o

ISTANBUL TECHNICAL UNIVERSITY * INSTITUTE OF SCIENCE AND TECHNOLOGY

/26102

GENETIC ALGORITHMS FOR CHANGING ENVIRONMENTS:
DIPLOID REPRESENTATIONS AND DOMINANCE MECHANISMS

Ph.D. Thesis by %
A. Sima UYAR, M.Sc. .
(504932012) -

Date of Submission : 5 February 2001
Date of Defense Examination : 2 July 2002

Supervisor (Chairman) : Prof. Dr. A. Emre HARMANCI

Members of the Prof. Dr. Nadir YOCEL
Examining Committee :  Assoc. Prof. Dr. ibrahim EKSIN lb
' Prof. Dr. H. Altay GUVENIR (BILKENT U. )

Assoc. Prof. Dr. Levent AKIN (B.U.) ;%

JULY 2002 U
b



ISTANBUL TEKNIK UNIiVERSITESI * FEN BiLIMLERI ENSTIiTUSU

DEGISEN ORTAMLAR ICIN GENETIK ALGORITMALAR:
DIPLOID GOSTERILIMLER VE BASKINLIK MEKANIZMALARI

DOKTORA TEZi
Y. Miih. A. Sima UYAR
(504932012)

Tezin Enstitiiye Verildigi Tarih : 5 Subat 2001
Tezin Savunuldugu Tarih : 2 Temmuz 2002

Tez Daniymani : Prof. Dr. A. Emre HARMANCI

Diger Jiiri Uyeleri Prof. Dr. Nadir YUCEL /\—MT S>
Dog. Dr. ibrahim EKSIN TW{/M\M @

Prof. Dr. H. Altay GUVENIR (BILKENT V\.) VWWT
Dog. Dr. Levent AKIN (B.U.) //

TEMMUZ 2002



Acknowledgements

Genetic Algorithms is an ever growing field of interest. Every year there are many
symposia and conferences being held, books, journals being published, research being
done in the area. So I would like to thank my advisor Prof. Dr. A. Emre HARMANCI
for encouraging me to work in this interesting and fruitful field and for all his help and
advice throughout all the stages of my study. I would also like to thank Turgut UYAR
for helping me out with the problems I encountered along the way. I would also like to
acknowledge Assoc. Prof. Dr. Ibrahim EKSIN’s contribution, during whose graduate
class I did a survey project on Genetic Algorithms, because that was when I was first
introduced to the amazing possibilities the field offered.

July 2002 Sima ETANER-UYAR, M.Sc.

ii



CONTENTS

LIST OF TABLES
LIST OF FIGURES
SUMMARY

OZET

1. INTRODUCTION
1.1. Evolutionary Computation

1.1.1. Introduction

1.1.2. Major Application Areas of EC
1.2. Introduction to the Thesis

1.3. Organization of the Thesis
2. GENETIC ALGORITHMS
2.1. Terminology
2.2. Genetic Algorithms as Optimizers
2.3. A Simple Genetic Algorithm

2.3.1. Representation

2.3.2. Initialization

2.3.3. Reproduction and Recombination
2.3.4. The Algorithm

3. DIPLOIDY IN GENETIC ALGORITHMS
3.1. Why and When to Use Diploidy
3.2. Diploidy in Literature

4. THE PROPOSED DIPL.OID GENETIC ALGORITHM
4,1. The damGA

4.1.1. Encoding and Representation
4.1.2. Genotype to Phenotype Mapping
4.1.3. Reproduction

4.1.4. Population Dynamics and Replacement Policy
4.2. An Example by Hand

5. TESTBED FOR damGA PERFORMANCE
5.1. The One-Max Problem

5.2. Dynamic Problems

iii

vi
vili
xi

BV B VS R S N e

o

11
12

13
14
14
17

18
19

21

25
25

26
27

29

31
33

39
39

39



5.2.1. Oscillating One-Max Problem 40

5.2.2. Changing 0-1 Knapsack Problem 41

6. PERFORMANCE TESTS AND RESULTS 44
6.1. damGA Tested Against SGA 44
6.1.1. The Static One-Max Problem 45
6.1.2. The Oscillating One-Max Problem 45
6.1.3. The Oscillating 0-1 Knapsack Problem 46
6.1.4. Discussions 49

6.2. Testing Against Triallelic Dominance Scheme 50
6.2.1. The Static One-Max Problem 51
6.2.2. The Oscillating One-Max Problem 51
6.2.3. The Oscillating 0-1 Knapsack Problem 52
6.2.4. Discussions 55

7. PRESERVING DIVERSITY WITH damGA 57
7.1. damGA and Population Diversity 57
7.2. Tests for Effects on Diversity 58
7.2.1. The Test Function 58

7.3. Experimental Results 59
7.3.1. Case 1l 66
7.3.2. Case 2 72
7.3.3. Case 3 75

7.4. Discussions 78
8. APPLICATION OF damGA TO LOAD BALANCING 81
8.1. The Load Balancing Problem and the damGA 83
8.2. Description of System Implementation 83
8.3. The Simulation of the System 84
8.4. The Load Balancing Algorithm 87
8.4.1. The Representation 88
8.4.2. The Mutation Operator 89
8.4.3. Genotype to Phenotype Mapping 90
8.4.4. Fitness Evaluation 92

8.5. Test Results 96
8.6. Discussions : 929

9. CONCLUSION 102

iv



LIST OF TABLES

Page No
Table 2.1. Example: Initial population...........ccccoveiiniiiiiiiniiiiiiienenn, 14
Table 2.2. Example: Selection probabilities............occeviiiuviiiiiiiiininiiennn... 15
Table 2.3. Example: New population...........ccoceevieiveiniiiinnniiiniiineienennnnn. 17
Table 3.1. Genotype to phenotype decoding example...........ccoeevninvernieeen.. 18
Table 3.2. Hollstien-Holland triallelic map......ccccovveeiviiiiniiiiiiiiieieicinann, 22
Table 4.1. Parameter settings for the example............ccoiiiiiiiiiiiiinennn.., 33
Table 5.1.  Sample Knapsack — 1.....cccovvviiiiiiiiiiniiiiniiiiiin e 42
Table 6.1. Parameters used in both algorithms..........cooiiiiiininiinininnnnnn, 44
Table 6.2. Parameters used in both dominance scheme implementations........... 50
Table 6.3. Hollstien-Holland triallelic map........c..ovuvvveiiiiiiiiniiieeiiinneninn, 52
Table 7.1.  Sample Knapsack —2.......covvvvimiimiiiiiiiiiiiiiiiiiinc e 59
Table 7.2. Change InStances........cuvveureeerneriieeieieeiee e eee e, 60
Table 7.3. Optimal Solutions at Change Instances...............co.cocoevvninienennn.... 60
Table 7.4. Genetic algorithm parameters for diversity tests........................... 60
Table 7.5. Number of Loci Converged at Change Instances.......................... 62
Table 7.6. SGA results for diversity tests........vvviiieiieiiiiii e eeeeeseeena, 63
Table 7.7. bareGA results for diversity tests.......oovvivrieiitieniiniienieninanannn, 64
Table 7.8. withMeiosGA results for diversity tests.........ccocoveiiininineiennnnns... 65
Table 7.9. withAgeGA results for tests of diversity..........ccovvvveviiniiiininen.n.. 66
Table 7.10. withAlIGA results for tests of diversity........o.oceiiviviniineninnnnn. .. 67
Table 8.1. Parameters of the system simulation............ccvvvviiiiiiniinnnenenn.... 96
Table 8.2. damGA parameters for load balancing application......................... 97
Table 8.3. Change instances for the load balancing application...................... 97



LIST OF FIGURES

Figure 2.1.
Figure 4.1.
Figure 4.2.
Figure 4.3.
Figure 4.4.
Figure 4.5.
Figure 6.1.
Figure 6.2.
Figure 6.3.
Figure 6.4.
Figure 6.5.
Figure 6.6.
Figure 6.7.
Figure 6.8.

Figure 6.9.

Figure 6.10.
Figure 6.11.

Figure 6.12.

Figure 7.1.
Figure 7.2.
Figure 7.3.
Figure 7.4.
Figure 7.5.
Figure 7.6.
Figure 7.7.
Figure 7.8.
Figure 7.9.

Figure 7.10.
Figure 7.11.
Figure 7.12.

Page No
Simple Genetic Algorithm........c.oovviviiiniiiiiiiiiciii s 17
Pseudocode for damGA........cooviiiiiiiiiiiiii 25
The representation of an individual..............ccoovviiiiiiiiinn.. 27
Artificial Implementation of Meiotic Cell Division...................... 30
Artificial meiotic cell division example......ccocevririeeiniiiineninnn... 30
Mating and the formation of offspring............cccoceeiiiiiiiiinnn. 31
Static One-Max: Maximums obtained for each generation by
SGA and damGA.......cccoeniiiiriii i 45
Oscillating One-Max: Maximums obtained for each generation by
SGA and damGA.......ouiniiiii i 46
KSackl: Maximums obtained for each generation by
SGA and damGA......cooiiiiii i 47
KSack2: Maximums obtained for each generation by
SGA and damGA........coviiiiiiiiie i 48
KSack3: Maximums obtained for each generation by
SGA and damGA........ceiiniiiiii i 48
KSack4: Maximums obtained for each generation by
SGA and damGA......cooiviiiiiiiiii e e 49
Static One-Max: Maximums obtained for each generation by
damGA and Triallelic......coovvvirien i, 51
Oscillating One-Max: Maximums obtained for each generation by
damGA and Triallelic......c..ocoiviiiiiiiiiiiiiir e 52
KSack1: Maximums obtained for each generation by
damGA and Triallelic. .....coveviiiiiiiiniiiii e, 53
KSack2: Maximums obtained for each generation by
damGA and Triallelic. ....c.oovviiiiniiiii i 54
KSack3: Maximums obtained for each generation by
damGA and TrialleliC........cooviviiiiiiiiii e 54
KSack4: Maximums obtained for each generation by
damGA and Triallelic........cooiiviniiiiiiiiiiii e 55
Performance plot for SGA for diversity tests............cvovvinvninnn.. 63
Convergence plot for SGA......coooiiiiiiiiiiiii e, 63
Performance plot for bareGA for diversity tests............cccevevnenn.n. 64
Convergence plot forbareGA...........oooeviiiiiiiiiiiiee, 65
Performance plot for withMeiosGA for diversity tests................... 65
Convergence plot for withMeiosGA..............coiiiiiiiiiininnn.... 66
Performance plot for withAgeGA for tests of diversity.................. 67
Convergence plot for withAgeGA........c.oiiiiiiiiiiiiiin, 67
Performance plot for withAlIGA for tests of diversity................... 68
Convergence plot for withAIIGA..............oiii 68
Plot for SGA after generation 525........c.coiiiiiiiiiiiiniiiiines 69
Plot for bareGA after generation 525..............cooiiiiiiiiiiiiiiinnn, 70

vi



Figure 7.13.
Figure 7.14.
Figure 7.15.
Figure 7.16.
Figure 7.17.
Figure 7.18.
Figure 7.19.
Figure 7.20.
Figure 7.21.
Figure 7.22.
Figure 7.23.
Figure 7.24.
Figure 7.25.
Figure 8.1.
Figure 8.2.
Figure 8.3.
Figure 8.4.
Figure 8.5.
Figure 8.6.
Figure 8.7.
Figure 8.8.
Figure 8.9.
Figure 8.10.
Figure 8.11.
Figure 8.12.
Figure 8.13.
Figure 8.14.
Figure 8.15.

Figure 8.16.

Plot for withMeiosGA after generation 525.......cc.oceevvniinnnnnnnen.. 70
Plot for withAgeGA after generation 525...........ccoeveviieivinnnnn.. 71
Plot for withAlIGA after generation 525............cccovveiiiiiiinninnnn. 71
Plot for SGA after generation 1997........c.cccoviiiiiiiiinininiiinnnn 72
Plot for bareGA after generation 1997.........c.covivieviiinieniinnnn... 73
Plot for withMeiosGA. after generation 1997.........cccoeviiiiininnin.n 73
Plot for withAgeGA after generation 1997.........c.cccoviviiiiinn.. 74
Plot for withAlIGA after generation 1997...........ccooeeeiiiiiiiinn.... 74
Plot for SGA after generation 2357........ccoviviiiiiiiiiiiiniiiiiinninn, 75
Plot for bareGA after generation 2357.......ccoovvieniiiniininininnnnn... 76
Plot for withMeiosGA after generation 2357.........cccocevvvninninnnnnn. 77
Plot for withAgeGA after generation 2357.........cecvviiieiininenininn. 77
Plot for withAlIGA after generation 2357.........ccviviiivinnieaninnnn.. 78
The sketch of the system to load balance ..............ocovvineninnalL, 84
Job and PU attributes.....c.oeveiiviieiiiieivieceer e e eenee 86
Information kept by central unit...........ccooevveiiiiiiiiiiiiiiinnn. 86
The flowchart for load balancing simulation...............ceeveuvuvnnnnn. 87
A sample chromosome for load balancing application.................. 88
Sample chromosome after 4th job removed.............c....oevieeni.n. 88
Sample chromosome after new job arrival............c..o.oeviivininnn. 89
Sample chromosome after 1st PU removed..........cccoeeeeiiieninn... 89
Sample chromosome after mutation............co.covvvviereneniininennn. 90
Example population in the load balancing application................... 90
The domination matrix for example population........................... 91
Pseudocode for Domination Matrix Calculation.......................... 91
Plot of system fitnesses without load balancing........................... 98
Plot of load balanced system fitnesses and damGA maximums........ 98
Plot of load balanced system fitnesses and SGA maximums.......... 100

Plot of system performances load balanced with SGA and damGA.. 100

vii



GENETIC ALGORITHMS FOR CHANGING ENVIRONMENTS:
DIPLOID REPRESENTATIONS AND DOMINANCE MECHANISMS

SUMMARY

Genetic Algorithms are a class of stochastic, global optimization algorithms which
model the biological principles of Darwin’s theory of evolution and Mendel’s
principles of classical genetics. The theory of evolution centers around the principle
of natural selection which mainly states that those individuals that have a certain
characteristic which gives them some advantage above the others are more likely
to survive and reproduce. If this characteristic is inheritable, then some of these
individuals’ offspring will be born with it and thus have the advantage over the others.
After a few generations, the number of individuals with the favorable trait will increase
in the population. Classical genetics deals mainly with the transmission of hereditary
material from one generation to the next.

In an optimization problem, the aim is to find the best solution. This may not be
possible in all cases, so usually a near-best solution is acceptable. Biological evolution
may be seen as an ongoing global optimization process which keeps on searching for
the optimal individual for a certain environment. In that sense, some mechanisms
found in nature that lead to this natural global optimization process can be modeled
to solve the artificial optimization problems. Genetic algorithms act on this principle.
However, it is not always necessary to model all the natural mechanisms. While for
certain classes of problems a simple subset of these would work well, for some others
a more complicated algorithm that models more natural operators may lead to better
solutions.

In nature, most complex organisms have a diploid chromosome structure. This means
that the organism has two genes for each characteristic, located on two chromosomes.
Even though this seems like redundant information, it is nature’s way of keeping a
genetic memory. This way, genetic information which may be useful in the future is
not lost but is shielded from the harmful short-term effects of selection. The main
mechanism which aids in shielding these characteristics is domination. While the
organism has two alleles for the same characteristic, only one of them is expressed. The
allele that is dominant over the other appears in the phenotype. However, the recessive
allele is not lost but is simply masked until a future time when it may become useful.
A well known example of this in nature is the Biston Betularia, the peppered moth.
Diploid representations for genetic algorithms have been discussed and summarized in
literature.

Life on earth is an ever-changing process and the organisms must adapt to this change
in order to survive. Those who cannot adapt will perish while those who can will thrive
and produce more offspring. However, there will come a time when environmental
conditions change again and those who thrived may no longer be able to survive under
the current conditions, thus new organisms which adapt better will take their place. In
the artificial case, when the problem to be solved occurs in a dynamically changing
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environment, the chosen approach for the solution must be able to adapt to and track
this change. It seems appropriate to model natural mechanisms to achieve this. In
natural systems, one of the driving forces of this adaptation is diploidy and dominance.
Diploidy in nature both acts as a genetic memory and as a means of introducing
diversity. Genetic memory occurs because old good solutions are remembered due
to the masking effect of dominance. Since every characteristic is represented by two
genes which may have different allele values, each parent individual may contain
double the amount of genetic information its haploid counterpart would have and thus
during reproduction this introduces diversity in the characteristics to be passed onto
the offspring.

Many real world optimization problems are also dynamic in nature and they require
solution approaches that can adapt to this changing environment. The change may
occur in the optimization function itself, or in some of the restrictions, causing the
optimum to change too. One way to deal with this is to regard the problem as new
after the change and start from scratch. However, not using the information that has
already been gained is not feasible because in some cases, the new optimum may
not differ too much from the old one. Hence it would be better if the optimization
algorithm adapts to the change and builds on the current information. Classical genetic
algorithms converge to an optimum after several generations, so the population loses
its diversity and hence its ability to adapt to change. There has been some studies
geared towards making genetic algorithms suitable to work in dynamic environments.
A subset of these, deal with using diploid representations. However as shown in further
studies, diploidy alone is not sufficient to preserve the required amount of diversity to
follow the change in an environment.

The main aim of this study is to investigate the use of diploidy and an adaptive
dominance mechanisms with added features to achieve this desired objective and to
introduce a new approach for applying diploidy and dominance to genetic algorithms.
The added features are a meiosis-like cell division process during reproduction and
overlapping populations with replacement of individuals based on an aging scheme.
The proposed algorithm is tested against the simple genetic algorithm and also
the adaptive dominance mechanism used in this study is tested against a common
dominance scheme. The problem cases used in the testbed are commonly used in
literature to compare different approaches. And finally the proposed approach is
applied to the dynamic load balancing problem encountered in distributed computing
systems. ‘

The results of the first part of the testing phase show that for stationary problems which
are considered easy for the simple genetic algorithm, the proposed approach performs
equally well. However, due to its complexity, in such cases it would be better to use
the simple genetic algorithm. In all the dynamic cases, it is seen that the proposed
approach outperforms the simple genetic algorithm. This is mainly due to the memory
introduced by the diploid structure of the individuals and to the amount of diversity
introduced by the aging mechanism and the meiotic cell division. It should also be
noted that when the optima are oscillating between two peaks, the proposed approach
performs well; however when the optima change in a random fashion, the proposed
approach outperforms the simple genetic algorithm and other diploid representations,
this time mainly due to the diversity maintained in the genotype.

Also the results of the second test phase give promising conclusions. The proposed
approach is seen to be much better than the tested dominance scheme, the main
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reason being the fact that the domination values in the proposed approach evolve along
with the population, adapting to the changing environment. And since in dynamic
optimization problems the fitness function changes in time, a method that also follows
this change and adapts to it quickly improves the performance of the genetic algorithm,
making it more suitable for this class of problems.

In addition to the tests for comparisons, the diversity introduced by the approach and
the contribution of each of its features in achieving this diversity is explored in greater
detail through a set of controlled tests.

Application of damGA to the load balancing problem also gives promising results.
Comparisons with a similar setup, using a simple genetic algorithm for the load
balancing unit are performed and results give improvements in favor of damGA.

One of the main drawbacks of damGA presents in the form of added computational
load. Tests show that on the average, damGA requires about three to four times more
computational time than the SGA. This emphasizes the fact that it is better to use
damGaA in the cases where the other approaches fail and use the simpler ones whenever
they work and give good resuits.

The main contribution of this study lies in the way diversity is achieved and the way
the domination values adapt to the changes in the environment. Since diversity and
the ability to track change are the most important issues in dynamic environments, the
approach taken in this study proves itself a very suitable method for use in such cases.



DEGISEN ORTAMLAR ICiN GENETIK ALGORITMALAR:
DIiPLOID GOSTERILIMLER VE BASKINLIK MEKANIiZMALARI

OZET

Genetik Algoritmalar, Darwin’in evrim teorisini ve Mendel’in kalitim ile ilgili
prensiplerini modelleme yaklagimina dayanan stokastik, global optimizasyon
yontemleridir. Evrim teorisinin temelinde dogal seg¢im kavrami yatmaktadir. Bu
teoriye goére, dogal se¢im sonucunda digerlerine gore baz1 avantajlar1 olan bireylerin
yasama ve sonraki kugaklara yavru birakma olasiliklar1 daha yiiksektir. Bu avantaji
saglayan Ozellikler kalitimsal ise bu 6zellige sahip bireylerden dogan yavrularin da bir
kismi bu 6zelligi tagiyacak ve dolayisiyla aym avantajlara sahip olacaklardir. Birkag
kusak sonucunda bu iyi 6zelligi saglayan bireylerin sayis1 toplumda artacaktir. Klasik
genetik bilimi kalitimsal 6zelliklerin kugaklar aras1 aktarim mekanizmalan ile ilgilenir.

Bir optimizasyon probleminde temel amag en iyi ¢6zimi bulmaktir. Ancak bu her
durumda miimkiin olmayabilir; bu durumlarda bulunabilen en iyi ¢6ziimler de yeterli
olur. Biyolojik evrim, bir ortamda yasamaya ve iiremeye en uygun bireylerin aranmasi
seklinde bir optimizasyon siireci olarak goriilebilir. Bu baglamda dogada bulunan bazi
mekanizmalarin modellenmesi yoluyla yapay optimizasyon problemlerinin ¢oziilmesi
uygun olur. Genetik algoritmalar bu prensibe dayamirlar. Ancak her zaman tiim
mekanizmalann modellemek gerekmemektedir. Problemin tasidig: Ozelliklere gore
kimi zaman bunlarin bir alt kiimesinin modellenmesi yeterli olacaktir, ancak kimi
zaman da daha fazla mekanizmanin modellenmesi gerekecektir.

Dogada ¢ogu karmagik organizmamin diploid kromozom yapilari vardir. Diploid
yapida her 6zellik iki homolog kromozom iizerinde yer alan iki gen ile temsil edilir.
Bu gosterilim gereginden fazla bilgi igeriyor gibi goriinse de, bu doganin bir anlamda
genetik bir bellek tutma yontemidir. Bu sekilde su anda faydali olmayan ama ileride
gerekli olabilecek bilgiler kaybedilmemis, secim asamasimin bozucu etkilerinden
korunmug olur. Bu Ozellikleri korumak amaciyla var olan en etkin mekanizma
baskinlik mekanizmasidir. Organizmanin aym 6zellik i¢in iki bilgisi olmasina ragmen
bunlardan sadece birisi digaridan goriilebilir. Baskin olan alel fenotipte goriinen aleldir.
Ancak g¢ekinik alel ileride gerekli olabilecegi bir zamana kadar maskelenmis olur. Bu
durumu ortaya koyan dogal bir 6rnek bir cins giive olan Biston Betularia’dir. Genetik
algoritmalarda diploid gosterilimler kullanmimi da literatiirde yer alan ve incelenmekte
olan bir konudur.

Diinya ilizerinde yasam siirekli degisen bir siiregtir ve hayatta kalabilmeleri
icin organizmalarin bu degisimlere uyum saglamalari gerekmektedir. =~ Uyum
saglayamayanlar yok olurken saglayabilenler geligerek daha gok yavru yapacaklardur.
Ancak zaman iginde gevre kogullar1 yeniden degigecek ve eski kosullarda yasamay1
bagarabilenler yeni duruma uyum gdsteremezlerse yok olacaklar ve yerlerine yenileri
gelecektir. Yapay ortamda ¢ozilmek istenen problem dinamik olarak degisiyorsa,
segilen ¢oziim yOntemi de bu degisime uyum saglayip izleyebilmelidir. Bu amagla
dogada bunu saglayan mekanizmalarin modellenmesi uygundur. Dogal sistemlerde
uyum saglamamn itici giiglerinin baginda diploid kromozom yapis1 ve baskinlik
mekanizmas: gelmektedir. Diploid yapi, genetik bir bellek mekanizmas1 sagladig:
gibi, ¢esitlilik de katmaktadir. Bellek 6zelligi, baskinlik mekanizmasinin sagladig
maskeleme etkisi sonucunda eski iyi ¢oziimlerin hatirlanmasi ile olugmaktadir. Her
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ozellik farkhh degerlere sahip olabilen iki adet gen tarafindan temsil edildiginden
dolayl, her anne birey haploid yapilara gére iki kati daha fazla genetik bilgi
tagimaktadir ve bunun sonucunda da iireme agamasinda cocuklara aktarilacak
ozelliklerde gesitliligi saglanmaktadir.

Cogu gergek diinya optimizasyon problemi de dinamik bir yapiya sahiptir ve degisen
ortamlara uyum saglayan ¢6ziim yontemleri kullanilmasim gerektirmektedir. Bu ise,
optimize edilen fonksiyonun veya baz1 kisitlamalarin zaman .iginde degismesi ve
dolaysiyla optimumun da yer degistirmesi geklinde olabilir. Bu problemi ¢6zmenin
en basit yontemlerinden biri her degisiklik oldugunda ¢6ziime en bagtan baglamaktir.
Ancak ¢ogu durumda yeni olugan ¢dziimler eskilerden gok farkli olmayacaklardir. Bu
yiizden, o ana kadar kazanilan bilginin tamamen kaybedilmesi uygun olmayacaktir. Bu
durumda genetik algoritmanin o ana kadar elde edilen bilgiler {izerine yeni ¢6ziimleri
degigime uyum saglayarak bulmasi daha dogrudur. Klasik genetik algoritmalar kisa bir
stirede yakinsadiklarindan toplumun gen havuzu gesitliligini kaybeder ve dolaysiyla
degisikliklere uyum saglamasi zorlagir. Genetik algoritmalann dinamik ortamlarda
da galigmaya uygun hale getirmek i¢in aragtirmalar yapilmaktadir. Bu ¢aligmalarin
bir kismz diploid gosterilimler lizerine yogunlagmigtir. Ancak bazi ¢aligmalarda da
incelendigi gibi, degisimi izlemeye yeter diizeyde gesitliligin toplumda korunmasi igin
sadece diploid gosterilim kullammu yeterli degildir.

Bu galigmanin temel amaci, yukarida verilen hedefi gergeklestirmek amaciyla, diploid
yapilari, baskinlik mekanizmalarim ve bazi ek iyilestirme yaklagimlarimi incelemek ve
genetik algoritmalara yeni bir diploid yaklagim ve baskinhik mekanizmasi eklemektir.
Eklenen yenilikler {ireme agamasinda miyoz bolinme benzeri bir yontem, Ortiigen
toplumlar ve yasa dayali birey yenilemedir. Onerilen algoritma, basit genetik algoritma
ile ve geligtirilen baskinlik yontemi de literatiirde yaygin yer alan bir baskinlik
mekanizmasi ile kargilagtinlmigtir. Kargilagtirma amaciyla kullanilan problemler
yine literatiirde sik¢a bu amagla kullanilanlar arasindan secilmigtir. En son olarak
da Onerilen yaklagim dagitilmig sistemlerde karsilagilan dinamik yiik dengeleme
problemine uygulanmusgtr.

Test agamasimin birinci adimimin sonucunda, basit genetik algoritma igin de kolay
olan, stasyoner problemlerde Onerilen algoritmanin da es derecede bagarili oldugu
goriilmiigtiir. Ancak diploid algoritmanin getirdigi ek karmagiklik nedeniyle bu
durumlarda basit genetik algoritmanin kullamlmas1 daha uygundur. Tiim dinamik test
problemlerinde, Onerilen yaklagimin basit genetik algoritmadan ¢ok daha iyi sonuglar
verdigi goriilmiigtiir. Bunun baslica nedenleri de, diploid yapinin getirdigi bellek ve
miyoz hiicre boliinmesi ile yaglanma mekanizmasinin sagladiklan gesitliliktir. Ayrica
dikkat edilmelidir ki, Onerilen algoritma aranan optimumlarin iki deger arasinda
salinim yaptiklar1 durumlarda iyi bir bagarim géstermektedir; ancak optimumlarin
rasgele degigtikleri durumda bile getirdigi genotipteki ¢esitlilik sayesinde Onerilen
algoritma basit genetik algoritmadan ve diger diploid yaklasimlardan daha iyi sonuglar
vermektedir.

Ikinci test agamasi da olumlu olmugtur. Onerilen yaklagim, kargilagtirma yapilan diger
baskinlik mekanizmasindan gok daha iyi sonuglar vermigtir. Bunun baglica nedeni
de, Onerilen yaklagimda baskinlik degerlerinin toplumla birlikte degismesi ve degisen
ortama uyum saglamasidir. Dinamik optimizasyon problemlerinde amag fonksiyon
zaman iginde degistiginden bu degigimi en iyi sekilde izleyen ve uyum saglayabilen
bir yaklagim, genetik algoritmanin bagarimini artirir ve bu tip problemlerin ¢6ziimiinde
kullanilmaya elverigli kilar.

Onerilen yontemi diger yontemlerle karsilagtirma agamasindan sonra, yontemin
sagladigt gesitlilik ve her ek 6zelligin bu gegitlilige katkis1, bir dizi kontrollii test
problemi aracilifiyla incelenmistir.
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damGA’nin yiik dengeleme problemine uygulanmasi sonucunda da olumlu sonuglar
elde edilmigtir. Yik dengeleme birimi olarak SGA kullanan benzer bir yapiyla
gergeklestirilen kargilagtirmalar sonucunda damGA’nin 6nemli iyilestirmeler getirdigi
goriilmiigtir.

damGA’nin getirdigi dezavantajlarin baginda iglem yiki gelmektedir.  Yapilan
Olglimler sonucunda damGA’min SGA ile kiyasla ortalama ii¢ ila dort kat daha
fazla iglem zamam gerektirdigi gdzlemlenmistir. Bu sonug ise damGA’nin, diger
yaklagimlarin basarisiz oldugu durumlarda kullanilmaya uygun oldugu gergegini
vurgular. Diger, daha basit yaklagimlarin iyi sonuglar verdigi durumlarda onlarin
kullanilmasi daha dogru olur.

Bu ¢aligmanin getirdigi temel katki gesitliligin korunmasi ve baskinlik degerlerinin
degigime otomatik olarak adapte olmalarinda yatmaktadir. Cesitlilik ve degisimi
izleyebilme degisen ortamlarda galisirken biiyilkk Onem tasidigindan, bu galigmada
Onerilen yaklagimin bu durumlarda kullamiimaya uygun oldugu goriilmektedir.
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1. INTRODUCTION

In 1831 Charles Darwin, the founder of the modern theory of evolution embarked on
a five-year voyage on the HMS Beagle as a naturalist. As the Beagle moved along its
course around South Africa, Darwin had ample chance to observe and collect many
different specimens. He was impressed by the variety of the animal and plant life he
encountered along the journey. What he saw on a set of islands called the “Galapagos”
were most interesting for him. Each island had its own type of tortoise and the sailors
were able to identify from which island each tortoise came. And also there was a group
of birds which were basically like finches but there were 13 different species of them
all differing in size, shape, beak type and mostly in their feeding habits. These had
differentiated from their ancestors on the mainland and also from each other living on
separate islands. These observations made Darwin ponder on how these had happened

and what the causes were.

On his return, he started working on a manuscript which, later in 1859, would be
published as a book, The Origin of Species by Means of Natural Selection [1]. In
this book, he related his journeys and observations and documented his theory, “The

Theory of Evolution”. His theory has four aspects [2]:

1. Reproduction is a stable process. Organisms give birth to similar organisms.

2. In a population there are variations, some of which are inheritable, among

individuals.

3. In most species, the number of individuals that survive to reproductive age is

small compared to the numbers produced.

4. Which individuals survive to reproductive age is significantly determined by
the inherited variations. Some variations provide the individual with some
advantages over the others and this enables that individual to survive and produce
more offspring which may inherit those favorable variations. Darwin called this

process “natural selection”.



Darwin made an analogy between natural selection and the selection methods used by
breeders of animals, for example cattle, horses, dogs, etc. Breeders choose individuals
to reproduce and produce offspring based on their characteristics that are seen as
“desirable” for that specific breed. In nature, environmental conditions are among
the determining factors in who survives and reproduces and who doesn’t. Seen from
this point of view, his analogy is a very accurate one. However in nature, variations
happen very slowly and the effects of natural selection which lead to evolution are thus
very slow to occur. These variations are results of pure chance and the driving force
of evolution is mainly natural selection. A variation that gives an individual some
advantage over others makes that individual more likely to survive and reproduce, thus

leaving offspring that have inherited that advantageous characteristic.

1.1 Evolutionary Computation

1.1.1 Introduction

Evolutionary computation (EC) is a term that covers various slightly differing heuristic
approaches to problem solving using models of natural mechanisms and principles
based mainly on the theory of evolution and the Mendelian principles of genetics. A
thorough historical perspective is given in [3]. The three major approaches are Genetic
Algorithms [4], Evolutionary Strategies [5] and Evolutionary Programming [6]. They
mainly differ in the representation used and the natural mechanisms modeled. A good

comparison is provided in [7].

All three approaches have been developed independently, almost around the same
time-frame in the 1950s and 1960s. However, the basic principle parts of each are

the same:

e They work on a population of individuals, each of which represents a solution to

the problem, through generations.

e They all employ an iterative, stochastic search process which is guided based on

the goodness or badness of current solutions.
e They all go through three stages in one run (generation) [8]. These stages are:

— selection: those individuals with better characteristics are chosen to

reproduce.



— reproduction: some reproductive mechanisms are modeled and applied to

the selected individuals, forming new individuals.
— replacement: some or all of the new individuals replace the old ones.

By way of these stages the algorithm gains the power of exploration of new
solutions (through reproduction) and exploitation of the found good solutions

(through selection and replacement).

In the 1960s [9], Rechenberg developed evolutionary strategies and used the approach
in real valued parameter optimization. The population consisted of two individuals and
the fitter of the two was chosen as the parent from which the offspring was formed by
way of mutation, the only operator that was implemented. Mutation was applied by
decrementing the gene value according to a distribution whose parameters were also
part of the individual, thus they evolved along with the individual. In the following
years the approach was further developed by Schwefel and still remains an area of

much work and research.

During the same years [9] Fogel, Owens and Walsh developed evolutionary
programming in which individuals were represented by finite state machines and
evolved through random mutation of the state transition diagrams. The fittest of these
individuals were then selected. Since then evolutionary programming approach has

somewhat changed but it still remains an active area of work and research.

Again in the 1960’s [9] Holland introduced genetic algorithms. They worked on
a population of individuals and evolved through mutation, crossing over, inversion
and selection of the fittest. Individuals were typically represented as binary strings.
Holland’s main aim was to study adaptation in nature and use it in computer systems
to solve problems. Since then there has been many variations of the approach and

much theoretical study on different parts of the algorithm.

1.1.2 Major Application Areas of EC

Evolutionary algorithms are search and optimization algorithms which have found
major application areas in business, engineering and scientific applications. They
have been used individually as well as in combination with other algorithms (hybrid
approaches) to solve many problems which are harder to solve using traditional

methods. It is hard to determine which application would be suitable to be tackled



using an evolutionary approach since there is no “best” method for all search problems
as shown in a study by Wolpert and Macready [10]. Evolutionary algorithms search in
parallel through a very big search space to find “acceptable” solutions to problems. So
they are more useful in problems where there’s a huge search space which has many
peaks and may need the algorithm to adapt to changing conditions. Such problems
exist in many different areas which mainly may be divided into two as evolutionary

optimization and evolutionary learning [11]. Some example application areas are:
e Function optimization

e Combinatorial optimization

— Traveling salesperson

— Vehicle routing

— Network packet routing

— Capacitated warehouse location

— Bin-packing

Image processing / Computer vision

Evolvable hardware

Scheduling

— Factory scheduling
— Computer task scheduling

— Load balancing / distribution

Design tasks
— Drug design
— Robot sensor design
— Integrated circuit design
— Car design

e Machine learning

— Classifier systems
~ Expert systems

—~ Maze solving



— Data mining
e Prediction

— Weather forecasting

— Financial market prediction
e Neural networks

o Education

Evolutionary approaches are being used in many different areas more and more each
day with satisfactory results being reported. This is supported by the theoretical and
practical studies done in the field so it looks to be a promising and open area for

research and development.

1.2 Introduction to the Thesis

While most of the approaches found in literature address stationary problems, the class
of problems where the environment changes, presents a challenging area of research.
In dynamic problems “change” is introduced by either a change in the fitness function,
a change in the constraints or a change in the problem instance. This class of problems
are characterized by a need for a solution approach that is able to adapt to this change
and track the moving optima. Different types of change exhibit different characteristics
which when exploited by a solution approach may provide performance improvements.

Changing environments can be categorized based on the following criteria:

e frequency of change

e severity of change

e predictability of change

e cycle length / cycle accuracy
There are some studies to find an approach that proves to be effective in dynamic
environments. In the field of genetic algorithms, one such line of research focuses on
the introduction of implicit memory to the population through the use of redundant
information in the representation of individuals. Having a diploid chromosomal

representation is one of the ways of keeping a genetic memory. The effects of

this representation can be seen in two ways; as it introduces a genetic memory
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for remembering old solutions and as it preserves diversity in the gene pool of the
population. The choice of a better approach for a dynamic problem lies in determining

the nature of the “change” and deciding on the requirements to adapt to that change.

There’re several different approaches in literature aimed at handling different kinds of
changing environments. The approach taken in this study is based on some further
biological principles then what is modeled in the simple genetic algorithm. The
proposed approach is named damGA for the first letters of “Diploidy, Aging and
Meiosis Genetic Algorithm” and will be referred to as such in the future chapters.
The main motivation behind the study is to address diversity and convergence issues
to improve genetic algorithm performance in dynamic environments. In looking for
a solution in a dynamic environment, two notions become useful: exploration and
exploitation. An algorithm that is expected to perform well in the case of changing
environments should incorporate a balanced mechanism for both exploration and
exploitation. In genetic algorithm terms, diversity in the population aids in exploring
new areas in the search space while convergence aids in exploiting the currently found

good solutions.

The diploid chromosome structure mainly helps in remembering old solutions
through the redundant representation while introducing some amount of genotypic
diversity. However the meiosis-like division procedure and the random replacement of
individuals based on an aging mechanism provides the necessary amount of diversity
in the genotype of the population. The adaptive domination map scheme and the use
of overlapping populations guides a population to converge on the phenotypic level,
thus exploiting currently found solutions. To maintain diversity on the genotypic level
increases the exploration properties of a genetic algorithm while allowing convergence
on the phenotype gives good exploitation properties. The added features of damGA
aim to address these issues from a different perspective. The effects of each feature will
be examined seperately to determine its effect in diversity and convergence properties.
The results obtained will be used to determine in which type of applications and under

which change conditions, which features will become most useful.



1.3 Organization of the Thesis

This document is organized as nine chapters. The damGA will be compared with a
simple haploid algorithm and a dominance scheme found in literature for performance
and diversity issues. Therefore a brief description of a simple, haploid algorithm is
given in Chapter 2 and its basic mechanisms and functions are explained in detail
through a handworked example. Chapter 3 mainly deals with diploidy in genetic
algorithms and some major implementations of diploid representations and dominance
schemes found in literature. Chapter 4 is where damGA and its features are explained
in detail and an example generation is hand-calculated to explain the mechanisms
in detail. Chapter 5 introduces the test functions and problems that are used in
comparisons and diversity explorations. Chapter 6 gives the results of t he comparisons
as plots and tables of performance. Following the comparisons and related discussions,
the dynamics of damGA is explored in Chapter 7 through observing the effects of each
feature on performance, diversity and convergence under different types of change
conditions. The test problems defined in Chapter 5 and used in Chapter 6 and 7 with
some modifications are mainly problems specifically designed for providing controlled
experiments for the comparisons and explorations. However in Chapter 8, a real world
problem is explored for its suitability for damGA. The problem chosen is dynamic
load balancing of a network of processing units. A simplified simulation of the
system is developed under some assumptions and damGA is utilized as the central
load balancing algorithm. However since the nature of the problem is different than
a simple knapsack problem, some modifications to damGA are required. These are
mainly in representation and the domination mechanism. These are explored in great
detail in Chapter 8 and comparisons are given for a similar work where the central
load balancer is implemented using a simple, haploid genetic algorithm. Chapter 9
concludes the study and provides results and conclusions drawn from these results.
The conclusions aim at providing a guide in choosing a suitable approach for different
types of changing environments. Future study and research possibilities are reported

at the end of Chapter 9.



2. GENETIC ALGORITHMS

Genetics comes from the Latin word genesis, meaning “birth”. Thus genetics is the
study of birth, or rather of heredity [12]. This makes it one of the most fundamental of

the life sciences. Modern genetics is composed of three branches:

e Transmission genetics, dealing more with the transmission of hereditary material

from one generation to the next.

e Molecular genetics, dealing with the activities of the genes which are molecules

responsible for carrying the hereditary information.

e Population genetics, dealing with the variation of the genes within a population

throughout generations.

Transmission genetics was the first among the three in historical development. In
1865, Gregor Mendel published the results of his studies with inheritance in garden
peas. Through his findings he defined genes as the smallest unit of heredity and laid
out the Mendelian Laws of Inheritance, describing how traits were carried on from
parent to offspring. His work however was mainly ignored until the 1900s when other
scientists also got similar results. After these rediscoveries, genes and their nature
was recognized and further developments in the field of genetics took place. First by
Mendel’s predictions and then by later work, chromosomes were discovered as entities
that carried the genes and were located in the cell nucleus. Along with the studies
in transmission genetics, also called “classical genetics” or “Mendelian genetics”,
studies toward discovering what genes were made of, what genes did, how genes were
replicated, how genes were related to proteins and the discovery of the nature of the
DNA formed the basis for molecular genetics. Further along these studies there came
the questions as to why different genetic types exist in populations of individuals and
what factors determine their frequencies. These questions led to a study of population
genetics, focusing on genetic variation which has its foundations on the theory of
evolution developed by Charles Darwin in 1859 [1]. Mendelian genetics principles

form the basis for a thorough understanding of the mechanisms in population genetics.



The advances in all branches of genetics has led to some major improvements to human
life. Through artificial selection and genetic engineering better crops, vegetables and
animals have been developed, thus increasing quality and quantity. Again through
genetic engineering, cures for lethal diseases and conditions have been found, thus
enhancing and prolonging human life. As a whole, be it artificially induced or be
it natural, genetics and evolution lead to an improvement which may be seen as an

optimization process searching for the best, the fittest.

Genetic algorithms are a class of stochastic, global optimization algorithms which
model the basic principles and mechanisms of Mendelian genetics and evolutionary
theory along with population genetics to tackle hard search and optimization problems.
The evolutionary theory centers around the principle of natural selection which mainly
states that those individuals that have a certain characteristic which gives them
some advantage above the others are more likely to survive and reproduce. If this
characteristic is inheritable, then some of these individuals’ offspring will be born with
it and thus have the advantage over the others. After a few generations, the number of
individuals with the favorable trait will increase in the population. So individuals that
have an advantage over the others and adapt better to their environments reproduce and

leave more offspring for the next generations.

Biological evolution may be seen as an ongoing global optimization process which
keeps on searching for the optimal individual for a certain environment. In that sense,
some mechanisms found in nature that lead to this natural global optimization process
can be modeled to solve the artificial optimization problems. Genetic algorithms act on
this principle. However, it is not always necessary to model all the natural mechanisms.
While for certain classes of problems, a simple subset of these would work well, for
some others a more complicated algorithm that models more natural operators may

lead to better solutions.

2.1 Terminology

Since genetic algorithms model some of the mechanisms found in nature, most of
the terminology will be borrowed from biology and related fields. Therefore, a brief
explanation [2], [12] for these will be given and their counterparts in genetic algorithms

will be stated.



Genes are the smallest units that carry hereditary information. A gene can exist in
several forms called alleles. Genes are carried on chromosomes which are found in
the cell nucleus. Each gene has its place, i.e. locus on a chromosome. Some simple
microorganisms (and some stages of life of more advanced organisms) have a haploid
structure, i.e. they have one set of chromosomes defining all the characteristics.
However, most complicated organisms in nature have a diploid or multiploid structure.
In the diploid case, each characteristic is represented by two different genes located on
a pair of chromosomes, called homologues. All the genes located on all the homologue
chromosomes constitute the genotype of an individual and the subset of these that are
expressed, i.e. that are visible, is called the phenotype. A gene is expressed if it is
dominant. The only way a recessive allele may be expressed is when both alleles have
the same value. A mutation, which is an abrupt change of a gene from one allelic
form to another may or may not change the phenotype. This depends on whether the

mutation brings out a dominant allele or not.

Mitosis is the type of cell division that occurs in the cell cycle during which the
nucleus divides and produces two offspring that have identical chromosome numbers
to the original cell. Meiotic cell division is the type of cell division used in diploid
organisms to produce four haploid, reproductive cells (called gametes) from one
cell. It consists of two stages with five phases each. In the beginning phase of
the first stage, chromosomes replicate, producing two identical chromatids (called
“sister chromatids ”) joined at the center. In the next phase homologue chromosomes,
each of which are made up of two identical chromatids, come together to form a
tetrad. Cross-over may occur during this phase between the corresponding segments
of non-sister chromatids. At the end of the first stage homologues separate and two
cells are formed. In the following phases of the second stage sister chromatids are also
separated, forming four cells each with half the number of chromosomes as the original
cell. This marks the end of the cell division. After each mating parent has completed
its cell division, each will have formed four gametes. One gamete from each parent

comes together to form the diploid cell of the offspring.

If an organism has the same allele for corresponding genes located on homologue
chromosomes, the organism is said to be a homozygote for that trait and a heterozygote
if it has different alleles. If an organism is a homozygote for a certain trait, then that
trait is seen in the phenotype as given by the genes but if it is a heterozygote than

the expressed allele is determined based on which allele is dominant over the other.
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Inheritance deals with the transmission of characteristics from parents to offspring in a
population which is defined as an interbreeding group of individuals that exist together

in time and space. The mechanisms mentioned above enable this transmission.

In genetic algorithms an individual is composed of chromosomes which are typically
represented as binary strings. The smallest unit of meaningful information is a gene
with typically two alleles, a O or a 1. An individual represents a candidate solution
to the problem at hand. Individuals make up a population that goes through the
steps of evolution through generations. There are different variations among the
types of genetic algorithms used in solving different classes of problems. Each type
of algorithm models more or less of the principles and mechanisms given above

depending on the properties of the problem that is being tackled.

2.2 Genetic Algorithms as Optimizers

The main aim of optimization is to find an optimum through improved search
performance. To achieve this, optimization algorithms have to search through a set of
possible solutions. In some cases it is not possible to obtain the best solution. In most
complex systems, it is more important to reach an acceptable solution in an acéeptable
amount of time. So in such problems, an optimization algorithm should be judged not
by whether it reaches “the” optimum but by how much better and faster it is than others

in obtaining acceptable solutions.

As stated above, genetic algorithms are a class of stochastic, global optimization
algorithms which model the biological principles of Darwin’s theory of evolution and
Mendel’s principles of classical genetics. Genetic algorithms use these principles and
act on a group of individuals, i.e. potential solutions, to find acceptable and -if possible-

optimal solutions.

Genetic algorithms are different than other traditional optimization algorithms mainly

in the following ways [13]:

e Genetic algorithms work with a coding of the parameter set and not the
parameters themselves. The parameters are coded as a finite string over a finite
alphabet. And in the internal workings of the algorithm, coding similarities are
exploited to obtain a better performance. In some cases the chosen encoding

approach becomes very important in the algorithm’s performance.
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e Genetic algorithms search from a population of points in parallel and not from a
single point. Most traditional methods start from a single point and work toward
better solutions using some transition rules. This may however result in getting
stuck in local optima especially in multimodal functions. However, since genetic
algorithms work on a population of points, it climbs many peaks in parallel so

the possibility of getting stuck at a local optima is much lower.

e Genetic algorithms use payoff information, not derivatives or other auxiliary
information. Genetic algorithms are blind in that they only use the payoff values
to move to better solutions in the search space and thus may be seen as black box
optimization methods. However, it will be seen that in some cases it improves
performance to include some problem specific information. In such cases, the
simple genetic algorithm will be modified to fit the problem. But in most cases

that won’t be necessary.

e Genetic algorithms use probabilistic transition rules, not deterministic ones. This
does not mean however that genetic algorithms are random search procedures.
Probabilistic transition rules are used to guide the search through areas in the

search space with possibly better solutions.

The four main differences from traditional methods give genetic algorithms the
robustness expected of good optimization procedures. However, since no optimization
procedure is best for all cases [10], care must be taken to use genetic algorithms in
cases where traditional methods fail or are not adequate in obtaining the required
improvement in performance. In some cases it will be better to use hybrid methods,
combining genetic algorithms with other search and optimization approaches. This

answer to these decision questions lies in the nature of the problems at hand.

2.3 A Simple Genetic Algorithm

The simplest genetic algorithm, which will be called SGA, as described in [13], is a
simple but powerful search and optimization tool consisting of the three main steps

given below:
e Reproduction

e Cross-Over

e Mutation
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These steps are carried out on a population of individuals existing through a given
number of generations. The details of how the SGA implements these will be explained

on a sample problem in the following paragraphs.

Example (step 1):
Objective is to maximize the number of genes that has a value of 1 in a

chromosome representing an individual.
2.3.1 Representation

In the simplest case a binary representation is chosen and this approach works
well for most problems. However, in some problem specific cases a floating
point representation may be more straightforward. In such cases, using a binary
representation will affect the efficiency of the algorithm. Furthermore, in some
problems, such as the traveling salesperson problem, where keeping the order in
which some actions are performed makes computations easier, a permutation based

representation may be used.

In SGA, the population consists of a predefined number of individuals. The population
size remains constant all throughout the algorithm. Each individual in the population
is represented by only one chromosome, i.e. is haploid. In the binary representation,
each chromosome is represented as a binary string where each gene may take on a
value of either 1 or 0. The length of the chromosome and the population size depends
on the application and is determined by the developer. How the binary string is
decoded to form the actual parameters needed to calculate the fitness value depends
on the encoding and the problem. For example, if a function has three parameters,
each ranging from O to 7, these can be represented using the binary representation of
each value. Thus, 3 bits (characters) are needed per parameter and the individual’s
chromosome can be 9 characters long. Each group of 3 characters of this string can
separately be used to représent each parameter. For example, if the chromosome is
011101100 and if the parameters, 1, 2 and 3 are as given above, then the first three
genes will decode to £; = 3, the second three genes to 3 = 5 and the last three to

11:3:4.

Example (step 2):
Assume the size of the populationp_size = 6
Assume the chromosome length ¢_length = 5
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2.3.2 Initialization

The algorithm begins with the random initialization step of the initial population of
individuals. Each gene in each chromosome is initialized randomly to either O or 1 and
the fitness value of each individual is calculated according to the fitness function, i.e.
the objective function. The individual with the best fitness value is determined and is

set to be the global best.

Example (step 3):
Assume that for each gene on each individual an unbiased coin is tossed and if it
turns up heads, the gene is assigned O and if tails the gene is assigned 1. Assume
that the initial population given in Table 2.1 is obtained. Because the objective
is to maximize the number of 1 valued genes, the fitness of each individual will

be calculated by adding up the number of 1s in the chromosome.

Table 2.1: Example: Initial population

| individual | chromosome | fitness |

1 11011 4

2 10000 1

3 00000 0

4 01110 3

5 11000 2

6 00101 2
globalbest: | 11011 | 4 |

2.3.3 Reproduction and Recombination
Selection

A fitness proportional selection mechanism (a roulette wheel selection) is used to
choose the individuals to take part in the reproduction phase. Each individual occupies
as much space in the roulette wheel as its fitness. Assuming there are m individuals
in the population, the wheel will be turned m times to choose m individuals to
reproduce. In this method, the expected number of representatives of each individual
is proportional to its fitness, i.e. if frg is the sum of the fitnesses of all the individuals
and f; is the fitness of the ith individual, the expected number of times individual ¢
will be selected by the wheel is given by (m * ?1%) After selection is completed, the

individuals in the mating pool are paired off randomly.
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Example (step 4):

The selection probabilities of the individuals are given in Table 2.2.

Table 2.2: Example: Selection probabilities

| individual | selection probability | expected no. of representatives |

1 copy of individual 4

1 4/12 = 0.33 6*0.33 = 1.98

2 1/12 = 0.08 6*0.08 = 0.48

3 0/12 = 0.00 6*0.00 = 0.00

4 3/12 = 0.25 6*0.25 = 1.50

5 2/12 = 0.17 6*0.17 = 1.02

6 2/12 = 0.17 6*0.17 = 1.02
Assume that the roulette wheel has been turned 6 times with the above selection g g
probabilities and the following mating pool has been obtained: E .
. e “ 3
2 copies of individual 1 é
1 copy of individual 2 ;

) DO TTOR F RS

1 copy of individual 5

1 copy of individual 6

As can be seen there are two copies of the first individual in the mating pool and
this is in accordance with the expected number of representatives.

Assume that as a result of the random pairing, it is determined that

individual 1 will mate with individual 4

individual 1 will mate with individual 6

individual 2 will mate with individual 5

Cross-Over

Each mating pair goes through cross-over with a predefined probability. In SGA this
value is typically selected as 0.9 or 1.0. As a result of this step, new individuals are
formed. In SGA, a one-point cross-over method is used. A cross-over site is chosen
randomly and segments beginning at the cross-over site and finishing at the end of the
chromosome are exchanged, forming two new chromosomes which may or may not be
identical to the original mating chromosomes. These new individuals (the offspring)
replace their parents, thus there’s no overlapping between generations. The size of the

population is kept constant at all times.

Example (step 5):

Assume the crossing-over probability p_cross = 1.0

15



Mating 1: Assume cross-over site =4

parents | offspring

110 | 11| 11010

011 | 10| 01111

Mating 2: Assume cross-over site =3

parents | offspring

11 | 011 | 11101

00 | 101 | 00011

Mating 3: Assume cross-over site =5

parents | offspring

1000 | 0| 10000

1100 | 0| 11000

Offspring replace the parents and there is no overlapping.

Mutation

Each gene of the newly formed individuals may undergo mutation with a very low,

predefined probability. In SGA this value is typically taken as 0.001. Mutation is

implemented as a sudden change in the allelic form of the gene. For example a

mutation makes a gene which is 1 become 0.

Example (step 6):

Assume the crossing-over probability p_cross = 0.001

Assume after trials with probability p_cross for each gene in the population
e 4th gene of the 3rd individual is found to undergo mutation.
e 3rd gene of the 6th individual is found to undergo mutation.

After this step is completed, the final population is scanned for the best fitness
and if it is higher than the current global best, it is set as the global best. The
final population is given in Table 2.3.

Looping and Stopping Criteria

After all the steps of the algorithm are completed for the current population, the newly

formed population of individuals are ready to go into the next generation during which

the same algorithmic steps are repeated for the current set of individuals. At the
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Table 2.3: Example: New population

| individual | chromosome | fitness |

1 11010 3

2 01111 4

3 01101 3

4 00011 2

5 10000 1

6 11100 3
globalbest: | 11011 | 4 |

end of each generation, the population is scanned and the current best individual is
determined. If the current best is better than the previous global best, the new value is

set as the global best. The algorithm loops until some stopping criteria are met.

In the simplest case, the loop is run as many times as a predefined generations count.
At the end of all the runs, the value that has been determined as the global best gives

the best solution obtained throughout all the runs.

Example (step 7):
Assume the predefined value for the number of generations is chosen as 1000.
The algorithm loops 1000 times and stops. The global best gives the individual
with the best fitness value through all 1000 runs. This is the best solution the
algorithm has found in 1000 loops to satisfy the objective function.

2.3.4 The Algorithm

The main flow of the simple genetic algorithm may be seen in Figure 2.1.

set SGA parameters;
initialize population;
do {
select individuals for reproduction;
pair off individuals randomly;
for each pair in the mating pool
apply cross-over;
replace parents with offspring;
for each gene of each individual
apply mutation
} until number of generations reached;

Figure 2.1: Simple Genetic Algorithm
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3. DIPLOIDY IN GENETIC ALGORITHMS

In nature, most complex organisms have a diploid chromosome structure. This means
that for each characteristic, the organism has two genes located on two chromosomes.
However, in such organisms, only one of these genes is expressed in the phenotype.
Even though this seems like redundant information, it is nature’s way of keeping a
genetic memory. This way, genetic information which is not useful to the organism
under the current circumstances but may become so in the future when the environment
in which the organism survives changes, is not lost but is shielded from the harmful
short-term effects caused as a result of selection. Normally those characteristics which
give the organism an advantage over others are selected and promoted into the next
generations and those that are not would be lost until they may again be formed
by a chance mutation in later generations. However, through diploidy, even those
characteristics are preserved in the genotype of the organism and are carried through

generations until a time when they may be useful and be selected to survive.

The main mechanism which aids in shielding these characteristics is domination. The
dominant allele appears in the phenotype, however the recessive allele is not lost but
is simply masked until a future time when it may become useful. For the example in
Table 3.1, if each letter represents a different gene and its alleles and the capital letters

represent the dominant alleles, the genotype decodes to the given phenotype.

Table 3.1: Genotype to phenotype decoding example
Genotype |A|b|C|(d|e|F
alblci{D|e|f
| Phenotype | A[b|C[D|e|F

A well known example of adaptation through the masking effect of dominant and
recessive gene characteristics in diploid chromosome structures in nature is the Biston
betularia, the peppered moth [2]. In the 19th century, these moths were very widely
seen in England and were mostly found on lichen covered trees and rocks. They

had a very light coloring and this made them almost impossible to see against
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the background. Until 1845, all observed biston betularia have been light colored.
However, during this year, one black specimen was seen in growing industrial centers.
With the increased industrialization going on in England, the tree trunks were left bare
and especially in heavily polluted areas the ground, the tree trunks and even the rocks
were almost black. During this period more black specimens of the biston betularia
were being found. By the 1950s, only very few light colored ones were seen and these
were away from industrial areas. H. B. D. Kettlewell performed tests with both light
and dark colored moths in both industrial and unpolluted areas. His tests confirmed
his hypothesis that the black color protected the moths from being seen by the birds
against the dark backgrounds, thus giving them an advantage over their light colored
counterparts. Even though the light color has been dominant, the dark coloring was
masked and came out when favorable conditions occurred. Later the pollution level
in Great Britain has been monitored to show a decrease. The light colored peppered
moths have started to increase in number along with this. This also shows that the light
coloring has not been lost either and has started reappearing with the emergence of

conditions which favors light colored moths over the black ones.

3.1 Why and When to Use Diploidy

Life on earth is an ever-changing process and the organisms must adapt to this change
in order to survive. Those who cannot adapt will perish while those who can will thrive
and produce more offspring. However, there will come a time when environmental
conditions change again and those who thrived may no longer be able to survive under

the current conditions, thus new organisms which adapt better will take their place.

In the artificial case when the problem occurs in a dynamically changing environment,
the chosen approach for the solution must be able to adapt to and track this change. It

seems appropriate to model natural mechanisms to achieve this.

In natural systems, one of the driving forces of this adaptation is diploidy and
dominance. Diploidy in nature both acts as a genetic memory and as a means of
introducing diversity. Genetic memory occurs because old good characteristics are
remembered due to the masking effect of dominance. Since every characteristic
is represented by two genes which may have different allele values, each parent

individual may contain double the amount of genetic information its haploid
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counterpart would have and thus during reproduction this introduces diversity in the

characteristics to be passed onto the offspring.

Many real world optimization problems are also dynamic in nature and they require
approaches that can adapt to this changing environment. The change may occur on
the optimization function itself, or on some of the restrictions, causing the optimum to
change too. One way to deal with such change is to regard the problem as new after
the change and start from scratch. However, not using the information that has already
been discovered is not feasible, because in some cases the new optimum may not be
too far from the old one. Hence it would be better if the optimization algorithm adapts
to the change and builds on what information it has already gained in the past. SGA
converges to an optimum after several generations so the population loses its diversity
and hence its ability to adapt to change. There has been some studies aimed at making
genetic algorithms suitable to work in dynamic environments. Most of these efforts

are summarized and discussed in detail in [13] and also in [14].

The most straightforward approach seems to be to completely restart or reinitialize the
genetic algorithm after a change occurs. This is done mainly to reintroduce diversity
into the population. The main problem with this approach is that if the change is small,
the new optimum may not be too far from the old one so it may be beneficial to use the
information that has been gained. It may thus be useful to transfer some of the current
information into the new population but transferring too many old individuals may
cause early convergence to a local optimum and if too few individuals are transferred,
it may take the algorithm longer to relocate the optimum. There has been studies in

determining the right amount of information to be transferred [14].

Another approach that has been used to cope with change is adapting the mutation
rate after a change has occurred. This is to spread out the converged population
after a change in order to make it able to explore new areas in the search space.
Hypermutation [15] -which is mainly drastically increasing the mutation rate whenever
the time-averaged best performance of the algorithm gets worse, random immigrants
[16] -which is mainly replacing part of the population with new, random individuals
every generation, variable local search -which is achieved by increasing the mutation
rate slowly after a change occurs, self adaptive mutation -where the mutation rate
parameter is encoded in the genome and evolves along with the individual and various

such schemes have been used to adapt the mutation rate to change. However, as
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mutation is an operator that disrupts the search process, increasing it too much would
result in spreading out the search space too much and thus cutting down on the
exploitation feature. These methods also require that the change in the environment
has to be detected. While this requires extra steps, it also depends on the threshold
chosen for change to be detected. If the threshold is not chosen properly, change may

go undetected.

Some research deals with modifying the selection step to introduce diversity to cope
with the changing environment. Sharing and crowding like selection schemes are

among the approaches used.

The Dual Genetic Algorithm [17] is another algorithm for coping with dynamic
environments. Each chromosome is added a meta gene which if has value 1, changes
the transcription of the chromosome and the complementary of each allele on the
chromosome is considered. Some promising results have been reported. This approach

deals mainly with change that oscillates between two peak values.

Another quite effective approach to deal with dynamic environments is to use implicit
or explicit memory [14]. The genetic algorithm is enhanced with some memory
in which it can store and carry along good solutions which may be useful in later
generations. This memory may be implicit, i.e. by using some redundant information
in the representation of the individual or explicit by providing some external memory
where good solutions are stored for later use. Algorithms that have been enhanced
with the use of some form of memory may be especially good for periodically
changing environments where old good solutions become favorable again periodically.
Redundant representations are also good for preserving diversity in the population.
The most common approach for implicit memory and redundant representations is the

use of diploidy and dominance. These will be examined further in the next section.

Other references on diploid genetic algorithms and its applications can be found in
[23], [24], [25], [26] and [41].

3.2 Diploidy in Literature

Diploidy and dominance have been studied for improving genetic algorithm

performance. A good historical overview can be found in [13], and good investigation
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of the current work may be found in detail in [14]. However, some of the major

approaches will be explained here.

One of the first researchers to use diploidy was Bagley in 1967 [13]. In his study, the
diploid chromosome pair mapped onto a phenotype by way of a variable dominance
map which was encoded as part of the chromosome. Each locus on the chromosome
had an allele for the gene and a dominance value for that allele. When decoding into
the phenotype, the allele with the higher dominance value was chosen. However, since
Bagley didn’t allow mutation to work on the dominance values too, these converged

very prematurely giving poor results.

Later around 1971, Hollstien worked on diploidy and an evolving dominance scheme
[13]. He actually experimented with two similar approaches but found the second
one to be better and simpler. He used a three allelic scheme where alleles took on
values from {0, 1,2} where 2 meant a dominant 1, a 1 meant a recessive 1 and a 0
meant a recessive 0. Later in 1975, Holland analyzed the steady state performance
of this scheme and also introduced a clearer symbology {0, 1o, 1}. This is called the
Hollstien-Holland triallelic scheme and it is a simple but strong approach to diploidy
and evolving dominance maps. In this scheme, the more effective allele becomes
dominant and dominance shift can be achieved by way of a mutation operator. The

dominance map for this scheme is given in Table 3.2.

Table 3.2: Hollstien-Holland triallelic map

L [0[1]2]
0002
1[0]2]2
APRE

Smith and Goldberg [19] also studied diploidy and dominance and made some
comparative tests using a fixed dominance map and the Hollstien-Holland triallelic

dominance map with good results in favor of the latter.

Ng and Wong [20] did a further study to introduce a new diploidy approach with an
adaptive dominance change mechanism similar to the triallelic scheme. They used four
genotypic alleles: 1 and O which are dominant and ¢ and o which are recessive. Always
the dominant allele is expressed but if there is a contention between two dominant or

two recessive alleles, one is chosen arbitrarily. 17 and Oo are not allowed and if they
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do occur, the recessive gene is promoted to be dominant in the genotype. This allows

the change in dominance.

Hadad-Eick [21] use a multiploid representation for individuals and incorporate a
dominance vector in the individual’s structure. The value in the dominance vector
is used when there are equal amount of 1s and Os for a locus. They report better results

with diploid and tetraploid individuals.

Ryan [22] uses additive multiploidy and no dominance. The phenotypic traits are
obtained by adding the genotypic values for that locus. He used a set of four alleles,
{A,B,C,D}, with genotypic values chosen to be 2, 3, 7 and 9 respectively. The
phenotypic trait is 1 if a certain threshold (10 in the example) is exceeded when
the two genotypic values for the corresponding position is arithmetically added and
0 otherwise. In further studies they improved the algorithm’s performance by making
the phenotype become 1 if a certain threshold a, is exceeded and 0 if the value remains
below a certain threshold a,. If the value remained in between, the phenotype is chosen
to be 1 or O randomly. They reported promising results in their comparisons with
the triallelic scheme. But it didn’t incorporate a dominance change mechanism as

implemented.

In [32], comparisons betwéen several dominance schemes for diploid representations
are given. They use the Ng-Wong approach and the additive diploidy approach with no
further dominance change mechanism for preliminary comparisons. The conclusion
they draw is that diploidy and a fixed genotype to phenotype mapping approach is
not enough to give good performance in changing environments. Some form of a
dominance change mechanism is needed to guide the search and provide the necessary
diversity. They modified the Ng-Wong approach and the additive diploidy approach
to incorporate a dominance change mechanism. For the Ng-Wong approach, if the
fitness of an individual decreases with at least a predetermined threshold value, the
dominance characteristics of the genes are changed, i.e. a 1 is changed into an %,
a O is changed into a o and vice versa. In the extended version of the additive
diploidy scheme, they again determined the occurrence of change based on the drop
in the fitness of an individual with a predetermined threshold value. When change
occurred they demoted or promoted the alleles in the genotype, i.e. an A became B,
a B became an A or a C, a C became a B or a D and a D became a C. A cannot be

demoted and D cannot be promoted. They performed some tests with the two extended
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schemes. Their results showed that the extended Ng-Wong approach outperformed the
extended additive scheme when the optimum oscillated between two peaks with a fixed
oscillation period. Extended additive diploidy also produced acceptable results in this
case. However when they tested both cases with a randomly changing test case, i.e. the
optima took on random values with fixed intervals, they obtained very poor results for
both cases, confirming that the diploid representation, even with a dominance change
mechanism did not incorporate enough diversity to cope with randomly changing
environments. Another drawback is that they need to detect that a change has occurred

to employ the dominance change mechanism.

In summary, it can be said that the approaches that employ increased mutation rates
suffer from the need to detect the change to increase the mutation. Another drawback
is that mutation is a disruptive operator and care must be taken when adjusting the
mutation rate to keep the balance between exploration and exploitation, especially
in cases where the new optima are not too far from the old one. In the approaches
that use a diploid representation, the proposed approaches do not mostly incorporate
a dominance change mechanism which makes them perform poorly in most changing
environments. Even those variations that are extended to have the dominance change,
they still suffer from a need to detect the change and also a lack of diversity. The
genetic memory they provide work well with cases where the change is periodic and
oscillates between two solutions. However in the cases where change is random, even

these approaches fail.
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4. THE PROPOSED DIPLOID GENETIC ALGORITHM

In the previous chapters a short survey of methods aimed at tackling dynamic
environments was given. In this study another approach that models additional natural
mechanisms is introduced. The main motivation behind this work is to address some
of the deficiencies in the previously suggested approaches which were given in Section
3.2. However, it is shown by the No Free Lunch Theorem [10] that there is no ultimately
perfect optimization algorithm fit for all types of problems. Some approaches are fit to
be used under specific conditions and environments while others are not. It is important
to base the choice of an algorithmic approach on the nature of the problem. It will be
shown in this study, in what types of changing environments different aspects of the
proposed approach performs well. The proposed algorithm, damGA, will be examined
in detail in the following sections and where necessary, the additional biological

principles and mechanisms used will be given in a biological context.

4.1 The damGA

The implemented algorithm, damGA contains most features of SGA but has been
augmented with some new operators and features. The general pseudocode of damGA

can be seen in Figure 4.1.

begin
initialize;
do
select mating pool;
reproduce;
select next generation;
modify domination values;
until end_of generations;
end.

Figure 4.1: Pseudocode for damGA
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The main algorithmic flow of damGA is similar to SGA. In the initialization stage,
values for genetic algorithm parameters are given and individuals are initialized with
random values. The loop running for a number of predefined generations is composed
mainly of mating pool selection and reproduction stages. As in SGA, roulette wheel
selection is used to determine the individuals that will take part in reproduction as a
result of which new individuals are produced. However, on a lower level there are

many differences between the two approaches which may be grouped as follows:

e Encoding and representation
e Genotype to phenotype mapping
e Formation of gametes during reproduction

e Population dynamics and replacement policy
4.1.1 Encoding and Representation

In damGA, a diploid representation for individuals and a binary encoding for genes is
used. As a result of the diploid representation, each individual has two chromosomes.
In nature, in individuals that have diploid chromosomal structures, each trait is
represented by two genes located on homologue chromosomes. These genes may
have the same or different alleles; however, the individual displays only one of these
(assuming complete dominance). This is called the phenotype of that individual for
that trait. In damGA, individuals are represented as in Figure 4.2. Chromosome 1
and Chromosome 2 are homologues and form the diploid chromosome structure of the
individual. The phenotype shows which of the alleles are expressed. Since a binary
encoding is used, the chromosomes and the phenotype are represented each by strings
consisting of either a 1 or a 0 at each location. In Figure 4.2 the black boxes represent
a 0 and the white ones a 1. How the phenotype is decoded from the two chromosome
strings will be explained in the following sections. The age of an individual shows how
old that individual is. As will be explained in detail, some individuals may survive
through many generations. An individual’s age increases as it moves into the next
generation. The fitness value shows how fit the individual is and is calculated using a

fitness function chosen depending on the problem.
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Figure 4.2: The representation of an individual.

4.1.2 Genotype to Phenotype Mapping

The phenotype of the organism represents the alleles that are expressed. Since the
phenotype determines the actual characteristics the individual exhibits, its fitness
which shows how suited the individual is according to the current fitness criteria,
is determined by its phenotype. Thus a mechanism to obtain the genotype from
the phenotype is needed. This is a very critical issue affecting genetic algorithm
performance directly. Subsequently there has been some research done in this area

as outlined in the previous chapter.

In nature, under the assumption of complete dominance, some alleles are recessive
while some are dominant. This means that in the case of a gene having different
alleles, the dominant allele is the one that will be expressed in the phenotype. However
in nature, for some genes, a given genotype may not show the expected phenotype.
This phenomenon is called the penetrance of a gene [12]. The level of penetrance
can be calculated as the proportion of individuals with a given genotype who exhibit
a particular phenotype. When the level of penetrance is 1.0, it is called complete
penetrance and incomplete penetrance otherwise. When incomplete penetrance is
present, a dominant trait may not be expressed in the phenotype for that generation.
The main reason of this phenomenon is environmental factors. This implies that the

penetrance of a gene may change when environmental conditions are altered.

In this study an approach based on the idea of the penetrance of a gene is used for
mapping the genotype of an individual onto a phenotype. Instead of having alleles
which are strictly either dominant or recessive, levels of penetrance, which will be
called the domination values for genes, are defined. These levels are determined
for each generation taking into consideration the effects of the current environment.

The method used involves a statistical scan of the fitnesses and the phenotypes of
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the individuals in each generation. In determining the domination factor of an allele,
a weighted proportion based on relative fitnesses of individuals having that allele is
calculated. The introduction of proportions being weighted according to relative fitness
values in a population artificially incorporates the effects of environmental factors into

the calculation of the dominance value of an allele.

When determining the phenotype, the genotype elements corresponding to that
location may either be equal or different. Using ¢;; and ¢y; to represent the ith
location on chromosome 1 and chromosome 2 respectively and p; to represent the

corresponding ith location on the phenotype,

if c;; = 0and ¢y; = O thenp; =0

ifcj;=1andcy; = 1thenp; =1

In the above cases where the two alleles for the genes on homologue chromosomes are
the same, the corresponding phenotype equals that allele but in the case where they
are different, i.e. where (c;; = 0 and ¢y = 1) or (¢;; = 1 and ¢y; = 0), a method to
determine the phenotypic value is needed. In this implementation, alleles 1 and O are
initially equally dominant. However, through generations the dominance factors for
these alleles are modified. To define the probability of an allele being expressed, an
array of real numbers in the interval [0.0,1.0] is used. The length of the array is the
same as the chromosome length. Each value on the array shows the domination factor
of the allele 1 over the allele O for the corresponding location on the chromosomes. The
domination factor for an allele is interpreted as the probability of it being expressed in
the phenotype. For example, if the alleles on the two chromosomes are different for the
gene at the 4th location and if the 4th entry in the array is dom; = 0.8, the phenotypic
value for that location will be 1 with probability 0.8 and 0 with probability 0.2.

The domination array changes along with the individuals through generations and is

calculated using Equation 4.1.

dom. = 2iPi* i

= ——=—7,t=1,2,..,length j=1,2,...s1z¢ 4.1)
’ Zj fj

where p;; is the phenotypic value of the jth individual at the sth location, f; is the
fitness value of the jth individual, length is the chromosome length and size is the

population size (the total number of individuals in the population). Equation 4.1 is
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evaluated at the end of each generation using the phenotype and fitness values of
the individuals in that population. So the dom, value will be higher if individuals
with the allele 1 in the ith location have higher fitnesses compared to those that have
allele 0. Since the domination array is one of the driving forces of the population, the
domination values corresponding to locations on the phenotype that are optimally 1

are expected to approach 1.0 and 0.0 for the case where the optimal value should be 0.

4.1.3 Reproduction
In damGA, the reproduction phase consists of three sub-phases:

e Formation of gametes
e Actual mating

e Mutation

As a result of the mating between each pair of individuals, two new individuals, called
offspring are formed. These offspring hcave a diploid chromosome structure with one

chromosome from each parent.
Formation of Gametes

Gametes in natural diploid organisms are the haploid reproductive cells that go into
reproduction. Two haploid gametes, one from each mating pair, come together to
make up the diploid chromosome structure of the offspring. In most cases in nature,

this type of gamete formation is the result of a cell division process called meiosis.

Natural meiotic cell division [2] consists of two main phases with four steps each. In
the early stages of meiosis, chromosomes are replicated. This involves copying of
DNA material during which errors may occur, causing sister chromatids which are
expected to be identical copies of each other to be different. At one stage during the
cell division, chromatids are so close together that crossing-over of partial chromatid
segments may occur. As a result of the meiotic cell division, from one diploid cell,

four haploid cells are formed.

In this study, an artificial implementation of the natural meiotic cell division is used

for gamete production. The main flow of this approach is shown in Figure 4.3.

29



procedure meiosis;
begin
replicate chromosome 1;
replicate chromosome 2;
randomly choose a chromatid;
randomly choose a non-sister chromatid;
cross_over the two chromatids;
cross_over remaining chromatids;
return each chromatid as a gamete;

end;

Figure 4.3: Artificial Implementation of Meiotic Cell Division

In the replication step, a copy of each chromosome is made. These are called sister
chromatids. A copying error may occur at this stage with a predefined low probability,
causing sister chromatids to differentiate. An example of this can be seen in Figure 4.4.
After the four chromatids are formed, crossing over may occur between two non-sister
chromatids. In this implementation a two point cross-over approach is used. In
two point cross-over, two cross-over sites are selected randomly and the segments
remaining between these sites are exchanged between chromatids. An example can
be seen in the bottom part of Figure 4.4. This marks the end of the artificial meiosis

stage and four gametes are ready to go into the actual mating step.

As can be seen in Figure 4.4, using this type of cell division adds diversity to the

population.
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Figure 4.4: Artificial meiotic cell division example.

30



Mating

After each parent goes through a meiosis-like process, there are four gametes from each
parent ready to go into mating. Since in this implementation each mating produces
two offspring, two gametes from each parent are selected randomly. Each of the two
offspring gets one of these two gametes from each parent. For example, for the case
where a binary representation for gametes is used, a possible formation of the offspring
from the given parents is seen in Figure 4.5. In the example, assuming gamete 1 and
gamete 3 from the first parent and gamete 3 and gamete 4 from the second parent are
selected at the beginning of the mating phase, the first offspring gets gamete 1 from
the first parent and gamete 3 from the second parent while the second offspring gets

gamete 3 from the first parent and gamete 4 from the second parent.

Parent1:gamete1 _, 101010 Parent2:gamete1 _, 001010
gamete2 ___, 111111 gamete2 __, 111011
gamete3 _, 10000 1 gamete3 _, 101001
gamete4 __, 001011 gamete4 ___, 001001

g3 g3

gl

Offspring 2 : chromosome 1

Oftspring 1 : chromosome 1 __, —» 10
chromosome2 __, 0 0

1 06001
chromosome 2 __, 1 1001

oo
[N
==}
oK
= o

Figure 4.5: Mating and the formation of offspring.

Mutation

After the two offspring are formed, mutation may act upon the genes of the original
parents and the offspring. The effect of mutation is the same as in SGA. In a diploid
representation the genotype and the phenotype of an individual may be different.
Mutation acts directly on the genotype, i.e. on each gene of the two strands of
chromosome. Each mutation at each location is independent of those in other locations
and the probability of its occurrence is the same for all genes. As a result, a mutation

of a gene may or may not alter the individual’s phenotype.

4.1.4 Population Dynamics and Replacement Policy

In SGA a generational replacement policy is used, i.e. the offspring replace their

parents. As a result of this there’s no overlap of common individuals between
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populations in consequent generations. The effects of using a steady state replacement
policy incorporating some form of aging of individuals has been discussed in [28],
[29], [301, [31], [14].

In damGA, offspring do not immediately replace their parents and they survive
together until the end of the generation. Since the population size is kept constant
in all generations, only half of the individuals must be selected to survive into the next
generation. These individuals are selected from the parents and the offspring based on

their relative fitnesses. Hence the populations may overlap through generations.

The selection method used is similar to the roulette wheel selection applied for
selecting the mating pool before reproduction. The only difference is that, here each
individual may be selected only once. The probability of the éth individual being

selected as the pth individual to survive may be given as in Equation 4.2.

Ji

SelProb; = yr—
Zj fj - Z,,- fsel[r]

1,2,...,8t2¢e r=1,2,p—1 4.2)

where f; is the fitness of the individual, } . f; denotes the sum of the fitnesses of all
the individuals in the population and )" [seifr] denotes the sum of the fitnesses of all
the (p — 1) individuals selected before this individual. This selection is repeated as

many times as the size of the population.

As aresult of this selection step, the population size is kept constant. Some individuals
with good fitness values may have survived from previous generations into the current
one. The problem with this approach is that in time, highly fit individuals will continue
surviving through generations causing a loss of genotypic diversity and quickening
convergence. Especially in dynamic environments where preserving diversity in the
population is the objective, this is a problem. To prevent this, an aging mechanism is
introduced. As seen in the structure of the individual in Figure 4.2, each individual has
an age counter. Each time the individual is selected to survive into the next generation,
this counter is incremented. At the end of each generation, some individuals which
have high age values are replaced by new, randomly initialized individuals. A new,
random individual is inserted into the population in order to insert new genes into the
gene pool of the population to aid in increasing diversity on the genotypic level. The

probability of an individual being replaced is proportional to the square of its age.
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The probability of the ith individual to be chosen for replacement is calculated as in
Equation 4.3.

2
DeathProb; = 19]:— (4.3)

where k is a problem-dependent constant. This constant should be determined during
the initialization step of the algorithm by taking into account the total number of
generations the algorithm is to be run, the population size and the average frequency
of change in the environment. This factor shows the maximum number of consequent

generations an individual is allowed to survive and is determined experimentally.

4.2 An Example by Hand

An example problem similar to the one used for the simple genetic algorithm will be

used to show how the algorithm works.

Problem Statement
Objective is to maximize the number of genes that have a value of 1 in
a chromosome representing an individual. However the objective function
changes to maximizing the number of genes that have a value of 0 in
a chromosome after n generations and it continues to oscillate between

maximizing the number of 1s and Os every n generations.

Parameter Settings
The parameter settings for the example are given in Table 4.1. Since the
simulation by hand will be done for only one generation, the value of n in the

table is not important.

Table 4.1: Parameter settings for the example

| Parameter | Value |

Population size 4
Chromosome length 5
Mutation probability | 0.001
Cross-over probability 1
Copy error probability | 0.05
Oscillation frequency n
k value 100
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First Generation
Initialization
e domination array: (0.5,0.5,0.5, 0.5, 0.5)

e global best: individual 4 with fitness 4

Individual 1 2 3 4

chromosome 1 || 00101 { 10100 | 00000 | 11100
chromosome 2 || 11101 | 11000 | 00000 | 11111

phenotype 10101 | 11100 | 00000 | 11101
fitness 3 3 0 4
age 0 0 0 0
Mating Pool Selection

Individual | Selection Probability

1 3/10=0.3

2 3/10=0.3

3 0/10=0.0

4 4/10=0.4

Assume that the roulette wheel has been turned 4 times with the above selection

probabilities and the following individuals are copied into the mating pool.
e 1 copy of individual 1
e 1 copy of individual 2
e 2 copies of individual 4
Assume that as a result of random pairing the following mating pairs are formed.
e individual 1 and individual 4

e individual 2 and individual 4
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Meiosis

Replication

indiv. 1 | indiv. 4 || indiv.2 | indiv. 4
chromatid 1 | 00101 | 11100 || 10100 | 11100
chromatid 2 | 00101 | 10100 | 10000 | 11101
chromatid 3 | 11101 | 11111 |[ 11000 | 11111
chromatid4 || 11101 | 11111 | 11000 | 11011

Cross-over

o forindividual 1:

— chromatid 1 and 4: cross-over points are 2 and 4
0]010] 1 = 01101 (gamete 1)
1|110| 1 = 10101 (gamete 2)

— chromatid 2 and 3: cross-over points are 2 and 5
0] 0101 | = 01101 (gamete 3)
1[1101 | = 10101 (gamete 4)

e for individual 4:

— chromatid 1 and 3: cross-over points are 1 and 4
| 11100 = 11101 (gamete 1)
| 1111 ] 1 = 11110 (gamete 2)

— chromatid 2 and 4: cross-over points are 4 and 5
101]00 | = 10111 (gamete 3)
111] 11| = 11100 (gamete 4)

e for individual 2:

~ chromatid 1 and 3: cross-over points are 2 and 5
1]0100 | = 11000 (gamete 1)
1] 1000 | = 10100 (gamete 2)

— chromatid 2 and 4: cross-over points are 1 and 2
| 10] 000 = 10000 (gamete 3)
| 11000 = 11000 (gamete 4)
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e for individual 4:

— chromatid 1 and 4: cross-over points are 4 and 4
111|/0]| 0= 11110 (gamete 1)
111| 1] 1= 11101 (gamete 2)

— chromatid 2 and 3: cross-over points are 3 and 5
11]101| = 11111 (gamete 3)
11]111 | = 11101 (gamete 4)

Mating

1st mating pairs: individuals 1 and 4
e Assume gametes 1 and 3 chosen from individual 1

e Assume gametes 1 and 2 chosen from individual 4

offspring 1 | offspring 2
chromosome 1 11101 01101
chromosome 2 11101 11110

e Assume offspring 1 becomes individual 5 and offspring 2 becomes

individual 6 in the intermediate population.
2nd mating pairs: individuals 2 and 4
e Assume gametes 2 and 3 chosen from individual 2

e Assume gametes 2 and 4 chosen from individual 4

offspring 1 | offspring 2
chromosome 1 10100 10000
chromosome 2 11101 11101

e Assume offspring 1 becomes individual 7 and offspring 2 becomes

individual 8 in the intermediate population.

Mutation

Assume that mutation occurs in

e 2nd locus of chromosome 2 of individual 1
11101 = 10101

e 4th locus of chromosome 2 of individual 4
11111 = 11101
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e 3rd locus of chromosome 1 of individual 8
10000 = 10100

Intermediate Population
indiv. 1 2 3 4 5 6 7 8
chrm. 1 || 00101 | 10100 | 00000 | 11100 | 11101 | 01101 | 10100 | 10100
chrm. 2 || 11101 | 11000 | 00000 | 11101 | 11101 | 11110 | 11101 | 11101
pheno. | 10101 | 11100 | 00000 | 11101 | 11101 | 11111 | 10100 | 11100
fitness 3 3 0 4 4 5 2 3
age 0 0 0 0 0 0 0 0

Next Generation Selection

Individual | Selection Probability

3/24=0.

125

3/24=0

.125

0/24=0.

000

4/24=0

.167

4/24=0

.167

5/24=0

.210

2/24=0

.081

R | ANV WIN]| -

3/24=0

.125

Assume that individuals 4, 5, 6, 8 are selected to survive into the next generation.
This makes individual 4 become 1 in age. age?/k = 0.01. The individual will
be replaced with probability 0.01. At this time the probability that the individual

will be replaced is very low, so assume the individual survives into the next

generation.

New Population

Individual 1 2 3 4
chromosome 1 || 11100 | 11101 | 01101 | 10100
chromosome 2 || 11101 | 11101 | 11110 | 11101
phenotype 11101 | 11101 | 11111 | 11100
fitness 4 4 5 3
age 1 0 0 0
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e Best fitness is 5 so global best becomes the current individual 3.

Calculation of the Domination Array

Location on array Calculation Value

1x4)4{1x4)4(1%5)+{1%3
(14)+120)+09):09) |1

(1%4)+{1x4)+(1%5)+(1%3
a |10

(1#4)+(1%4)+(1%5)+(1%3)
+ 1.0

(1x5) 0.31

16

!1*42+§1*42+§ 1x5) 0.81

16

DW=

Second Generation

Individual 1 2 3 4

chromosome 1 || 11100 | 11101 | 01101 | 10100
chromosome 2 | 11101 | 11101 { 11110 | 11101

phenotype 11101 | 11101 | 11111 | 11100
fitness 4 4 5 3
age 1 0 0 0

e Domination Array: (1.0, 1.0,1.0,0.31, 0.81)

All the steps of the algorithm will be applied to this new generation of individuals.
However, in determining the phenotype of the individuals in this generation, the new
domination array is used. In the array the first three values are 1.0. This means that
the allele 1 is fully dominant over the allele 0. In the cases where the corresponding
first three gene locations on the chromosomes have different alleles, 1 will definitely
be expressed in the phenotype. However, for the fourth gene location allele 1 will
be chosen over allele O with probability 0.31. The same probability for the fifth
gene location is 0.81. These domination values are recalculated at the end of each

generation.

After each n number of generations, the objective function will change, causing the

optima to oscillate between two peaks.
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5. TESTBED FOR damGA PERFORMANCE

In order to perform some tests to show the effectiveness of damGA against SGA and
to investigate the different features of damGA, a common set of testbed functions
incorporating different aspects of a changing environment, will be used. A statement

of each function will be given in the following sections.

5.1 The One-Max Problem

The objective in this problem is to maximize the number of ones in a binary string. The
binary string will be represented by the chromosome or the phenotype of the individual,
depending on whether SGA or damGA is used. The fitness of an individual will be

computed by counting the number of genes with allele 1.

In the case of SGA with a chromosome length of Cj, the best individual is the one that
has C; number of 1s on its chromosome. For example if C; = 8, the individual with

the highest fitness has a chromosome of 11111111 and its fitness is 8.

In the case of damGA (or any algorithm with a diploid representation), if the
chromosome length is Cj, the best individual is the one that has a C; number of 1s
on its phenotype string, regardless of what alleles the genes on the two chromosomes
(the genotype) carry. For example if C; = 8, the individual with the highest fitness
has a phenotype of 11111111 and its fitness is 8. However it’s genotype may be be
different, depending on the genotype to phenotype mapping.

5.2 Dynamic Problems

The one-max problem is static, i.e. the objective function or the constraints do not
change. However there’s another group of problems which are dynamic where either
the objective represented by the fitness function or one or some of the constraints

change over time. This class of problems are characterized by a need for a solution
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approach that is able to adapt to this change and track the moving optima. Different
types of change exhibit different characteristics which when exploited by a solution
approach may provide performance improvements. Criteria for categorizing changing

environments have been given in [14] as:
¢ frequency of change: This gives a measure as to how often change occurs. This
also determines how much time the genetic algorithm has for finding a solution.

e severity of change: This gives an idea of how strongly the system is changing,

i.e. genotypically how far the new optima are from the old ones.

e predictability of change: This shows whether there’s a pattern to the change or

if it is random.

e cycle length / cycle accuracy: This is whether the optima return to old positions
or at least get close to them and if so how close and in how many generations

this happens.

It is also mentioned in [14] that the following four aspects arise when using genetic

algorithms in dynamic environments:
e whether the occurrences of change are explicitly known to the system or whether
they have to be detected.

e whether it is necessary to change the representation in a genetic algorithm as the

result of a change in the system or not.

e whether the change occurs in the objective function, the constraints or the

problem instance itself.

e whether the genetic algorithm influences the environment since such an influence

may restrict further genetic algorithm actions.

In order to test the proposed algorithm damGA thoroughly, the functions making
up the dynamic functions section of the testbed will be chosen to reflect the above

characteristics of changing environments.

5.2.1 Oscillating One-Max Problem

The chromosomes (SGA) or the phenotypes (damGA) represent the binary string

on which the one-max optimization will be done. The objective function changes
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periodically every n generations from maximizing the number of genes with the
allele 1 to maximizing the number of genes with the allele 0 and vice versa. For
example in a population where chromosome length C; = 8, the first n generations the
individual with chromosome (or phenotype) of 11111111 will have the highest fitness
while during the next n generations the optimum individual will have chromosome

(phenotype) 00000000 and this will oscillate every n generations.

In this case the optimum oscillates between two values with a fixed change interval.
The frequency of this type of change is constant and since the optimum oscillates

between two values, the change instances and change values are predictable.

5.2.2 Changing (-1 knapsack problem

The O-1 knapsack problem is an NP-complete problem that has many real world
applications. The problem is defined mathematically in [19] as finding

n
maz Z Vi (5.1)
i=1
subject to the weight constraint
n
> wims <W (5.2)
i=1

where z; s are variables that can be set to either O or 1 and n is the problem size, i.e. the
knapsack size. The weight constraint will be enforced by way of a penalty factor on the
fitness value. If a solution is overweight then it is penalized by a factor proportional
to the amount the actual weight is more than the maximum allowed weight. In the
oscillating 0-1 knapsack problem, the weight constraint W changes between different
knapsack sum values. Four different types of change will be implemented for the

modified 0-1 knapsack problem used in this study for testing.

e KSack I: The maximum weight constraint takes on random values every fixed
n generations. The change occurs at fixed intervals but the magnitude of the
change is random. In this case, the change instances may be predictable but
the values the weight constraint takes on at each instance does not follow a

predictable pattern.
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e KSack 2: Every fixed n generations, the maximum weight constraint takes on
each one of the five predetermined values always in the same order. Both the
change frequency and the change magnitudes are predictable. The cycle length

for this case is longer than the oscillating one-max problem.

e KSack 3: Every n generations, which is determined randomly, the maximum
weight constraint takes on each one of the five predetermined values always
in the same order. In this case, the magnitude of the weight constraint at the
change instances may be learned and predicted, however change intervals are

determined randomly and they don’t follow a pattern.

e KSack 4: The weight constraint takes on a random value at random intervals.
Change instances and the new weight constraints at these instances are

determined randomly. They have no cycle and follow no predetermined pattern.

The example knapsack given in [19] is used in the tests in this study. The knapsack is
given in Table 5.1.

Table 5.1: Sample Knapsack - 1

| i | Value(v;) | Weight (w;) |

1 2 12
2 3 5
3 9 20
4 2 1
5 4 5
6 4 3
7 2 10
8 7 6
9 8 8
10 10 7
11 3 4
12 6 12
13 5 3
14 5 3
15 7 20
16 8 1
17 6 2

Total: 91 122

For each test case, to test the different algorithms the same set of change instances and
weight constraints will be used. These are explained in more detail in the next chapter

where the results of the performed tests are given.
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The testbed of six functions chosen in this chapter covers different aspects of “change”
in a dynamic environment and thus is suitable to be used in comparing algorithm

performances in adapting to the change and tracking the optima.
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6. PERFORMANCE TESTS AND RESULTS

Using the testbed of problems introduced in the previous chapter, performance tests
and comparisons for damGA are performed. Tests are performed in two stages. In
the first stage damGA performance is compared to SGA performance using all six
functions in the testbed. In the second stage, the adaptive dominance mechanism
implemented in damGA is compared against another commonly used genotype to

phenotype mapping approach.

The results will be compared based on how well they perform in the event of a change.
The performance will be determined according to the actual best results obtained and

also on how fast they adapt to the change, i.e. find acceptable solutions.

6.1 damGA Tested Against SGA

damGA is tested against SGA using all six testbed functions. The algorithms are run
each time with the same set of parameters but with different initial populations. The
parameters chosen for the algorithms are given in Table 6.1. Several computational
time measurements ! are done on both algorithms to find that on the average a damGA

generation takes 34 times longer than a SGA generation.

Table 6.1: Parameters used in both algorithms

| Parameters | SGA | damGA |
Number of Generations 2000 2000
Population Size 250 250
Cross-Over Probability 0.9 0.9
Mutation Probability 0.001 | 0.001
Probability of error - 0.001
Aging and Dying Factor (k) - 400

Timing measurements are done using the GNU profiler utility.



6.1.1 The Static One-Max Problem

This is a function which is considered easy for SGA. The main aim in this test
is to show that the proposed algorithm performs as well as, if not better than, the
simple algorithm in such cases. The plot of performance is given in Figure 6.1. The
maximums obtained at each generation by both algorithms are plotted on the same set
of axis. The x-axis shows the number of generations while the y-axis shows the best

fitnesses found at each generation. For ease of compatisons, the first 140 generations
are shown on the plots.
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Figure 6.1: Static One-Max: Maximums obtained for each generation by SGA and damGA

6.1.2 The Oscillating One-Max Problem

This is a function which is considered hard for SGA. The main aim in this test is
to show that damGA performs much better than SGA in such cases. The oscillation
takes place every 50 generations. The plot of performance is given in Fi igure 6.2. The
maximums obtained at each generation by both algorithms are plotted on the same set
of axis. The x-axis shows the number of generations while the y-axis shows the best

fitnesses found at each generation. For ease of comparisons, the first 500 generations
are shown on the plots.
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Figure 6.2: Oscillating One-Max: Maximums obtained for each generation by SGA and
damGA

6.1.3 The Oscillating 0-1 Knapsack Problem

All four variations of this function are considered hard for the SGA. The main aim in
these set of tests is to show that the proposed algorithm performs much better than the

simple algorithm in such cases.
KSackl

In this test case the maximum weight constraint takes on a random value every 50
gencrations. The change iistances and chosen weight constraints are the same for both
algorithms. The plot of performance is given in Figure 6.3. The maximums obtained
at each generation by both algorithms are plotted on the same set of axis. The x-axis
shows the number of generations while the y-axis shows the best fitnesses found at
each generation. For ease of comparisons, the first 1000 generations are shown on the

plots.

KSack2

In this test case the maximum weight constraint takes on, every 50 generations, one
of 115, 40, 11, 22, 23 in the same order as given. The change instances and chosen
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Figure 6.3: KSack1: Maximums obtained for each generation by SGA and damGA

weight constraints are the same for both algorithms. The plot of performance is given
in Figure 6.4. The maximums obtained at each generation by both algorithms are
plotted on the same set of axis. The x-axis shows the number of generations while the
y-axis shows the best fitnesses found at each generation. For ease of comparisons, the

first 1000 zencrations are shown on the plots.

KSack3

In this test case the maximum weight constraint takes on one of 115, 40, 11, 22, 23
in the same order as given at change intervals determined randomly. The change
instances and chosen weight constraints are the same for both algorithms. The plot
of performance is given in Figure 6.5. The maximums obtained at each generation
by both algorithms are plotted on the same set of axis. The x-axis shows the number
of generations while the y-axis shows the best fitnesses found at each generation. All

2000 generations are shown in the plots.

KSack4

In this test case the maximum weight constraint takes on random values at randomly

determined change intervals. The change instances and chosen weight constraints are
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the same for both algorithms. The plot of performance is given in Figure 6.5. The
maximums obtained at each generation by both algorithms are plotted on the same set
of axis. The x-axis shows the number of generations while the y-axis shows the best

fitnesses found at each generation. The maximums for all 2000 generations are shown.
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Figure 6.6: KSack4: Maximums obtained for each generation by SGA and damGA

6.1.4 Discussions

As can be seen from the plots, damGA outperforms SGA in all the dynamic cases and
performs equally well at the static one-max problem. However since damGA brings
extra computational load, in the static case it is better to use SGA. Especially in the
oscillating one-max problem where the change is periodic and oscillates between two
values, damGA performs very well. In this case it can be seen that the diploid algorithm
recovers and finds the maximum much more quickly than the haploid one during
fitness function transitions. As expected, these differences are due to the fact that
the diploid chromosome structure acts as a genetic memory. Characteristics that were
useful before the fitness change were not forgotten and when the fitness evaluation
method switched back, they emerged again, causing the algorithm to recover more
quickly whereas the hapleid algorithm had to search for them all over from scratch. In

the case where the interval length is random but the magnitude of change takes on one

49



of the same five values, remembering old solutions helps in algorithm performance.
This feature is a result of the implicit memory introduced by the diploid structure.
Even when the change is totally random, damGA performs well and produces good
solutions quickly, mainly due to the genotypic diversity of the population, the effects

of which will be explored in greater detail in the next chapter.

6.2 Testing Against Triallelic Dominance Scheme

In this stage of the tests , to determine the effects of the adaptive domination
mechanism of damGA, a comparison between another commonly used genotype to
phenotype mapping approach and the proposed approach is made. In [19] Smith
and Goldberg compare the fixed dominance map approach and the Holland-Hollstien
triallelic dominance scheme on an oscillating knapsack problem and they find the
second scheme to be much superior. So here the proposed approach will be compared

with Holland-Hollstien triallelic dominance scheme.

All six functions of the testbed will be used and the results will be given as plots of
performance for both approaches. In order to determine only the effect of the proposed
domination mechanism, all parts of damGA, except for the genotype to phenotype
mapping step is kept the same in both implementations. In the following sections, the
results of the comparisons will be given. The programs are run each time with the
same set of parameters but with different initial populations. The parameters chosen

for the algorithms are given in Table 6.2.

Table 6.2: Parameters used in both dominance scheme implementations

Parameters Value
Number of Generations 2000
Population Size 250

Cross-Over Probability 0.9

Mutation Probability 0.001
Error Probability 0.001
Aging and Dying Factor (k) | 400

The Hollstien-Holland triallelic dominance map scheme covers both dominance map
and allele information at a single location. Each gene may take on one of three alleles:

a 2 means a dominant 1, a 1 means a recessive 1 and a O means a 0. In this light,
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the single locus, triallelic dominance map seen in Table 6.3 is used in determining an

individual’s phenotype.

Table 6.3: Hollstien-Holland triallelic map

012
00|02
1{0]2]2
Z2 251202

6.2.1 The Static One-Max Problem

The plot of performance is given in Figure 6.7. The maximums obtained at each
generation by both algorithms are plotted on the same set of axis. The x-axis shows
the number of generations while the y-axis shows the best fitnesses found at each

generation. For ease of comparisons, the first 140 generations are shown on the plots.
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Figure 6.7: Static One-Max: Maximums obtained for each generation by damGA and
Triallelic

6.2.2 The Oscillating One-Max Problem

The oscillation takes place every 50 generations. The plot of performance is given in

Figure 6.8. The maximums obtained at each generation by both algorithms are plotted
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on the same set of axis. The x-axis shows the number of generations while the y-axis
shows the best fitnesses found at each generation. For ease of comparisons, the first

500 generations are shown on the plots.
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Figure 6.8: Oscillating One-Max: Maximums obtained for each generation by damGA and
Triallelic

6.2.3 The Oscillating 0-1 Knapsack Problem
KSack1

In this test case the maximum weight constraint takes on a random value every 50
generations. The change instances and chosen weight constraints are the same for both
algorithms. The plot of performance is given in Figure 6.9. The maximums obtained
at each generation by both algorithms are plotted on the same set of axis. The x-axis
shows the number of generations while the y-axis shows the best fitnesses found at

each generation.

KSack2

In this test case the maximum weight constraint takes on, every 50 generations, one

of 115, 40, 11, 22, 23 in the same order as given. The change instances and chosen
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Figure 6.9: KSack1: Maximums obtained for each generation by damGA and Triallelic

weight constraints are the same for both algorithms. The plot of performance is given
in Figure 6.10. The maximums obtained at each generation by both algorithms are
plotted on the same set of axis. The x-axis shows the number of generations while the

y-axis shows the best fitnesses found at each generation.

KSack3

In this test case the maximum weight constraint takes on one of 115, 40, 11, 22, 23
in the same order as given at change intervals determined randomly. The change
instances and chosen weight constraints are the same for both algorithms. The plot
of performance is given in Figure 6.11. The maximums obtained at each generation by
both algorithms are plotted on the same set of axis. The x-axis shows the number of

generations while the y-axis shows the best fitnesses found at each generation.

KSack4

In this test case the maximum weight constraint takes on random values at randomly
determined change intervals. The change instances and chosen weight constraints are
the same for both algorithms. The plot of performance is given in Figure 6.12. The
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