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TEMASDE ESTUDO: Computagdo Evolutiva- GA + GP

I ntroducdo

«Evolutionary Computation (EC)

» Genetic Algorithms (GA)

» Genetic Programming (GP)

« Artificial Life (Alife)

« Evolutionary programming, Evolution Strategies, Cellular Automatas,
Céllular Machines, Animats, ...

Algoritmos Genéticos - GA
« Principais Conceitos, Aplicagdes e Exemplos
» Funcionamento, Algoritmos e Implementacgéo prética
* Discusséo sobre os algoritmos genéticos

Programacdo Genética - GP
« Principais concetos e Exemplos
« Discusséo sobre aprogramacé genética

Discusséo final
Bibliografia e Material Complementar
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COMPUTACAOQO EVOLUTIVA: Terminologia [Eberhart, Simpson, Dobbins 96]

Evolutionary Computation / Computacao Evolutiva - EC
“Machine L ear ning optimization and clasdfication paradigmsthat are based on
evolution mechanisms guch as biological genetics and natural selecion”

Genetic Algorithms/ Algoritmos Genéticos - GA
“Sear ch algorithmsthat implement natural evolution mechanismsincluding
crosover, mutation and survival of thefittest (Better individuals of population)”.
String manipulation (chromosome/ genes) - Survival: FitnessFunction Evaluation.

Genetic Programming / Programacao Genética - GP
“Evolve mmputer programs genetically: Population = Computer Programs”.
Symbolic manipulation of programs (Usually: Lisp programsand Trees).

Evolutionary Programming / Programacéo Evolutipa - EP
“Similar to Genetic Algorithms, but do not implement crossover. Instead, they
rely on survival of thefittest and mutation”.

Artificial Life/ VidaArtificial - Alife
“The study of man-made systems that exhibit behaviors char acteristics of
natural living systems’. [FAQ Alife] (Animats= Animal Robots)

Cellular Automata, Cellular Machine, Cellular Programming, Complex Systems...
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COMPUTACAO EVOLUTIVA: Terminologia

Cellular Automata / Cellular Machine
Regular gridsof cells, with ‘K’ possible states, updated by a synchronous process
based on a set of rules (samerulesfor all cells). Simulate behaviors of interacting
cells: the state of a cdl isdetermined by the previous state of a surrounding
neighborhood of cells.

Cellular Programming
Evolution of parallel cellular machines. Systems involving the adions of
simple, locdly-interading components => “global complex behavior”
Colledive systems - Natural Seledion - Dynamic Environment
Complex adaptive systems - Artificial Life

« Sistemas Adaptativos I nteligentes:

- Como nos interesse nesta dsciplina é centrado em métodas e algoritmos
de aprendizado ce maguinas (machine learning), vamos nos concentrar
apenas nos topicos referentes a ALGORITMOS GENETICOS e
PROGRAMAGCAO GENETICA.

Refs. complementares - FAQ Alife - http://www.fags.or g/fagg/ai-fag/alife/
Alife Online - http://alifr .santafe.edu - What isAlife? http://Iswww.epfl.ch/~moshes/alife.ntml
Alife - http://arieldolan.com/ - Cellular Automata - http://Islwww.epfl.ch/~moshes/ca.html
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ALGORITMOS GENETICOS: Conceitos Basicos

Origem:
Holland, J. H. (1975) - Adaptation in Natural and Artificial Systems. Univ. of Michigan
DeJong, K.A. (1975) - Na analisys of behavior of a class of genetic adaptive systems.
University of Michigan - Ph.D. Thesis.
Goldberg, D.E.(1989) - Genetic Algorithmsin Search, Optimization, and M achine
L earning. Addison-Wesley.
Davis, L. D. (1991) - Handbook of Genetic Algorithms. Van Nostrand Reinhold.

Terminologia:

Population = Set of initial individuals (set of “start points’). Parameter: size

Generation = Set of individuals of an epoch. Size of generationsis constant

Genome = Complete set of genetic material of a biological organism. Colledion
of chromosomes of an individual.

Genotype = Particular set of genes contained in a genome (individual characts.)

Phenotype = Char acteristics determined by the genotype (eye color = blue)

Chromosomes = String of genes (DNA) coding individual characteristics.
String of bits coding candidate solutions (epoch member s).

Genes = Elements of a chromosome (bits). Grouped blocks of adjacent bits.

Locus = Position of a gene on the chromosome.

Alleles = Different possble“ settings’ of an trait (genevalues). Ex.: 0/ 1.
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ALGORITMOS GENETICOS: Conceitos Basicos

Origem:
Holland, J. H. (1975) - Adaptation in Natural and Artificial Systems. Univ. of Michigan
DelJong, k=== = e - - 3

Univerl DNA: Deoxyribonucleic Acid
Goldberg, Chemical Substance that forms chromosomes
Learnit  Amino Acids: Adenine, Cytosine, Thymine, Uracil, Guanine
Davis, L. [
Tenales Nucleotides:
Elementary hitsof DNA (A, C, T, U, G)

Population
Generation| Gamete:

Genome={ Results of combination of a pair of chromosomes (reproduction)

Genotype = Offspring:

Phenotype| - pescendents, progeny of an animal or plant.

Chromoson - . 1 6i / Haploid:

Genes=g|| Chromosome paired (XY) individuals - Unpaired individuals
Locus= P

Alleles = Different po;sible“settings' of an trait (gene values). Ex.: 0/ 1.
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ALGORITMOS GENETICOS: Conceitos Basicos

Terminologia:
Population / Generation / Genome / Chromosomes / Genes/ Alleles/ Locus

Reproduction = Set of operations (crossover, mutation, ...) applied to an pair
of individuals.

Seledion = Seled apair of individualsfor re production. Seledion Criteria.
Seledion based upon a fitnessfunction. Parameter: type of SC.

Fitness = Function used to evaluate each member of one generation,
Measure individuals, obtaining afitness value. Define: function.

Crossove = Copying seleded bits from each parent - Recombine genetic code.
Parameters: single-point, double-point, frequency.

Mutation = Small random changesto the bit string. Parameter: frequency.

Inversion = Individual mutation (sliceinvertion). Parameters: nbits, frequency.

Schema / Schemas/ Schemata=0/1/Don’t Care - Similarity Templates
Set of bit stringsthat can be described by a template with wil d-cards
Template => Bit strings / Bit strings=> Template
Example: 1**001 = 100001/ 101001/110001 /111001

ALGORITMOS GENETICOS: Conceitos Basicos

Terminologia:

Population / Generation / Genome / Chromosomes / Genes/ Alleles/ Locus
Reproduction / Seledion / Fitness/ Crossover / Mutation / Inversion / Schema

1| :Il = Chromosome: Oneindividual of a specific generation

H
=
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ALGORITMOS GENETICOS: Algoritmo

[Eberhart, Simpson, Dobbins]

1. Inicializa a populagao
2. Calcula ovalor dofitnesspara cada individuo da populagéo
2.1 Seatingiu um “grau de evolucdo’ satisfatério, entdo termina exeaugao!
3. Seledona os individuos mais bem adaptados for mando uma nova populacéo
3.1 Aplica o operador de crossover aos paras deindividuos sledonados
3.2 Aplica o operador de mutacdo individualmente
4. Retorna ao passo 2
4.1 Seatingiu o nUmero maximo de geracdes entdo termina exeaucao!

Resumindo:

- I nitialize population

- Apply FitnessFunction

- Individual Seledion

- Reproduction: Crossover / Mutation
- New generation = new epoch
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ALGORITMOS GENETICOS: Algoritmo

[Melanie Mitchell]

1. Init: set random values for n-bit chromosomes
2. FitnessF(X) for each individual chromosome X
3. Repeat until stop criteria isreached
3.1 Seled a pair of chromosomes: (with or without replacement)
Probability of selecion being an increasing function of fitness.
3.2 Crosover the seleded pair, with probability Pc (crossover probab./rate)
at arandomly chosen point, generating 2 new chromosomes.
3.3 Mutate the new chromosomes with probability Pm (mutation prob./rate)
and placethe resulting chromosomesin the new population.
4. Replace arrent population with new population

5. Gotostep 2.
Steps: Specific |mplementations:
- I nit - Fitnessfunction / Fitness Threshold
- Fitness - Seledion: Roulette Whed, Tour nament
- Seled a pair - Reproduction: Elitist strategy (“n” best), G_Gap
- Crosover, Mutation - Population Size, Pc, Pm, Crossover points

- Initialization, String Coding, Stop
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ALGORITMOS GENETICOS: Algoritmo

Selection - Roulette Wheel

- Estimar ovalor de Fithess= F(x)
- Normalizar o Fitnessem relacéo a populagao:

Fnorm(x) = F(X)

> Roleta com
x FX) 7 individuos

Mais
Provavel

NEPAN

b2 X Fnorm(x) =1 0.5 Provéavel

- Sortear um numero aleatério e determinar em que ponto
daroleta ele aiu, seledonando oindividuo corre spondente.

Tournament Seledion:

- Seleciona dois individuos aleatoriamente

- Compara o fitness value de cada um

- O melhor entre os doisganha o torneio e “ sobrevive”

- Repete 0 proces até mmpletar a populacdo da nova geracao.
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ALGORITMOS GENETICOS: Exemplo de aplicacio

B aruplot graph [ [CI=]

[EberHart, Simpson, Dobbins] [ 7y

sin(PI/256) —

Funcdo aser otimizada:
F(X)=Sin(Pi* X/256) L0
Intervalo: 0 <= x <= 255 04
Maximo: X =128 ... F(X)=1.0 03

Codificagdo: String de Bits= X o
ObjetiVO: Achar X que mazimize F(X) 0 50 100 180 200 240

Populago: 8 individuos Individuos X | F(X)| Norm | =Norm=1

Cédigo binario puro 10111101|189|.733| .144
Inicializacdo aleatéria 11011000 216| 471! 093
Pc =0.75 / Pm=0.0 01100011 99(.937| .184

. . . 11101100|236|.243| .048
Size=8 / Coding = Binary 101011 10| 174|845/ .166

Seledion = Roulette Whed 01001010/ 74|783| 155

Search: Best X => Max. F(X) 00100011| 35/|.416| .082
00110101| 53|.650| .128 | ynisnos 2000




ALGORITMOS GENETICOS: Exemplo de aplicacio

[EberHart, Simpson, Dobbins]

Funcdo aser otimizada:
F(X)=Sin(Pi* X/256)

Individuos X | F(X) | Norm | Acumulado

0.0

1/10111101|189|.733| .144| 0.144

2111011000 216|.471| .093| 0.237

3/01100011| 99(.937| .184| 0.421

4 111101100|236|.243| .048| 0.469

5110101110|174|.845| .166| 0.635

6 |01001010| 74|.788| .155| 0.790

7 100100011| 35/.416| .082| 0.872

8 (00110101| 53|.650| .128| 1.0

Os individuos com um melhor
fitnesstem mais chances de
sobreviver (serem seledonados)

Sele@@odosindividuos
parareproducao: roulette whed

- Geracao denros. aleatorios

Valor
0.293
0.971

0.160 =

0.469
0.664

0.568 =

0.371
0.109

Individuo

3

= Woo 01N oo

01100011
00110101
11011000
10101110
01001010
10101110
01100011
10111101

Nova geracdo /

antes da combinacdo
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ALGORITMOS GENETICOS: Exemplo de aplicacio

[EberHart, Simpson, Dobbins]

Funcdo aser otimizada:
F(X)=Sin(Pi* X/256)

Sele@@odosindividuos
para reproducao: roulette whed

- Geracao denros. aleatorios

Crosover (2 points) | Mutation
Fc=0.75 Fm=0.0 Valor
0.293 =
! 2 / 0.971
011]000] 11 + 0.160
O(l)1| 1021| 01 . Rzroqugég 0469 =
0S eaonaaos 0.664
L@ L] G Pares. Crossover 0.568
1]0101] 110 = . i :

) L Individual: Mutation 0.371 =
011 00101]0 0.109
10]10111]0
01100011
10111101 |

Individuo

3

= Woo 01N o

01100011
00110101
11011000
10101110
01001010
10101110
01100011
10111101
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ALGORITMOS GENETICOS: Exemplo de aplicacio

[EberHart, Simpson, Dobbins]

Funcdo aser otimizada:

F(X) = Sin (Pi * X / 256)

Resultado...
Selec@o + Reproducado

Crosover (2 points) | Mutation
Fc=0.75 Fm=0.0
1 2 =
011]000]| 11 011]101] 11 Individuos X | F(X) | Norm
001] 101| 01 001] 000| 01
a 2 1/01110111|119|.994 0.157
1]1011] 000 1/0101] 000 2 (00100001 33| .394 0.062
1]0101| 110 1|1011] 110 3/10101000| 168| .882| 0.139
2 a 4 111011110] 22| .405| 0.064
01/ 00101|0 10/ 00101]0 5110001010(138| .992 0.157
10|/ 10111]0 01]10111]|0 6 (01101110/110| .976| 0.154
7101100011 99|.937 0.148
10111101 10111101
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ALGORITMOS GENETICOS: Exemplo de aplicacio
[EberHart, Simpson, Dobbins]
Funcdo aser otimizada: Resultado...

F(X) = Sin (Pi * X / 256)

Crosover (2 points)
Fc=0.75

1 2
011] 000] 11
001 101] 01

1 2
1]/1011] 000
110101] 110

2 1
01| 001010
10| 101110

01100011
10111101

Mutation
Fm=0.0

011]101] 11
001| 000] 01

110101] 000
1/1011] 110

10| 001010
01] 101110

01100011
10111101

O~NO OB WNPRF

Selec@o + Reproducado

Individuos

X | F(X) | Norm

01110111

00100001
10101000
11011110

100010 10|

01101110
01100011
10111101

119 .994 0.157
33| .394| 0.062
168 | .882 0.139
22| .405| 0.064
138 .992| 0.157
110| .976| 0.154
99| .937| 0.148
189| .733| 0.116
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ALGORITMOS GENETICOS: Exemplo de aplicagio / Discussio
[EberHart, Simpson, Dobbing]

Funcéo aser otimizada: F(X) = Sin (Pi * X /256)
Aprendizado Genético - Discussdo sobre o exemplo gopresentado...

- Representacéo usada nos chromosomos: strings binérias/ alfabetos alternativos

Inteiros => Codificados como nro. binarios/ Gray-Coded (muda 1bit por vez)
Gray: 0000/ 0001 /0011/0010/ 0110/ 0111/ 0101/ 0100/ ...

Reais =>Intervalo + Resolugdo = representacéo binéria
Exemplo: 2.5a 6.5 (intervalo 4), se adotar mos 3 casas decimais,
precisaremos usar uma string de 12 bits (4 x 3)

- Problemas da representacgdo binéria pura: 128 = 1000 0000 / 127 = 0111 1111

- Como determinar: tamanho da populagédo, populagdo inicial, funcéo de fitness

taxa de crosover, taxa de mutacdo, critério de parada, funco de fitness

tipo de selecdo (roulette, tournament, elitist, gap), funcéo defitness ...???
Scaling window
Aprendizado Genético - Outros exemplos....
- Aprendizado match-strings, truck demo, tsp - travel salesman problem (java demos)
- Aprendizado puzzle (M elanie Mitchell, p.14)
- Aprendizado play-tennis (Tom Mitchell, p. 252)
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ALGORITMOS GENETICOS: Exemplo de aplicagio / Discussio

[EberHart, Simpson, Dobbing]
Funcéo aser otimizada: F(X) = Sin (Pi * X /256)

Aprendizado Genético - Discussdo sobre o exemplo goresentado...

- Representacéo usada nos chromosomos/ Fitness Function

5 3 2 1 2 3
?

8 4 —» | 8 4

1 7 6 7 6 5

Aprendizado Genético - Outros exemplos....

- Aprendizado match-strings, truck demo, tsp - tyavel salesman problem (java demos)
- Aprendizado puzzle (M elanie Mitchell, p.14)

- Aprendizado play-tennis (Tom Mitchell, p. 252)
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ALGORITMOS GENETICOS: Exemplo de aplicacio

[Tom Mitchell] - Do GA ao GP...

Funcdo aser otimizada: Play Tennis (Quinlan problem)

- Representacédo de regrasdo tipo |F-THEN usando strings de bits

Outlook = { Sunny, Overcast, Rain } Wind ={ Strong, Weak }
Outlook = 3 bits (um para cada valor)

| F Outlook = Sunny String de Bits: 100
| F Outlook = Overcast or Outlook = Rain String de Bits: 011

String de bits = 111 (don’t care about outlook...)

Exemplo: (outlook = overcast or rain) and (wind = strong)
Bits: Outlook =011 / Wind= 10

Pre-conditions + Post-Conditions:
IF Wind = Strong Then PlayTennis=Yes
Bits: Outlook =111 (don’t care) / Wind=10 / PlayTennis=10

- Fittness Regras que mbrem o maior nimero de exemplos possiveis cor retamente
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PROGRAMACAQ GENETICA: GP - Definigdes

Funcdo aser otimizada: programas!
String de bits sho substituidas por programas que evoluem...

- Representacdo tipica:
Arvores - correspondendo a arvore de par se do programa

- Exemplo: Aprender afuncdo SIN(X) + SORT (X * X +Y)

Funcdes primitivas= SIN, COS, SQRT, +, -, *, /, ...
Terminais =X, Y, valores constantes, ...

Evoluir uma populagéo de individuos até encontrar a funcéo correta:

QD/ED Funcéo: X+X*Y /®

EvoI uir..
@

Para maior es detalhes: }\D
* Tom Mitchell, pg. 262 / Eberhart, Simpson, Dobbins, pg. 186 @

* GP Tutorial - http://www.geneticprogramming.com/Tutorial/
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EC: GA + GP: Consideragoes Finais
Evolutionary Computation versus Search & Optimization:

- EC utiliza uma “populagdo de individuos’ (pontos = solugdes potenciais)
nasua busca do &imo;
- EC utiliza uma funcdo de “ fitness' baseada diretamente na infor macgéo,
ao invés de derivadas (estimativa da curva do erro);
- O “paradigma EC” é probabilistico, ao invés de muitos outr os métodos deterministicos.
Evita os minimoslocais... cria “tineis’ de umaregido aoutra do espaco de busca;
- Busca paralela => Algoritmo pode ser implementado em paralelo (“ boa granularidade’)
- “Occam’s Razor” : Simples, valor do fitness é direto, sem derivadas, ...

Dificuldades/ Requisitos:

- Representar os parametros que definem o problema (encode): strings;

- Usualmente trabalha com strings de bits;

- Problema: como representar valor es continuos e func¢ées ndo lineares (otimizagao);
- Precisamos definir / conhecer uma fungéo defitness(diretal);

- Devemos evitar uma explosdo combinatoria na busca (random search);

Conclusdo: GA pode ser muito interessante, GP pode ser muito interessante
GA e GP podem ser dificdsdeimplementar e “ pesados demais’
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EC: GA + GP: Consideragoes Finais
Evolutionary Computation versus Search & Optimization:

- EC utiliza uma “populagdo de individuos’ (pontos = solugdes potenciais)
nasua busca do &imo;
- EC utiliza uma funcdo de “ fithess' baseada diretamente na infor macgéo,
ao invés de derivadas (estimativa da curva do erro);
- O “paradigma EC” é probabilistico, ao invés de muitos outr os métodos deterministicos.
Evita os minimoslocais... cria “tineis’ de umaregido aoutra do espaco de busca;
- Busca paralela => Algoritmo pode ser implementado em paralelo (“ boa granularidade’)
- “Occam’s Razor” : Simples, valor do fitness é direto, sem derivadas, ...

Dificuldades/ Requisitos:

- Representar os parametros que definem o problema (encode): strings;

- Usualmente trabalha com strings de bits;

- Problema: como representar valor es continuos e func¢ées ndo lineares (otimizagao);
- Precisamos definir / conhecer uma fungéo defitness(diretal);

- Devemos evitar uma explosdo combinatoria na busca (random search);

Conclusdo: | Aplicacdo de Algoritmos Genéticos junto a outras témicas
Hibridos: GA + ANN / GA + Fuzzy/ GA-GP + ML tools
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TEMAS DE PESQUISA SOBRE ALGORITMOS GENETICOS: EC=GA + GP + Alife...

* LIVROS/ PAPERS/ DOCUMENTAGCAO SOBRE ARVORES DE DECISAO:

» Obraclassca:

Goldberg, D. E. Genetic Algorithmsin Search, Optimization and Machine L ear ning.

Addison-Wesley, 1989

» Tom M. Mitchell. Machine L earning. M cGraw-Hill, 1997.

* Meanie Mitchell. An Introduction to Genetic Algorithms. MIT Press Cambridge, 1999.

* Eberhart, R; Simpson, P; Dobbins, R. Computational Intelligence PC Tods. Academic Press19%.
« Lacerda, E. & Carvalho, A. Mini-Curso do JAI 1999- Congres da SBC. RJ, 1999

* Holland 1975/ 1986 Davis 1991, De Jong 1993=> GA # Koza 1992 Fogel 1966 1991 1993=> GP
« Citeseg Nec: http://www.resear chindex.com/
* FAQs: comp.ai.* (Genetic, Alife, ...)

http://www.fags.or g/fags/ai-fag/genetic/

ftp://ftp.cerias.pur due.edu/pub/doc/EC/Welcome.html

* INTERNET:

*« GA-GP.Com

* GA Introduction
* GA Demo (Java)
*GA-TSP

* GA Truck Demo

htt p://www.geneticpr ogramming.com/ga/index.htm
http://Iswww.epfl.ch/~moshes/ga.html
http://www.taygete.demon.co.uk/java/ga/index.html
http://www.aridolan.com/ga/gaa/gaa.html
http://www.handshake.de/user/bli ckle/Truck/index.html
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