthe Yan g o s
speed of changeia n g 6 s gememtois maasured in generations between each
changgq”), some experiments in thihdsisusethe number of evaluations between
each changg). Since Evolutionary Algorithmsmay have any population size,
measuring the speed in terms of generations can leadctear reports on the results
and their significance. laddition, measurinthe speed of change in generatiomskes
it hard to compare GAs with different populatisize. This approachused inmostof
the experiments described in the following chapaéns at clarifying the conclusions

onthea | g o r petfonmmascé and redugrthe ambiguity of theomparative studies.

2.10 Summary

This chapteraddresse optimization in uncertain environments in general, and
dynamic optimization in particular, whids the main theme of this thesis. Dynamic
optimization algorithms are divided int@tegories according to their characteristics
and field of application, and the investigasaonducted for the thesare addressed
under that framework. Some types of dynamic problems and dynamic problem

generatorsare discussedThe different dynamicshat may be identified within a nen
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stationary problem, and that may help to identify an algorithm specific field of
application are also addressed The chapter ends with a critical note on the
experimental research methodology on dynamic optimization kgluEonary

Algorithms thatoutlinesthe basic principles behind the experiments reported in the

following chapters.
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Chapter 3

Dissortative Mating

3.1 Introduction

As argued in Chapter 2 Genetic Algorithms (GAs) (and other evolutionary
approaches$o optimizatior) that maintain diversitythroughout the rumre, in general,
more robust and less dependent on tharacteristicsof the problem than other
methodswhen tackling dynamic optimization problem&lgorithms that react to
changes usuallgequire thathosechanges araot too costly taletect, andif they are,
the performanceanbe stronglydependent on the level ofvaity. Memory schemes
aremoreuseful when the dynamics are periodic, that is, the fitleeslscapdir et ur ns o
to aprevious location and/or shapdulti-population schemassuallyarecomplex and
hard to tune and their efficiency depends on the shaihe dithess landscape.

On the other handchemes that constantly introduce diversity or somehow delay its
loss may reduce convergence speed, but when soldymgmic problemsit is
sometimes more important to just keep close to the optimum tHakyt@onverge to
it. These fgorithms are suitable fofiblackbox dynamic optimizatiomand may be
applied to a wider range of situations, without being dependent on whether or not
changes areasy to deteair on some specific dynamics of the landsc&stetion and
mating is one of th&As stages where modifications can be made in order to provide
them with means to keep diversity. The investigatioeported in thisChapter in
Chapter 4andin Chapter Sdeals withnonrandom matingechniques foGenetic and
other EvolutionaryAlgorithms, their efficiency in dynamienvironmentsand how and
when may those techniques enhatiee performance dfaditional andnon-traditional
GAs on this kind of problems
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The main part of thisesearchs focused on dynamic trap functions, becahgseof
are well studiegbroblems theoretically and empically, and because they provide a set
of problemswith boundeedifficulties which canbe used to assess the efficiency of the
algorithmson a wider range of problems. In general, it castagedthat an algorithra s
success on this tkd of problems ensures success against a large class of problems no
harderthanthe test cases. Howevdrgcause they appear very often in studie§&8is
for dynamic optimizationd see, for instanceY@ng & Yao, 2005; Yang 200%;
Yang2007; Yang2008; Tinés & Yang, 2007; Rocha & Huang,2004; Lewis et al,
1998; Klinkmeijer et al, 2006 Ocha et al, 2005 Dasgipta& McGregor, 1992)0
thedynamic royal road and knapsack problarealso introduced in theest set

The experiments includeseweral GAs with different characteristicstraditional
generational and steadyate GA, Random Immigrants GARIGA), two stateof-the-
art GAs also based ammigrantsand hypermutation schemes. Alesie algorithmsre
compared with two nomandom matingstrateges one previously proposed by the
author of this thesisn (Ferrandeset al, 2001; Ferandes& Rosa 20010 i the
negative Assortative MatingedBetic Algorithms(nAMGA) & , while the othert the
Adaptive Dissortative Mating Genetic AlgorithtADMGA) (Fernandes & Rosa,
2008a; Ferandes & Rosa, 2008Fermndeset al, 2008¢ 0 is the main contribution
of this Chapter.The results will showhat the norrandomschemes outperform all the
other algorithms in a wide range pfoblems and dynamics. Wheomparirg the two
dissortative mating algorithm#he resultssuggesthat eachone is usefuin different
kinds of scenaas, but the simplicity of ADMGA, the fact that it excels particularly in
harder instances of the problerand its smaller set of parameterakas it more

suitable to dynamic optimization, when considering a wide range of applications.

3.2 Random and NorRandom Mating

Genetic and otheEvolutionary Algorithms(Back 1996) mimic the process of

natural selection by recombining the most promising solutions to a problem from a
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population of individuals, each one representing a possible solution. There are several
methods to select the individuals, but all of them follber $ame general rule: good (or
partially good) solutions must be chosen more often for recombination events than
poorer solutions. In tradition&®As, for instance, the chromosomes are recombined via

a crossover operator over a certain number of genesatiotil a stop criterion is
reached. The parents are selected according to their fitness values, that is, better
solutions have larger probability to be chosen to generate offspring. By considering
merely the quality of solutions represented in the chromes when selecting
individuals for mating purposes, the traditional GAs emulate what, in nature, is called
random mating (Roudhgarden, 1979; Rusell, 1998, that is, mating chance is
independent of genotypic or phenotypic distance between individuals.

However, random mating is not the sole mechanism of sexual reproduction observed
in nature.Nonrandom mating which encloses different kinds of strategies based on
kinshipor likeness of the agents involved in the reproduction game, iseindlg; found
in natural specieand it is believed to be predominant among vertebrates. Humans, for
instance, mate preferentially outside their family tree: thismamdom mating scheme
is called outbreedingand has its opposite imbreeding a selection strategy where
individuals mate prefentially with their relativegRoudhgarden1979;Rus=ll, 1998.

It is often stated that inbreeding decreases the genetic diversity in a population while
outbreeding increas that same diversitR(s®ll, 1998). In addition, inbreeding will
increase the normal rate of a harmful allele present in the family. If inbreeding is
extensive and intensive, homozygozity will increase in frequency and the family
experiences a growth in the genetic load (measuré of tle harmful recessive alleles

in a population or family line) of the harmful allele.

Assortative matings another nomandom mating mechanism, in which individuals
choose their mates according to phenotypic similarities (Ryarglen,1979; Rus<ll,

1998). When similar individuals mate more often than expected by chance, we are in

18 Please notéhatrandommatingis the term used iBiology and Geneticfor mating without genotypic

restrictions. Intraditional GAs,mating is biased towards fitter individuals, since bestutions mate

more oftendue to selectionHowever, recombination doesot depend on the individt
random matings used in this chaptevhen referring to traditional GA matingechanism
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presence of positive assortative mating (or assortative mating in the strict sense). When
dissimilar individuals mate more often, the scheme is called negative assortaiivg m

(or dissortative mating In humans, assortative mating is well exemplified by the
correlation between heights or intelligence in partners. On the other hand, humans do
not mate assortatively with respect to blood groups. This kindebfviouy which

selects assortatively for some traits and not others, makes it difficult to unmask the
effects of assortative mating in the population. In fact, human assortative mating is not
completely positive except for some small and isolated communities (the & O
Amish, for instance).

Positive assortative mating results in an average increase in homozygozity and in an
increase in population variance. However, this does not mean that genetic diversity is
increasing In fact, this type of mating may result inghly distinct cluster of similar
genotypes, thus playing a crucial role when speciation without geographic barriers
occus (sympatric speciation(Todd & Miller, 1991). Dissortative mating, on the other
hand, has the primary consequence of a progressoreage in the frequency of
heterozygous genotypes; the increase in popufaton d i i8 & dirsct congequence
of these changes in the genotype frequencies. Evidences show that mating is very
unlikely to be random in nature and may have the potentiattt@s an evolutionary
agent, although its effects are very complex aatdho model and analyzdaffe,

1999). Even so, artificial life models presented by Jafi99) and Ochoand Jaffe
(1999) shed some light into the subject, and gave empiricabguigpthe hypothesis

that mating is not likely to be random in nature and that assortative and dissortative
mating may produce higher survival rates among individuals evolving in, respectively,
static and dynamic environments. While in dynamic landscgpestic variability is
fundamental to a quick and effective response to changes, in static environments
diversity is not so importarOchoa& Jaffg 1999) In fact, natural organisms move
towards an optimal degree of genetic variability that dependseoartironment, via
some mating scheme. Environment itself appears to guide the evolution of mating

strategies.
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In Evolutionary Computation, selective pressure and genetic diversity are two major
topics, probably thosef primary importance (WHey, 1988). Pressure and diversity
are closely related to the delicate equilibrium between exploration and exploitation
needed in order t dcvolutianarg Algorihent Eherefosegrmm ¢ h
random mating naturally came outkvolutionary Algorithméresearch field in order
to deal with the problem of genetic diversity and premature convergence: some
efficient algorithms appeared, especially when applied to problems where the genetic
diversity is needed in order to maintain exploration high and dwoal optima traps.
In addition, diverse search stages usually call for different balance between exploration
and exploitation mechanisms. To an initial strong explorative stage, the algorithm
gradually must enter a more exploitive phase, wherenthighbarhood of good
solutions found so far is inspected in order to reach the global optimum. When the
probl embs f changesowestimé, genatid diversiiyay becomeven more
important, since full convergence must be avoided: the algorithm musittamai
enoughdiversity to readapt itself to a change in the fithess function, even if it has
converged to the current optimum. In dynamic environments, it is often more important
to track the best solution than to convetget, that is, it may be suffient to keep the
population near the optimum, thus avoiding the risk of a full convergence in a specific
period of the search, which would reduce the possibilities -@daptation after a
change.

Very often recombination is associated with exploitétiarhile mutation is said to
play a determinant role in exploration by preventing alleles becoming extinct. While
this appears to be true, it may have misled some researches towards assortative mating
instead of dissortative, because of the higher exploitgteriormed by the first
strategy. If similar individuals tend to mate, it is more likely that theighbouring
space is closely inspected. On the other hand, several studies on dissortative mating
showed empirical evidence that this scheme is more atldptea wide range of

problems, both static artynamicd see next section for a staiéthe-art review.

18 This depends of course on the type of crossover and its disruptive effects on the tolridisg
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3.3 Non-Random Mating Evolutionary Algorithms

This section describdsvolutionary Algorithmswith nonrandom mating schemeA
special emphasis is given the ones that were seminal in their line of work, and to
those that preceded (or are, at some level, relatédea)eas proposed in tihapter

A GA with incest prohibition in which individuals with a certain degree of
parenthood are not allowed t®combine and generate offsprinig described in
(Craighurst& Martin, 1995. An incest prevention degree is defined in the beginning of
the run and remains unchanged until the convergence criterion is fulfillediefnee
defines how far back in the family tree of an individual the GA must inspect in order to
prevent the recombination events. This policy does not completely restrict mating
between similar individuals, but it decreases its frequency since relatedurads tend
to share a large amount of common alleles. T&Xtmighurst& Martin, 1995 compare
the outbreedingchemewith a standard GA when applied to theavelling Salesman
Problem The nomrandom mating algorithm outperformed the standard GA et t
di fferences i n t he ar@mandymaticeth with dow rpueatioh or man c e ¢
probability values. Thabutcome isnot surprising since incest prohibition is supposed
to maintain the genetic diversity of the population at a higher level for longedger
thus reducing the need for mutation to introduce genetic novelty into converging
populations.

Later, Fernande®t al. (2000) combined the outbreeding strategy proposed in (Craig
1995) with avarying population size GPArabaset al, 1994) to creat¢he non-incest
Genetic Algorithm with Varying Population SigeiGAVaPS). Tests made with the
algorithm ranging through different degrees of incest prohibition showed improvements
in the capability of escaping local optima when the individuals are rmotedl to mate
with their parents and siblingslowever, these algorithms depend much on the degree
of parenthood that is defined as a threshold, and an efficient tuning of that parameter is
not a straightforward task.

Another (similar) way of improvingEvolutionary Algorithm$ perfor mance b

maintaining diversity is engaging in dissortative mating schemes. Back in 1984,
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Mauldin (1984) proposed a method to avoid the coexistence of similar individuals in
the population based on a Hamming distance restrict@#C (Eshelman, 1991
Eshelman & Schaffer, 19910 which stands folCrossgenerationalelitist selection,
Heterogeneous Recombination and Cataclysmic Mutafionis in some way a
descendentoMa ul di n6s met hod. Thi s holdsraisimgi on of
mechanism of dissortative mating which has given proofs of being rather effective in a
wide range of problems. Although the title iBEdielman & Schaffer, 1991may
suggest that CHC is an outbreeding GA, a closer look reveal that the algorithm uses a
dissortative mating strategy in order to prevent premature convergence. CHC uses no
mutation in the classical sense of the concept, but instead it goeghttaqarocess of
macremutationwhen the best fithess of the population does not change after a certain
number of generationfiversity is assured by a highly disruptive crossover operator,
the Half Uniform Crossover(HUX) (Eshelman & Schaffer, 1991 and by a
reproduction restriction that assures that selected pairs of chromosomes will not
generate offspng unless their Hamming Distance is above a certain threshold. CHC
search process goes as follows.

In each generationpj 2 pairs of chromosomes are randomly selected from the
population with sizé). All pairs are submitted to the reproduction processt,Rheir
Hamming distance is computed. If the value is found to be above the threshold then the
chromosomes generate two childreia the HUX operator. When the process is
concluded, the newly generated population g offspring replaces the worst
chromosomes in the main population, therefore maintaining the size of the population.
The threshold is usually set in the beginning of the rung¥itof the chromosome
length, and decremented when no offspring is generatedn Wiee algorithmgets
trappedin local optima, a cataclysmic mutation is applied by replacing the entire
population, except the best chromosome, with mutated copies of that individhe.
the threshold reachek and the algorithm is not able to generagavrchromosomes
(that is, the populatiohasconverged to a local optimm), the cataclysmic mutation is

also applied.
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Inspired, to a certain extent, by CHC, ®eltRegulatedEvolutionary Algorithmwas
proposed by Fernandes and Ro28(06) as an algorithmwith a dynamicon-thefly
variation of the population size. Like CHC, selected individuals recombine their
genotypes and generate offspring only if their Hamming distance is above a threshold
value. That value changes over time, depending on the numhewbbrn individuals
and deaths in each generation. Individuals die (thathesy are removed from the
population) only when their lifetime (which is setaspedfic value in the beginning of
the search depending on t h,ewhichmeians thatual 6 s
parents and children may belong to the same population. An empiricalstiomgthat
the algorithm self-regulates its population size: there are neither uncontrolled
demographic explosions nor quasitinction long stages.

Another posgile way of inserting assortative or dissortative mating into a GA is
described infFerrandeset al, 2001). The Assortative Mating GAAMGA) selects, n
each recombination everdne parentfirst paren) by any traditional method. Thei,
selects a poabf € individuals. After computing the similarity between the first parent
and then individuals, the second parent is selected according to the type of mating in
progress If the algorithm is thepositive AMGA (pAMGA) thenthe individual more
similar to the first parent is chosen. Theegative version (nAMGA) selects the
individual less similar to the first parent. The size of the pool controls the intensity of
the mating restrictios. Increasing¢ increases the frequency of mating between
dissimilar (if negative assortative) or similar (if positive) individu&speriments with
the algorithm solving a vector quantization problem showed that positive assortative
and standard GA performed similgriyhile NAMGA outperformed both-errandeset
al.,, 200J). Increasing the size of the candidates set resulted in higher success rates
(number of runs in which the global optima was foufad)the negative dissortative
version

In (Ferrandes & Ro0sa2001), thesame algorithm is combined with a varying
population ste scheme testedon a royal road problem (Mitchell, 1994) andthen
compared with a standard GA antGAVaPS (Ferandeset al, 2000). The negative

assortative mating (or dissortative mating) strategy has proven to be more able in
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escapingroyal ro ad 0 s | ocal o ptis also tested aupdsr. the panBI G A
conditions but its performancgclearly inferior to standarchating Although nAMGA
results are interesting, the size of the pool is critical for its performance. ADBIGA
step towards a dertative mating algorithm less dependent on parameter tuning. In
that sense, and sintlee new proposalinlike nAMGA, does not add any parameter to
the already complex structure of the traditioB&blutionary Algorithmstheobjective
wasaccomplished

Ochoaet al.(2005) carried out an idea related with AM@Ad applied it talynamic
optimization Assortative GAs (very similar to AMGA3re used to solve a dynamic
knapsack problemThe authors test haploid and diplosthemeswith assortative
mating on aknapsack problem with moving extrema, and nAM@&Amore able to
track the dynamic optina. Standard GA often falto track thesolutionbut the worst
performanceis attained bythe positive assortative mating stratedy general, the
haploid algorithms mduce better results than the diploid onBsis particular result
guestions the assumption that dipleichemesnay be an efficientechniqueto cope
with changing environments and reinforttee conclusions by.ewis et al. (1998 &
seeChapter 2 The authors also discuss the optimaltation probabilityfor different
strategies. By means of exhaustive tests, they concluded that the omiirtzdbn
probability increases when the mating strategy goes from negative (dissortative) to
positive assortative. These results were predictable: dissortative mating is supposed to
maintain the population diversity at a higher level, reducing the amount ofionuta
needed in order to prevent the premature convergence of the population.

In this line work, the same authors proposed a study on the error threshold of
replication in GAs with different mating strategies (Cah@006; Ocha & Jaffe,
2009. The error hreshold is a criticamutation probabilitybeyond which structures
obtained by an evolutionary process are destroyed more frequently than selection can
reproduce them. By evolving a GA on four different fithess landscapes, the authors first
conclude thatecombination shifts the error threshold toward lower values. Then, the
tests show that assortative mating overcomes this effect by increasing the error

threshold, while the dissortative strategy pushes the toveard lower values. The
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authors argue thahis study may have effectm the knowledgef both natural and
artificial systems since it supports the hypothesis that assortative mating overcomes
some of the disadvantages inherent to sex. They also intend to shed some light into the
relation betweermutation probabilityvaluesand mating strategies iBvolutionary
Algorithms This last issue is directly related with the idea that assortative mating
increases the optimahutation probabilityof an GA, while dissortative strategies
decreases it. Thikehaviourhas alredy been observed in (Femndes,2002) and
(Ochoaet al, 2005).

Another approach is found ifGarciaMartinezet al, 2006, wherean assortative
mating strategy is used to implement a local search genetic algorithm. The approach is
consistent with the fact that crossover is the main mechanism generating local search,
and assortative mating, by its own characterigitcgvours crossover between similar
individuals) tends to increase the strength of exploitation, thus leading nora
intensive local search. On the other ha@Ga@rciaMartinez et al. (2007) proposeda
realcodedGA with dissortative mating. The authors show that the inclusion of that
mating strategy increases the performance of algerithm on a set of proposed
problems. In addition, empirical analysis indicates that the merits of dissortative mating
are clearer with lower values pf parameter of the PBX) crossover (Lozao et al,

2004). This observation is closely related with the optimatation probabilityissue
described above, sin¢e determines the spread of the probability distribution used to
create offspring with PBX| . This way, parameter acts as genetic diversity
controller, with higher values leading to GAs with higher exploratory capabiktset,
happens withmutation probabilityalues. Therefore, if dissortative mating is expected
to decrease optimahutation probabilityvalues, optimal values of may also be
dependent on the mating strategy chosen foaldparithm being lower whewissimilar
individuals have more chance to generate offspring.

Besides de aboweferred techniques, which are directly related to ADMGA and to

the line of work that conduced to it, a large number of other GAs withrarodom
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mating are found in the Evolohary Computation literature. The following paragraphs
briefly describe some of them in chronological order.

Hillis (1992) described a cevolutionary computation paradigm with assortative
mating applied to a sorting network problem. The author does noeidp results
comparing the proposed strategy and random mating but it states that the choice on
assortative mating was inspired by some problem characteristics rather than genetic
diversity concerns.

Ronald (1995) introduced the concept of seductionGiks, which consists in
selecting the second parent according to the preferences of the first parent. After the
first chromosome involved in a recombination event is selected, all other individuals in
the population are provided with a secondary fithessrdaotg to certain rules that
reflects the preferences of the first parent. Then, the second parent is chosen according
to the secondary fitness.

De et al (1998) proposed genotypic and phenotypic assortative mating. The new
approaches are compared wahstandard GA and CHC on some wiatlown test
functions andalsoon the problem of selecting the optimal set of weights in a multilayer
perceptro (Rosenblatt1958. Phenotypic assortative mating revealed to be the best
strategy, outperforminthe standardsA and CHC on the range of proposed problems.

Matsui (1999) incorporated dissortative mating within the tournament selection
strategy. After the first parent is selected, the second parent is chosen according to a
function that depends on the individdighess andbnthe Hamming distance to the first
parent (all individuals in the population are inspected in order to determine the distance
to the first parent). In addition, the author incorporates a fabsibed selection
mechanism that, by applying setien and replacement at family level (two parents and
two offspring), maintains the genetic diversity of the population.

Dolin et al (2002) proposed theComplementary Phenotype Selectitor the
recombination procedure in Genetic Programmn(i@mith, 1980) The schemewhich

may be easily extended to othEwolutionary Algorithms selects the first parent

20 A perceptroris a type of artificial neural network.
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(mother) using a typical selection method and then selects a father whose strengths
compl ement the mother6s weakyrBvelgicnhary Thi s ap
Computation domains that make use of #Afitne:
in the population is tested over some finite, representative set of problem examples, and
each individual s fitness tis Thaegsed oore, pést o
and fiweaknesso refers to the scores of =each
Ting et al. (2003) introduced th&abu Genetic Algorithpwhich combines GAs and
Tabu SearcHGlover, 1986)featuresby incorporating a taboo list in teaditional GA
that prevents inbreeding and maintains genetic diversity. An aspiration criterion is also
used bythe algorithmin order to allow some crossovers even if they violate the taboo.
Since incest prevention efficiency is sensitive nioitation pobability, the authors
addeda seltadaptive mutation. The process is somehow similar to the cataclysmic
mutation that occurs in CHC, since mutatiorthe Tabu Genetic Algorithnoccurs in
presence of a deadlock situation, that is, when the genetic divefdhe population
has decreased down to a levehese allowed recombination is almost or even
impossible to occur.
Finally, Wagnerand Affenzeller (2005) introduced theSexualGAwhich simulates
sexual selection within the frame of a GA and uses tWerdnt selection schemes in
the same population.
Unlike most of the mevious methods, the algorithproposed in thishapterfor
dynamic optimization, selfegulates the intensity of dissortative mating. ADMGA, as
shown in(Ferrandes & R0sa2008a) maintains genetic diversity at a higher leirel
the beginning of the search is thisfeatureand the simplicity (selfegulation) of the
algorithm thatthis investigatioraims at exploring in order to solve dynamic problems
As stated, diversity maintance techniques are, in general, more robust to the wide
range of dynamics that a specific dynamic problem may cover. These algorithms do not
depend on either changes are detectable or not (unlike algorithms that react to changes),
do not rely on the peardicity of changes (unlike memory schemes) and may work well
on both small and dramatic changes in the environmentkériiypemutation
techniques). ADMGA holds these characteristics and arises as a possible technique that
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can cover a wide spectrum of @&mics with stable efficiency. In additiothe new
methoddoes not increase the parametet of traditional GAs andexhibits a self-

regulatel behaviour

3.4 The Adaptive Dissortative Mating Genetic
Algorithm

In orderto model dissortative mating ievolutionay approaches to optimizatipn
some kind of relaxation policy may be need@davoidng a freezing population, since
evolution eventually leads the search process into a stage of low diversity, where all the
individuals are almost identical. In additioa, population usually seares for an
optimal degree of genetic variability according to the landscdmzent evolves. It is
possible that the populationevolutiontowards the optimal regions of the landscape
also requires different levels of genetiwalisity along the way, in order to maintain a
robust search. Therefore, the degree of assortative or dissortative mating should vary
along the run in order to deal with the inevitable decrease in diversity and to follow the
search path of the populationoBe methods try to maintain the diversity in a
permanent high level, but that may be incompatible with the desirable convergence of
the algorithm. For instance, a constant maunrgation certainly maintains the diversity
of the population, but the expectsdccess od GAbased on such premises is not high.
Diversity by itself is not a guarantee of a successful search through the landscape.

ADMGA is aselfregulated dissortative mating GA thaicorporates an adaptive
Hamming distance mating restriction that tends to relax as the search process advances,
while it may also be occasionally reinforcédter two parents are selected, crossover
only occursif the Hamming distance between them isrfduo be above threshold
value.If not, the recombinationeventis considereca s @ f a i ahathdrpair f n d
individuals is selected untl - pairs have tried to recombine i6 the population size).

After the reproduction cycle is completed, a neyation is created by selecting the
best n membersamongst theparents anchewly generatedffspring (ADMGA is a
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Algorithm: ADMGA
initialize PopulationP) with siz€P) =n
evaluate PopulationP)
setinitial threshold{sy) /* tsoH bi, static; tsoH  1/4, dynamic*/
threshold(sO tsp
while (not termination condition)
createnew individuals?.new
evaluatenew individuald.new
if (static problem)
PY P+P.new
removeworst individuals fronP until sizeP) reaches
endif
if (dynamiq replacesiz€P.new) worst individuals bi2.new
endwhile

Procedure: create new individuals
YIGAYyIAo@Syida w
4dz00SaaFtdzZ al GAy3a w nT
FILAfSRaldAy3 w n
while (successfulMatings 0 do
for6 A wmatingEvents do
selecttwo chromosomesq, ¢,)
computeHamming distance H{,)
if (H(g, ) >ts)
crossover and mutate
successfulMatiny successfulMating+1
endif
if (H(g, c,) <ts) failedfulMatingY aflediMating+1
end for
if (failedMating > successfulMating$y tsi 1
else tsY ts+l
endwhile

Figure 3.1: Pseudacode of theAdaptive Dissortative Mating Genetic AlgorithADMGA) .

steadystate algorithrpand the amount of successful and failed crossovers is compared.
Then, the threshold is incremented decemented, depending on the number of
successful and failed events ($eepseudecode inFigure3.1). This way, the diversity

of the population controld even ifindirectly d the threshold value. When diversity
decreases, threshold tends to be decremented because the frequency of unsuccessful
mating will necessarily increase. However, mutation introduces variability in the

population, resulting in occasional incrents of the threshold that moves it away from
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0 (Ferrandes & R0sa20083. ADMGA was testedn a wide range of problems and
the results show that the method is capableutperforming several other GAs that
particular set of functions (Feandes & Ros&2008a).

Due to the characteristics of the algorithm, dynamic optimization appeared as a valid
following step in theongoingresearch on the behaviourtbe algorithm For dynamic
optimization, two modificationgre made in the original ADMGA: the firstoncerns
the replacement strategy while in the versionfor stationary problems offspring
compete with the parentsd population for
dynamic optimizatiorreplaces the worstGparents to provide space for thew no
individuals. This option gives rise to a less elitist algorithm, and reduces computational
effort when assuming that changes @ costly to detecbecausen that caseall the
chromosomes in the population are evaluated (evatuated) in ezh generation. The
lower the number of new individuals inserted in the population, the higher is the
redundant effort dedicated to-e®aluate solutions (it is not redundant only when a
change occurs).

The second modification is focused on the initial $hdd value. Setting the initial
value toa 1 as in(Ferrandes & R0sa20083 & wheredis the chromosome lenght
0 is not suited for dynamic optimization. Although ADMGA sedfulates the
threshold in the first generation, according to the proldersee Ferrandes & Rosa,
20083 andsection4.4.24 , it creates few new individuals until the threshold reaches a
valuearounodz. If the algorithm passes through mitial stage during which few new
chromosomes are created, until it reaches a more stable threshold value, then a
prohibitive number of revaluations are performed, delaying the algorithm and
compromising the first stage of optimization, especially nvtitee changes occur fast.

For that reason, the initial threshold is different éiynamic optimization For this

study, the initial values set tod4, after some preliminary testiat showed that the

performance is naignificantly affected if the vale lies betweefai2 and® g
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3.5 Summary

This chapter descrisgenonrandom mating strategies in nature, their effects on the
genetic diversity of the populations and how can those strategies be used to design
efficient Evolutionary Algorithms for dynamic optimizatioA.survey on Evolutionary
Algorithms with noarandon matingis provided, putting them in perspective with the
Adaptive Dissortative Mating Genetic Algoriththe method proposed in this chapter
to maintain genetic diversity and tackle dynamic optimization problems. But first, the

following chapter descrilsethe experimentsonductedn stationary environments.
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Chapter 4

ADMGA: Performance and
Scalabllity in Stationary
Environments

4.1 Introduction

The Adaptive Dissortative Mating Genetic AlgorithtADMGA) was subject to a
wide range of experiments @everalstaticoptimization functionsand thefirst results
appeaiin (Ferrandes & Rosa2008a) The experimentsonductedor the study serve
various purposes. Firgheyintendto testt h e a | gefficiency by m@mparing it
with the negative Assortative Mating GAAMGA) and CHC. In addition, the effects
of dissortative, assortative and random mating on the speed and reliability of the search
arepursued. For tht aim, the positive Assortative Mating GApAMGA) is introduced
in the experiments.

Following the guilelines found in (Backl996) and (Béaclet al, 2000) a test suitis
prepared so that the following requiremestspresent:

1 Unimodal functions in ordeptperceive convergenspeed
Multimodal functions to verify the reliability of the algorithms
Scalable functions.

A step function witout local gradient information.
High dimensional functions.

Multimodal functions without regular arrangement of local optima.

= =2 =4 A4 A -2

Complexcombinatorial problems.
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The research has been conduateth functions that can b&anslated into discrete
variables. Although realalue encodings may be advantageous for numeric problems
(like functions™@to "@ described below), binary encodings have many advantages in a
wider range of problems and binary representation may lktasencode qualitative
variables, as well as numeric ones. Since the work presented is this thesis already
embraces a wideange of bieinspired computational paradigms, the studas
narrowed by |l imiting the experrelamre withs and
discretespace variables. When a binary or discrete representation does not arise
straightforward from the problem specificatian like in numeric problems for
instanced a discretzation is made with a specific degree of precision. Many
algoithms and schemegesignedn this thesis to deal with dynamic optimization may
directly be translated into readlued versions, although similar results are not
guaranteed before careful experiments are conducted.

In order to avoidHamming cliffsd small steps in the fitness landscape requiring
many bitflips d , Gray codingf is used in all the binary encoding of numeric problems.
Gray codeovercomes Hamming cliffs by mapping the traditional binary representation
into a scheme where two successivkuea differ in only one digit. This system does
not prevent random bit flipping on binary string that encodes real numbers to result in
large steps trough the space, due to the fact that the leftmost bits in a bit string represent
higher numbers, but atdset guarantees thatighbouringregions of the space areat
distance of a biflip. Since numerical functionareused mostly in thi€hapter, where
dissortative mating GAs are discussed, Gray code guarantees that large distances in the
genotype corregmd to large distances in the phenotype (although, as stated above, the
opposite is not necessarily true).

With these issues in mind, a set of functions frequently founévialutionary
Computatiorliterature has beerthosen. The followingection povidesdescriptions of
all the problems used throughout the experiments with ADM®GA static

environments

21 The Gray code was named after Frank Gray, the Bells Lab researcher that introduced it in 1947 and named it on
his 1953 patent application (Gray, 1953)
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Figure 4.1: Three-dimensional plot of the sphere model.

4.2 Functions

The sphere mode€lQ (Back 1996 is a continuous and unimodal function that
provides a test case to compare the converggpeedof the algorithms. The function
is widely used in the Evolutional@omputation research field and is part ofsome
well-knowntest setssuchas theDe Jong Schewefeind Fogeltest setsThe function

is mathematically defined by:

Re = (4.)

@1
with domainax® [ 5.12,5.12] and optimumat Q0,8 ,0 Y= 0. The threedimension

topology of the sphere modeldgpictedin Figure4.1. The "Qfunction inthe following
experimentshas dimensiodO, using 20 bits per variable, which means that the
chromosome lengthis 200 bits.

The step functiofi@ (Back 1996 is a sphere model likQwhere small plateaus have
been introduced. The resulting function is a multimodal one, ®ach plateau is a
local minimum. The idea is to make the search more difficult by eliminating any
gradient information. Howevetthe tests performed in (Femdes & Rosa20083
reveal that GAs are faster in tracking the optimuri@ahan when optimizig"Q Tests
presented in (Ba¢KL996) with both functions also exposed this particbh&raviourof

the GAs, while Evolution Strategies, as expected, faced more difficulties when
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