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Abstract. Usually Evolutionary Algorithms keep the size of the population fixed. NeverthelesEByatutionary
Algorithms dealing with stationary problems some work has been done involving the idea of adapting the population's
size along generations. In the context of dynamic environments, less attention has been devoted to the choice of this
parameterIn fact, approaches based on the idea of dividing the main population into two, one that evolves as usual and
the other one that plays the role of memory of past good solufigpscally, in these approachéwe size of these two
populationss chosen fi-line and kept constantUsually memory size is chosen as a small percentage of population size,

but this decision can be a strong weakness in algorithms dealing with dynamic environments. Recent work which makes
possible changing the size of the popolatand memory during a run proved that the performance of evolutionary
algorithm can be considerably improved. In this work we do an experimental study about the importance of this parameter
for the algorithm's performance. In a first set of experimdmsize of each component was kept constant but the relative
proportion was changed; in a second set of runs we used an algorithm where the size of the two populations could change
and compare it with the other fixed size schemes. Results show thatthumipgpulation and memory sizes is not an easy
taskand the impact of that choica ehe algorithm's efficacy is significant. Using an algorithm that dynamically adjusts

the population and memory sizes outperforms the previous approach.

Keywords: Evolutionary Algorithms, Dynamic Environment8ppulation sizeMemorysize Control Parameters

1 Introduction

Evolutionary Algorithms (EAs) have been used with success in a wide arapplidations, either static or dynamic.
Traditional EAs usually have mumber ofcontrol parameters that must be sfied befoe starting the algorithm. These
parameters include, for example, the probabilities of mutation and crossdkerpmpulation size. Thdfects of setting the
parameters of EAs has been gwbjectof extensive research ([1], [2], [3]) and in the last years several apprazsihgs
selfadaptive EAs, which can adjust the parametersheifly, have beemproposed ([4], [5], [6]). The study of EAs for
stationary domainshad been foused in the adjustmeof parameters of genetic operators ([7]). The choidhefize of
the populationhas receivedess attention by researchers. However, ifla@k to natural systems that inspire EAs, the
number of individuals of a certaigpecies changes over time arhds to become stable around approenatiues,
according to environmental characteristics oture resources ([8]). In evdionary computation the population size is
usually an unchanging parametdept constant during a run. Thdfdine spediicaion of this parameter can be
problematic: if is too small the EA may not be abldital good solutions; if is0o large, too much computationdf et is
spent. Finding an appropriateopulation size is a dficult task and several adaptive populationngjznethodshave been
suggested ([9], [10], [11], [12], [213]).


mailto:abs@isec.pt
mailto:ernesto@dei.uc.pt

The Influence of Population and Mem@yz es on the Evolutionary Algorithmbés PZxrfor me

When EAs are used to deal witlynamic environmentssome modiftationshave to be introduced to avoid premature
convergencesince convergence is disadvantageous when a change happeseenhancements include increasing
diversity aftera change ([14], [15]), maintaining diversity throughout the run ([16], [17], [[B]), using memory
mechanisms ([20], [21], [22], B, [24], [25], [26]) and mulpopulation schemes ([27], [28thoughthese modifications,

the global functioning of EAs designed deal with dynamic applications had inherited most of the characteristics of EAs
used for static domains: the adjustment oftatian rate when a change istelged, the use of typical values fiire
crossover operator of the spiecation ofunchanging populations sizes. Even, when an explicit memory is used, iis size
also set at the beginning and is usuallyral percentage of the main pdation size. Not much attention has been devoted
to study the ifluence thapopulation size can have in the performance of the EA. It is also a fact thpprimaches using
memory, no validation exists for the use of a speize.

Some research hagen made about this issue: Subann ([29], [30]studiedthe impact of population size in the context
of Evolutionary Strategies forydamic environments, and concluded that the choicéhe population size cabe a
determinant factor in certain classes oilgems and, therefore, more research shbaldone. Simés et al. ([31]) proposed
an EA to deal with changingnvironments which controls the size of population and memory during thRegunlts from
that work show that the performance of the EA can be consideraphlpved. Recently, Richter et. 4[32]) proposed a
memorybased abstractiomethod using a grid to memorize useful information and the results obtiggest that an
optimal grid size depends on the type of dynamics and auttains that the use of an adaptive grid size would irsad¢he
performance ofhe abstraction memory, indicating this issue as future research.

In this work we describe an extensive empirical study that we made and foicosewas the performance of distinct
memorybased EAs that facedftkrentenvironmental barateristics. The study is based two benchmark problerend

is divided in two parts: in thérst part, we kept the populatiorsizesfixed and &n the EAs for dferent values for these
parameters in order to analyze fhgpact of the chosen values the EA's performance. In the second part, anugig
population and memory of changing sizess ran and compared with thesults of the previous experimentation. Wevgho
that the values set to poptitsn and memory sizes can have a grefitiance inthe EA's performance. Thee of a more
flexible algorithm that can dynamically adjust the populationraathory sizes during the run outperforms, in general, all
the scenarios analyzesing unchanging sizes. These results are statistically supported.

The rest of the report is organized as follows: next sectionflprieviews menory schemes for EAs in dynamic
environments. Section 3, describes the threplemented memorpased EAs and Section dktails the dynamic test
environments used for this studyh& experimental results and the analysispaesented in section 5. Section 6 concludes
the report and some considerati@ne made about future work.

2 Memory-basedEvolutionary Algorithms for Dynamic Environments

EAs using memory schemes work by stgrisseful information about the dérent environments that may occur and
selectively retrieving that informatidater when another change in the environtisrdetected. When the enviroent is
cyclic and diferent states repeatedly appear over time, ong#masedEvolutionary Algorithms are good approaches to use,
for the use of informatiorirom the past can help the EA to quickly readapt each time a previous sittedigpears.
Information can be stored in memory implicitly or explicitly ([33{)ext setions explain these two memory mechanisms.

2.1 Implicit Memory

In the case oimplicit memoryapproaches theared information is kept in drandant representations of the genotype. There
are some variants, e.g., usidgloid (or multiploid) representations ([34], [35], [36]) or dualism mechanig[8%], [38],
[39]). The idea of using diploid representations was suggested by Goldberg and[34tjths an extension of the standard
GA. Diploidy was particularly studieth the context of dynamienvironments ([34],35], [36]). The redundant infaration
when using a diploid representation acts as a memory for rememlpardigsolutions and promotes diversity in the
population. In diploid chromosomedbere are two genes to represent a certaimachexistic, but only one of them is
expressed in the phenotype. This is controlled by a dominance mechanism.

Dualism mechanisms are inspired by the complementarity and dominance séhemdeis nature. Yang ([38]) proposed a
new genetic algorithm callegrimaldual genetic algorithm (PDGA) which operates on a pair of chromosomes that are
primaldual to each other in the sense of maximum distance of the correspgedutgpes, e.g., the Hamming distance for
binary representations. With PDGluring the phse of survivors' selection a set of Idwindividuals is chosen aritheir
corresponding duals are evaluated. If they are better they have a thaass to the next generation.
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2.2 Explicit Memory

In explicit memoryschemes an extra space, called memory populatiased. Its main goal is to store useful information
about the current environmeahd possibly reuse it each time a change octiunsay also permit the poptian to move to

a different area in the lascape in one step, which in princifgeharder when we rely only on standard genetic operators.
([33]). The storednformation can be the current best individual of the population, informatimut the environment or
both. Another approach proposed 32() does nostore explicitly good solutions but an abstraction, i.e, the approximate
locationof the individual in the search space.

Explicit memory approaches were recently ded into direct memory and assative memory schemes ([26]). In direct
menory schemes the information storedmemory consists of past good solutions thatdimectly used when a change is
detected. Associative memory schemes stoedulinformation about the emanment as well as good solutions and both
are retrieved when ehange happens.

Examples of direct memory approaches can be found in ([20], [31], [17], [40Jjoarabsociative memory schemes see
([21], [26], [40]).

2.3 Considerations about Memory

When using memorpased EA some questis can be asked concerning nogyn 1) when and which individuals to store in
memory, 2) which size to choos&) which individuals should be replaced when memory is full, 4ckimndividuals
should be selected from memory and introduced in the population wdtemge happens ([33]).

As stated before, typically, in explicit memory schemes, the information stomadmory corresponds to the current best
individual of the population. Othepproaches, together with this informationpateep information about the dronment
([24], [25], [26]). Ritcher et al. ([32]) propose a memory scheme basethe idea of abstraction. The abstract storage
process consists of two ste@sselection process and a memorizing process. The selecting process pickwlyohahls

from the population while the EAins. During the memorizing peess, the selected individuals are sorted according to the
partition of the searchpace they represent. So, what is memorized is no longer the individual itsaff ®lostractioni.e.,

its approximate location in the search space.

Concerning the size of the memory, no intensive investigation has been maltetlyist.work we will be focused in this
topic to make some conclusions about lblest choice for the memory (and populaji size.The size of the memory is an
important issue. Since the size of the memstimited, it is necessary to decide which widuals should be replaced when
new ones need to be stored. This processuallyscalledreplacing strategyBranke ([20] compares dierent replacement
strategies for inserting neimdividuals into the memory. The most popular is caledilar and consistén selecting the
individual in memory most similar to the new one replacertekihg place if the latter has betféiness. Sirdes and Costa
([31]) proposedwo replacing strategy basexh theaging of memory individuals. In the fit one, all individuals of the
memory start with an age equal to zero, and at eyemgration their age is increased by one. Besideg\ifitkere selected

to thepopulation when a change occurs, their age is increased by a certain valaeliontibge is reached in which case
the age is reset to zero. When it's neceskanpdate memory, the youngest one is selected to be replacedifiarant
agebased replacing scheme the age of each individual is calculated as adimémation of its actual age and fitsess.
Besides, in this scheme, memangividuals never die, i.e., their age is not reset to zero. This way, indivithaalast long

in memory and contributed to tlevolutionary process are notnadized. Another replacing strategy, callgeherational,

was proposed in ([23])This scheme selects for replacement the twimdividual present in the meory since the last
environmental change. For instance, if last change occatrgdneration;tand currently the algorithm is in generation t
when it is timeto insert an individual into the memory the worst individual that was stoegeen generatiap+1 andt,-1

will be replaced. If no individual has bestiored since last change, the similar strategy is used and the closest individual
terms of Hamming distance, if it is worse than the current best, is repldeedenerational replacing strategy was tested in
seeral memonybased EA andignificantly improved its performance ([41]). The retrieval of memory information when a
change occurs depends on whas stored. In some cases, memory igv@uated and the best individuals mémory
replace the worst of popation. Other approaches use the storedrenmental information together with the best memory
individual to create newformation to introduce in the population when a change happens.

2.4 Population and MemorySizes

Usually, memorybased EAs fochanging environments use a memory of smiakk, comparing with the dimension of the
main population. In most cases, tiemension of memory is chosen beame5% and 20% of the populatisize,with 10%
the most chosen one. A brief listing of the valussdiin several studiés presented:



The Influence of Population and Mem@yz es on t he Evolutionary Al gorithmbés Pderfor me

The enhanced memory EA proposed by Branke ([20]) uses a populationimdi@@uals and a memory with size 10.
Karaman et al. ([21]) propose a memangexing EA and compare it with Branke'galithm. In bothsituations merory is
set to 10 indviduals, while the populatiosize is 50.

Mori et al. ([22]) present a memabased termodynamical GA which usesnamory of size 8 and a population with 46
individuals.

Simdes et al. ([16]) propose a GA inspired in traural immune system. Thagorithm uses a search population of size
100 and a memory of 20-&ells. Otherempirical studies of these authors ([31], [41]) compare several mdmasgd EAs
using memory of size 10 and population with 110 chromosomes.

The appoach suggested by Trojanosky et al. ([24]) uses a population witindd@duals and memory size equal to 20.
EAs using associative memory schemsadied in ([39], [25]) uses memory of size Bdd population with 110
chromasomes. Other studies using elise memorpased EAs for dynamic environmei&n be found in ([17], [18], [40])
and use population and memory sizes of 400 10 individuals, respectively.

As we can see, choosing a constant value for population and memory sigdslysused in memorpased EAs. Memory

is always seen adgying a seondary role in the process, and is used always with a smaller dimensionaS8toes start
guestioning that generalized assumption. Ritcher et al. ([32]a usatrix withfixed dimension to store the afzsttion of

the good solutions anstudied the ifiuence of this parameter in the performance of the algorithm.alltlier claims that

an optimal grid size depends on the type of dynamicgtendize of the bounded region in search space which the memory
considers angduggests the investigation of an adaptive grid sizedr&chann ([29]) also pointsut that it is worthwhile to
study approaches where the size of the populatmuld be dynamically adjusted. An EA thatssiee global individuals

of population and memory in a moriéexible method was suggested by ([31]). 8&set al. proposed aBA which adapts

the population and memowjizes duringhe run. The obtained results proved that the EA's performance wafscsigihy
improved.

3 Description of the ImplementedM emory-based EAs

In this section we will describe thegakithms that were used to perform thmpirical study about the issue of the
importance of the sizes of the populatiovige will be interested in analyzingach diferent algorithmand see if there is a
correspondence between the chdarethe population and the memory size and the performance of those algorithms.
We choose to implement a memeénymigrant based EA and a direct mem@&#. Both use population and memory with
unchangig sizes. An additionalgorithm, using a direct memory scheme with changing population and meipesywas
implementedyan and compared with the other twbhe three algorithms will be bflg described in following sections.
Additionalinformation carbe found in the original works already cited.

3.1 Memory-Immigrants Genetic Algorithm

The Memory Immigrants Genetic Algorithm (MIGA) is an EA using a direemory scheme. It was proposed by ([17])
and works in the following way: thalgorithm evolves a popation of individuals in the standard evolutionary way:
selection, crossover and mutation. Additionally, a memory is initialized randarmdyused to store the current best
individual of the population, replacingnanitially createdrandomindividual (f it exist9 or replacing the most similar in
memory if it is betterEvery generation the best individual in memory is used to create a set afdigiduals, called
immigrants that are introduced into the population replattiegvorst ones. These new ividuals are created mutating the
best solution irmemory using a chosen mutation rate. The number of solutions creatgericseatage of the population
size. When a change is detected nothing is @makit is expected that the diversity introduced i plopulation by adding
these immigrants can help the EA to readapt to the new conditions.

3.2 Memory-EnhancedGenetic Algorithm

The MemoryEnhanced Genetic Algorithm (MEGA) also uses a direct memsdrgme ([17]). This algorithm consists in an
adaptation ofBranke's algorithn([20]). Later, this algorithm was used in other studies under the general Diaaot
Memory Genetic Algorithm (DMGA) ([26], [40]).

The algorithm can be described as folloMEGA is a standard geneticgalrithm that evolves a populatiof n individuals
through the application ofelection, crossover and mutation. Additionally, a memory of size used,starting with
randomly created individual$:rom time to time memory is dated in the following way: if any of the initial random
individuals still exist, thecurrent best solution of the population replaces one of them arbitrarily; ith@tnost similar
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memory updating strategy is used to choose which individuak¢bange. This strategy replaces the closest individual in
memory f it is better.Memory is evaluated every generation and, mvaechange is detected, the neeynis merged with
the besh-m individuals of the current population torm the new population, while memory remains unchanged.

3.3 Variable-size Memory Evolutionary Algorithm

Simbes and Costa proposed Variable-size Memory Evolutionary Algorithm (VMEA) to deal with dynamic
environments. This algorithm uses a populatibat searches for the optimum and evolves as usual, through selection,
crossoverand mutation. A memory population is responsible for storing good individofthe evolved population at
several moments of the search process. Thepoyulations- search and memoryhave variable sizes that can change
betweerntwo boundaries. The basicad of VMEA is to use the limited resources (tatamber of individuals) in #exible

way. The size of the populations can chaageording to the evolutionary process, but the sum of the two populations
cannotgo beyond a certain limit. The memory is apetl from time to time and if thestablished limits are not reached, the
best individual of the current populatimstored in the memory. If there is no room to keep this new solutionthbdrest
individual of the current population is introduced leming a memoryindividual chosen accordingly to the replacing
scheme. The memory is evaluatedery generation and a change is detected éagt one individual in the memory
changes its fness. If an environmental mdidiation is detected, the beastividual of the memory is introduced into the
population. In the case of eithfte populatiorsize or the sum of the two populations has reached the allmazthum,

the best individual in memory replaces the worst one in the cuysmmilation. Thealgorithm was compared vitother
memorybased schemesing the standard dimensions for population and memory and the results viddigftectiveness.
More details about this algorithm can be found in ([42], [31])

4 Experimental Design
4.1 Dynamic TestEnvironments

The dynamic environments to test our apptoavere created using Yang's maymic Optimization Problems (DOP)
generator ([26]). This generator allowsnstructing dferent dynamic environmenfsom any binaryencoded staticary
function usingthe bitwise exclusiv@r (XOR) operator. The basic ideatbe generator is to perform the operati@®M to

an individualx, where® is the bitwise XOR operator arld a binary mask previously generated. Then, the resulting
individual is evaluated to obtaits fitness value. If a change happens at generatittren we have f(x, t+1) = f®&M, t).
Using the DOP generatdhe characteristics of the change are controlled by two parameters: the speecludnger,
which is the number of generations betwé®n changes, and theagnitude of the changg,that consists in the ratio of
ones in the maskl. Themore ones in the mask the more severe is the change. The DOP generaitovadstine dénition

of problems where the changes can be cyclic, cyclic méibe or norcyclic. In thefirst case, several masks are generated
according tothe parameter and are consecutively applied when a change occurs. It igodilsitde that previous
environments reappear later. In the second case nasklésl by mutatingome bits in the mask with a small probability.
In the thirdcase, the mask applied to the individuals is always randomly generatedienewe change the environment.

In this work we constructed 16 cyclic DOPs, setting the paramébet0, 50,100 am 200. The ratigp was set to dferent
values in order to test ffierent levelsof change: 0.1 (a light shifting) 0.2, 0.5 and {sBvere change) his group of 16
DOPs was tested using the three different algorithms in two benchmark problems, usirenidgbpulation and memory
sizes. A total oB60different situations were tested in this work.

The DOP was applied to two benchmark problems, used to testftheediEAs with diferent parameter settings: the
dynamic Knapsack problem and tb@emaxproblem.

4.2 Knapsack Problem

The knapsack problem is a MB®mplete combinatorial optimization problem often used as benchmark. It consists in
selecting a number of itenfm) to a knapsack with limited capacity. Each item has a vallieuid a weightw;) and the
objective is to choose the items that maximize the total value, without exceeding the capacity o{@)e bag

maxv(x) = Zm:vi X; D

i=1

subject to the weight constraint:
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m

> wx <C )

We used a knapsack problem with 100 itdms100)using strongly correlated sets of randomly generated data constructed
in the following way([43], [39]):

w; = uniformly random integer [1, 50] 3

v; =w; + uniformly random integer [1, 5] (4)
100

C=06x) W ®)

i=1

The fitness of an individual is equal to the sum of the values of the selected items, if the weight limit is not retathed. If
manyitems are selected, then the fitness is penalized in order to ensure that invalid individuals are distinguished from the
valid ones. The fitness function is defined as follows:

100 100

> ovix,if > wx <C 6

= = (6)
f(x) =

100 100

10" |:ZWI - wx } otherwise

i=1 i=1

4.3 OnemaxProblem

The Onemaxproblem aims to maximize the number of ones in a binary s@iogthefitness of an individual consists in the
number of ones present in the binary string. This problem has a unique solution. In our experiments we used individuals of
length 300.

4.4 Parameters Setting

The E A 6parameters were set as follows: generational replacement with elitism of size one, tournament selection with
tournament of size two, uniform crossover with probabilitgOp7 and mutation with probability (0.01. Binary
representatio was used with chromosomes of size 1@i0the Knapsackand 300for Onemaxproblem The probability of

flip mutation and the ratio of immigrants introduced in population used in MIGA were 0.01 and 0.1, respectively.

All simulations used a global number wfdividuals equal t0l00. These individuals were divided in population and
me mor y, in the following way: Popul ation varied between
Memory size was calculated with the r@iming individualsM(size)=100P ( si z e ) , i . e., 90, 80, 70,

The generational replacing strategy proposed B3] was used in all EAs. For each experiment of an algorithm, 30 runs
were executed for 200 environmental changesach case the algorithmnrr*number_of _changesgenerations.

The overall performance used to compare the algorithms was thefiggsteration fitness averaged over 30 independent
runs, executed with the same random seeds:

1&|1& 7
Foveral ==Y | =3 F,..,
overa GZ[R; best1:|

i=1

G=number 6generationsR=number of runs.

5 Results

In this section we will show the obtained results conceritie overall perfanance of the studied algorithms. Results
showing the adaptability of the algthms along time will also be presented. We will aloalyze the diversity in
population and memory for theftikrent algorithms, as well as the variatiorpopulation and memory sizes in VMEA.
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5.1 Global Results

The experimental results regarding MIGMEGA and VMEA in the two studd benchmarks underféerent environments
are shown in Table 1. Best resutibtained by MIGA and MEGA are marked in bold. The blue shadowedréports the
results obtained by VMEA which can be compared withfitie two.

As we see, depending on the change period and #megehratio, the choice giopulation and memory sizeffects the
algorithm's performance. For the Kregzk problem, using MIGA, the best choicesvggpulation with 60 or 50 indduals
(and memory of 40 and 50 respectively), for dynamics changing rgpidl¢0). In environments with slower changes=(
50, r =100, r = 200, thebest results were achieved with population size of 80 or 70 and memor30asth30 individuals,
respectively. Either smaller or larger populations lead tecrease of the EAperformance. For the Onemax problem,
MIGA obtainedbest results using populati@ize of 40 individuals using faster changes kveder change ratiofp = 0.1
andp = 0.2) and population with 60 individuals féarger change ratioso(= 0.5 and p = 1.0). Increasing the change ratio
and thechange period, larger populations are required to achieve the best result8070dividuals.

Using MEGA for the Knapsack problem, iemgral, the best choice was ptgiion with smaller size and larger memory:
populations of 40, 30 or 20 amdemory with 60, 70 and 80 individuals, respectively. Larger population stzéagated

with smaller memories were alyg bad options. When the poptite size is used with a very small size (Hdd larger
memory size, th@erformance was also very poor. For the Onemax problem, analyzing the wistaiteed by MEGA we
conclude that smaller populations are needed to achievéest performance when the change period is small. As the
change periodnhcreases, larger populati® were those that allowed best performances, mairtlye case of lower change
ratios.

It is evident that exists an interval of valuebigh optimize the dferent algothms' dfi cacy, and outside that interval its
performance decrease. In Tablthtseintervals are marked using a shadow. In all cases, VMEA outperformiedtalhces
of MIGA and MEGA, demonstrating robustness and adaptabilitthénstudied problems underffdirent environmental
characteristics.

Figures 1 to 4 show the previous scarea graphical form. Each plot refersaalifferent value of the change period r. All
graphics have four lines forféiérentchange ratios: dashed gray line with squares corresponds 100; dashedlack line

with triangles refers t@ = 0.5; dashedjray line with crosses is uséap = 0.2 and the black solid line with circles concerns
to p = 0.1. In dark redusing the same markers, are the results obtained by VMEA. Observingtbesset is visible the
influence that population and memory sizas have irthe performance of this algorithm. It is evident there must be a
tradedf betweermemory and population sizes. The usual split of 10% for the memory si89%mébr the population size

is not the best choice. As happens in the statioeawyronments ([7]) it is possible & different sizes of population and
memorymight be optimal at dierent stages of the evolutionary process.
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Knapsack Onemax

Performance MIGA MEGA MIGA MEGA

r=10,p = 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0 01 02 05 10| 01 02 05 1.0
P90_M10 1775.0 17743 1779.6 1780.9 | 1767.7 17647 1771.7 17753 || 239.1 231.9 230.4 239.8 | 2328 217.0 203.9 209.3
P80_M20 1778.3 1778.8 17849 1790.8 | 1771.0 17709 1775.2  1779.7 || 2445 2365 237.7 2510 | 2386 2234 2127 221.6
P70_M30 1779.4 1780.8 1787.6 1793.1 | 1773.3 17735 1777.4 17827 || 245.8 2383 2421 259.3 | 2403 2269 219.9 230.2
P60_M40 1779.4 1780.9 1787.1 17949 | 17755 1775.6 17785 1784.4 | 246.3 2395 2439 262.5 | 2415 229.5 224.2 237.0
P50_M50 1779.5 1780.8 17884 1795.7 | 1775.6 1776.8 1780.1 1787.1 || 245.9 239.3 246.2 263.0 | 242.0 2309 2281 244.6
P40_M60 1778.8 1780.1 1787.1 1795.6 | 1775.7 1776.5 1781.8 1790.1 || 244.8 238.7 2464 264.0 | 2413 2320 2328 250.5
P30_M70 1776.7 17781 1784.8 1795.0 | 1775.3 17759 1781.1 1790.6 || 242.8 237.2 245.9 263.9 239.6 232.7 2353 254.9
P20_M80 17735 17754 1781.1 1790.5 | 1773.0 17744 1780.1 1788.6 || 238.6 2345 2435 262.0 | 236.9 2314 2379 257.3
P10_M90 1766.3 1768.2 17752 1783.3 | 1768.4 1768.0 1773.0 1780.7 || 229.4 2265 2379 256.3 | 220.4 226.8 2383 257.0
VMEA 17825 1784.1 1791.6 1799.3 | 17825 1784.1 1791.6 1799.3 || 249.1 2415 250.3 266.5 | 249.1 2415 250.3 266.5
r=50,p= 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0
P90_M10 1798.5 1803.8 1812.3 1816.1 | 1786.8 1788.3 1796.6 1802.1 || 271.0 279.7 2934 297.2 | 268.6 270.7 2766 283.6
P80_M20 1804.4 1809.4 1813.3 1817.3 | 1791.6 1795.8 1798.3 1802.9 || 280.1 287.0 294.2 297.2 274.4  276.7 279.2 284.4
P70_M30 1805.1 1809.6 1814.5 1817.7 | 1793.4 1796.7 1799.8 1805.6 || 281.8 287.6 2941 297.3 | 275.6 276.7 280.4 286.6
P60_M40 1804.9 18069 1813.6 1817.1 | 1793.4 1797.2 18024 1806.7 || 281.7 286.1 293.1 296.6 | 2749 2756 2814 287.9
P50_M50 1801.9 1806.6 1812.0 1816.8 | 1795.1 1797.8 1802.5 1809.1 || 281.1 285.6 292.9 296.4 | 2740 2752 281.8 288.0
P40_M60 1801.0 1804.8 1811.1 18155 | 17955 1797.6 1803.3 1810.5 ([ 279.0 283.7 291.3 295.9 2725 2745 2814 288.5
P30_M70 17979 1802.2 1808.8 1813.5 | 17945 17985 1804.1 1810.2 || 276.5 281.2 290.1 294.6 | 269.9 272.7 2813 288.5
P20_M80 1795.2 1798.8 1806.7 1812.3 | 17925 1796.3 1804.6 1810.2 || 272.1 276.4 286.7 293.0 | 266.5 269.9 280.4 288.0
P10_M90 1786.1 1789.5 1800.6 1807.7 | 1787.6 1790.5 1800.4 1807.9 || 261.3 265.4 279.6 287.1 260.8 266.3 278.2 287.3
VMEA 1807.2 1811.3 1817.9 1819.6 | 1807.2 1811.3 1817.9 1819.6 || 282.6 289.2 296.1 298.4 | 2826 289.2 296.1 298.4

r=100,p= 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0
P90_M10 1806.1 1812.7 18159 1817.7 | 1792.6 1797.7 1805.8 1808.4 || 279.5 289.5 2975 298.8 | 2755 2822 2873 292.0
P80_M20 1811.5 18149 1817.8 1819.9 | 1797.2 1802.7 1807.3 1811.3 || 288.5 294.1 297.2 298.8 | 280.7 284.8 289.0 293.7
P70_M30 1811.3 18145 1817.7 1820.1 | 1799.4 1802.8 1808.1 18115 || 290.6 2942 2973 298.7 280.8 2845 289.7 294.0
P60_M40 1811.1 1813.2 1817.8 1819.2 | 1800.3 1803.7 1809.1 1811.9 || 290.4 294.0 297.3 298.6 | 280.6 283.3 2888 294.2
P50_M50 1809.3 18124 18169 1819.2 | 1800.7 1804.2 1809.3 1813.2 || 289.2 293.1 296.8 298.3 | 279.4 282.6 288.6 293.8
P40_M60 1807.7 1811.2 1816.4 1818.0 | 1801.4 18044 1810.1 18138 || 2875 291.7 296.3 298.3 | 2783 281.7 288.3 293.7
P30_M70 1805.3 1809.6 1814.7 1817.8 | 1800.7 1805.3 1811.1 1815.2 || 285.1 290.1 2954 297.8 | 2765 280.4 287.8 293.4
P20_M80 1801.9 1806.9 1812.3 1816.3 | 1800.2 1805.0 1810.7 1815.1 || 281.3 286.2 293.3 296.5 | 2742 279.0 288.0 293.5
P10_M90 1794.4 17999 1806.8 1813.0 | 1793.0 1799.4 1807.6 1813.1 | 270.8 277.3 287.1 2929 | 271.0 2774 2873 293.4
VMEA 1814.2 1816.2 1819.5 1822.6 | 1814.2 1816.2 18195 18226 || 291.9 296.6 297.8 298.9 | 2919 296.6 297.8 298.9

r=200,p = 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0
P90_M10 1811.7 1816.0 1818.2 1820.0 | 1797.3 1805.0 1808.8 18135 || 286.5 297.0 2969 2984 | 279.8 289.1 291.9 296.7
P80_M20 1816.2 1818.2 1820.6 1821.8 | 1803.0 1806.7 1810.0 1814.6 || 295.5 297.7 298.8 299.3 | 285.5 289.6 293.7 296.7
P70_M30 1816.0 18179 1820.4 1821.9 | 1804.8 1808.1 1811.9 1815.4 || 295.7 2975 298.8 299.4 | 2852 289.6 2939 297.3
P60_M40 1815.7 1817.4 1820.2 1821.2 | 1806.1 1809.2 1813.3 1816.2 || 295.6 297.2 298.8 299.3 | 2851 288.7 294.0 297.3
P50_M50 1814.6 1816.3 1819.4 1821.3 | 1806.4 1809.4 18139 1816.6 || 294.6 296.8 2985 299.2 | 284.2 288.2 293.8 296.5
P40_M60 1813.5 18157 1818.9 1820.7 | 1806.6 1809.5 1813.9 1816.8 || 293.6 296.2 2984 299.1 | 2834 2875 2933 297.0
P30_M70 18115 18139 18175 1820.3 | 1807.6 1809.7 1814.8 18183 || 292.2 2952 297.8 298.9 | 2823 2869 293.0 296.4
P20_M80 1808.6 18119 18164 1818.8 | 1806.5 1809.8 1815.1 1818.9 || 288.7 293.1 297.0 2985 | 2810 285.8 2934 296.4
P10_M90 1801.3 1806.9 1812.7 1817.3 | 1801.3 1806.8 1813.2 1816.8 || 279.8 286.1 2934 296.5 | 280.0 2854 293.3 296.8
VMEA 1817.4 1820.4 18225 1823.6 | 1817.4 1820.4 18225 1823.6 || 295.7 298.1 2989 299.5 | 2957 298.1 298.9 299.5

Tablel. Experimentafesultsconcerning the overall performance of #tigorithms
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Figure 1. Global results obtained in the dynamic Knapsack problem using MIGA with different population and memory sizes
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Figure 2. Global results obtained in the dynarmilaemaxproblem usingMIGA with different population and memory sizes
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The major statistical results of comparing thiéetient EAs are in Table 2Ve used paired ortailed ttest at a 0.01 level of
significance. The atationused in Table 2 to compare each pair of algorithm@+& fi-fi, fi++0 or f-f, when thefirst
algorithm is better than, worse than, sfgrantly better than, aignificantly worse than the second algorithm.

We saw before that choosingfdirentsizes br the population and memoryfadts the algorithm's performance. Resolts
Table 2 support that this défences statistically sigrficant. In general, VMEA performed sidjimant better thaMIGA's

and MEGA's best results on mabtnamic enviroments. These seilts validate our expectation of the impact that a bad
choice of population anthemory sizes can have in EA's performance and also that dynamically ayigrapches should
be further investigated.

t-test Knapsack Onemax

r=10,p = 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0
MIGA's best-- MIGA's worst ++ ++ ++ ++ ++ ++ ++ ++
VMEA's -- MIGA's best ++ + ++ ++ ++ + ++ ++
MEGA's best- MEGA's worst ++ ++ ++ ++ ++ ++ ++ ++
VMEA's -- MEGA's best ++ ++ ++ ++ ++ ++ ++ ++

r=50,p= 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0
MIGA's best-- MIGA's worst ++ ++ ++ ++ ++ ++ ++ ++
VMEA's -- MIGA's best + ++ ++ ++ + ++ ++ +
MEGA's best- MEGA's worst ++ ++ ++ ++ ++ ++ + +
VMEA's -- MEGA's best ++ ++ ++ ++ ++ ++ ++ ++

r=100,p = 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0
MIGA's best-- MIGA's worst ++ ++ ++ ++ ++ ++ ++ ++
VMEA's -- MIGA's best ++ ++ ++ ++ ++ ++ + +
MEGA's best- MEGA's worst ++ ++ ++ ++ ++ ++ ++ +
VMEA's -- MEGA's best ++ ++ ++ ++ ++ ++ ++ ++

r=200,p = 0.1 0.2 0.5 1.0 0.1 0.2 0.5 1.0
MIGA's best-- MIGA's worst ++ ++ ++ ++ ++ ++ ++ ++
VMEA's -- MIGA's best ++ ++ ++ ++ + ++ + +
MEGA's best- MEGA's worst ++ ++ ++ ++ ++ ++ + +
VMEA's -- MEGA's best ++ ++ ++ ++ ++ ++ ++ ++

Table 2. Statistical significancef the obtained results

5.2 Dynamic Behavior ofdifferent EAs

In this section we show some examples of how the different algorithms through the entire run. For MIGA and MEGA we
show the best and the worst results. VMEA's performance is also included.

For all cases, we will show the results obtained uging.5. Fa the other cases, the results were analogous. Figures 5 and
6 refer to the results obtained by MIGA and VMEA. In Figures 7 and 8 is the performance of MEGA and VMEA.

In all cases we can see that the difference in the algorithm's performance using ehtgoedand a "bad choice" for the
population and memory sizes is considerable, especially in rapidly changing environments. In MIGA's and MEGA's worst
results, it is evident that the evolution is slower and the best performance is only achieved=vitt€hand at the end of

the process, since more time between changes is given to the algorithms. VMEA's performance is always superior when
compared with best performances of the other algorithms.
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5.3 Diversity of Population and Memory

To understand the previously shown results, we analyzeditbesity of population and memory using different sizes. We
used a standard measure of diversity defined by Equation 8.

— L S HD(p,p)) ®)

Div(Pop) =
v(Pop) LP(P-1) ==

whereL is the length of the chromosont&,the populatiorfor memory)size,p;, the {" individual in the population andD
the Hamming distance.

Figures 9 and 10 show the population's diveraging MIGA (best and worst results) and VMEA for the Knapsack and
Onemax problems. As we can see the worst performance of MIGA corresponds to the lower population's diversity and
higher memory's diversity. VMEA was the algorithm that maintains higher giiyein the population. In MIGA this
observation was generalized to all situations. Figures 11 and 12 show the diversity of population using MEGA and Figures
13 and 14 refer to memory's diversity using MEGA. In this case the results are not clear aactthenee cases where the

best results were achieved by the population and memory sizes that maintained lower diversity. Thus, it's not
straightforward that diversity is the reason for best or worst performances.
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5.4 Population and Memory sizes in VMEA

In this section we show how population and memory sizes changed duringdinge VMEA in the studied problems.
Figure 17 shows the evolution of thesiees for diferent change periods in the Knapsack problem, and Figure 18ehas
same results for the Onemax problem.

The population and memory sizes are changedraing to the established lit® to population and memory maximum and
minimum values and also to tsem of all individuals. In this case the totainmber of individuals cannot guaiss 100, the
minimum and maximum for population and memory were 90X héhdividuals. When the established limits are reached,
the algorithm performa cleaning process whiglemoves from memorindividuals with identical gertgpe, to store new
and dfferent individuals. Based on this implementation, ¢velution of population and memory sizes has a typical
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behavior. In generanemory tends to increase and populatiordézreae. As the number of gerations increase this
increase/decrease is slower. At the end of the propegsilation and memory sizes establishes around similar values:
Population 0f60-70 individuals and memory of 480 individuals, corresponding to the sétvalues that often lead to best
scores using MIGA and MEGA.

The adjustment of population and memory sizes performed by VMEA ceonisédered Blind" since it regards only to the
fixed boundaries and the globaumber of individuals. Nevertheless, superresults were attained. Other sizing
mechanisms, incorporating information about the avefidggess or the diversitgf population, will be tested in near future.

Figure 17. Changes oiPopulatim and MemonySizes using VMEAN Knapsack, = 10,r =50,r =100 and =200,p=0.5

6 Conclusions and Future Work

Using population and memory &iked sizes is commonly used in memdasedEAs to deal with dynamicreironments.
Typically, memorysize is set aa small percentage of population size. No valid or extensivdijeiion was foundo this
generalized use. In this work we trigd understand if different pofation and memory sizes can have considerable
influence in the performance wiemorybased EA dealing with dferent dynamic environments. Two direeémory EAs
were @an with different values for population and memory sizeswin benchmark problems. A third algorithmsing
dynamically adjusting papation and memory sizes was also testedcamdpared with previous.

The obtained results show that the traditionally used values for populatiomamdry sizes do not allow the best
performance of the implemented EAs. Tihest performance was achieved usinedent combinations of population and
memory sizes, depending on the type of the environment: severity or spetexthgé, and also on the used algorithm.

Population's and memory's diversity were amadly but no consistent resultgere obtained in order to allow some
conclusions about theslation of diversityand performance. It is clear that the tuning of the population and memory sizes
has sigricant irfluence in the ficacy and convergence of the EAs. The bawspice of values depends on the
environmental characteristics, the problensolve or the used algorithm. So, this choice is not linear or easy and trying to
tune the population size before running the algorithm is practically impossibte, the combinations are huge and time
consuming. A preferred solution is tlhise of an B capable of controlling the populations' sizes during the rurhim



