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Genetic Algorithms:
Basic notions and some advanced topics

SESSIONS
a. Introduction to genetic algorithms

b. Advanced topics

Multimodal problems and multiple solutions

Multiobjective genetic algorithms
Memetic algorithms
Genetic Learning
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Session a.
Genetic Algorithms

GENETIC ALGORITHMS. INTRODUCTION

HOW TO CONSTRUCT THEM?

ON THE USE OF GENETIC ALGORITHMS

MODELS: GENERATIONAL VERSUS STEADY STATE
APPLICATIONS

EXAMPLE: TSP

SOFTWARE AND IMPLEMENTATIONS

CONCLUDING REMARKS
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1. GENETIC ALGORITHMS.
INTRODUCTION

m WHAT IS A GENETIC ALGORITHM?

m THE INGREDIENTS

m THE EVOLUTION CYCLE

m GENETIC ALGORITM STRUCTURE
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What is a genetic algorithm?

Genetic algorithms

They are optimization algorithms,
search

and learning

iInspired in the process of

Natural and Genetic
Evolution

F. Herrera - Introduction to Genetic Algorithms 8



What is a genetic algorithm?

Natural Evolution

CuarLes [arwin.

ON

THE ORIGIN OF SPECIES

BY MEANS OF NATURAL SELECTION,
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FOR LIFE,
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What is a genetic algorithm?

Artificial Evolution

EVOLUTIONARY COMPUTATION it

It is constituted by evolutionary models
based on populations whose individuals
represent solution to problems.

F. Herrera - Introduction to Genetic Algorithms
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From natural to artificial evolution

Classical image (John Holland): Biological crosover
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CROSSOVYER is the fuondamental mechanism of gonetic rear Chromusomes line up and then swap the portions of their pe-
rangement for both real organisms and penetic algorithms.  netic code be vond the crossover point. ~ELEeet LS bR
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What is a genetic algorithm?
Artificial Evolution

John Holland
Inventor of genetic
algorithms
Professor of CS and
Psychology at the
U. of Michigan.

There are 4 classic paradigms:

GenetiC Algorlthms 1975, Michigan University

Evolution Strategies 1964, Technische Universitat Berlin Inventors of
Evolution

Strategies

Ing. Ingo Rechenberg

Hans-Paul Schwefel Bicnice 2 Evaliticntanhmio o
. . .. LDiviiivo O I_VUIULIUIILC\,IIIIILlUC
Universitat Dortmund

Technical University Berlin
http://www.bionik.tu-berlin.de/

Evolutionary Programming. 1960-1966, Florida

Lawrence J. Fogel,
Natural Selection, Inc.
Inventor of Evolutionary
Programming

Genetic Programming.iose, stanford University

John Koza
Stanford University.
Inventor of Genetic
Programming

Thre exist other modelos based on population evolution | ms 12




The ingredients

t

y

mutation

reproduction - t+1
selection

I e el s

N =l EEEmEm ==

Crossover
(or recombination)
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The evolution cycle

Selection
PARENTS
Crossover
Mutation
POPULATION

Replacement
DESCENDANTS

F. Herrera - Introduction to Genetic Algorithms

14



Genetic Algorithm Structure

Basic Genetic Algorithms
Beginning (1)
t=20
Initialization P(t)
evalution P(t)

While (the stop contition is not verified) do
Beginning (2)
t=t+1
selection P’(t) from P(t-1)
P”(t) < crossover P’(t)
P”’'(t) « mutation P (1)
P(t) « replacement (P(t-1),P’(t))
evaluation P(t)
Final(2)

Final(1)

F. Herrera - Introduction to Genetic Algorithms
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2. HOW TO CONSTRUCT A GA?

The steps for the GA construction

$&
m Representation q}’QQ’
m Initial population Qg‘{(/e
m Fitnhess function (How to evaluate a GA?) QQQ/
m Chromosomes selection for parents
m Design of crossover operator /§§’
s Design of mutation operator Qbél/
m Chromosomes replacement &QO
m Stop condition v\"&@

F. Herrera - Introduction to Genetic Algorithms 16



Representacion

Genotype: Coding mechanism
Natural representation for the problem

Genotype representation must be decided
according to the evaluation and genetic the
operators.

F. Herrera - Introduction to Genetic Algorithms 17



Example: Binary representation

CHROMOSOME
|

10(1{0|0/0]1|1

GEN
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Example: Binary representation

8 bits genotype

1

0

0

1

1

Fenotype
®* integer
* real number

® ;Others?

F. Herrera - Introduction to Genetic Algorithms 19



Example: Real coding

m The chromosome can be represented by a

real valued vector:

n

e R

m The evaluation function associates a real

value to a vector:

f:R" > R

F. Herrera - Introduction to Genetic Algorithms
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Example: Order representation

m The chromosomes are presented as
permutations.

m Ej. Travelling salesman problem (TSP), ...

m It needs special operators for obtaining a new
permutation.

F. Herrera - Introduction to Genetic Algorithms
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Initialization

m Uniform on the search domain ... (if possible)

m Binary string: O or 1 with probability 0.5

m Real value: uniform on the interval

m Using a heuristic for getting initial
chromosomes.

F. Herrera - Introduction to Genetic Algorithms
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Fithess function

m Step with high time cost.

m Subrutine, simulator or other external processes (ej.
Robot experiment, ...)

m It is possible to use an approximation function
(reducing the cost)

m Constraint problems can introduce a penalization in
the fitness function.

m With multiple objectives we find a pareto (set of non-
dominated solutions).

F. Herrera - Introduction to Genetic Algorithms 23



HOW TO CONSTRUCT A GA?

Selection
PARENTS

Representation

Initialization

1 Population

POPULATION Fitness function

F. Herrera - Introduction to Genetic Algorithms
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Chromosomes selection

We must guarantee that the best individuals have a major
possibility for being parents.

But, worse chromosomes must have an opportunity for
reproduction. They can include useful genetic information in
the reproduction process.

This idea define the “selective pressure”, that determines the
degree of influence of the best individuals.

F. Herrera - Introduction to Genetic Algorithms 25



Strategy of selection

Tournament selection

For each parent:

m  Random selection of k individuals, with replacement
m Selection of the best

k is called the tournament size. A high kValue, a high
selective pressure and vice versa.

ﬁPupulatinn

Champion
(=9
=61 |ES
2 3

F. Herrera - Introduction to Genetic Algorithms
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HOW TO CONSTRUCT A GA?

Selection

PARENTS

Representation Crossover

Initialization

1 Population

POPULATION Fitness function

F. Herrera - Introduction to Genetic Algorithms
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Crossover operator

Features:

m The offspring must contain a heredity from the parents,
associated to the parent features. In other case it
would be a mutation operator.

m It depend on the representation.
m The recombination must produce valid chromosomes.

m It uses a probability for running on the two parents (Pc
between 0.6 and 0.9, usually).

F. Herrera - Introduction to Genetic Algorithms 28



Example: Simple crosover on the
binary representation

Population:

Each chromosome is divided into n parts that are
recombined (example for n = 2)

cut cut - o o

1112111 0o000N0000 PHE EEST 5?}
l descendants s

1110000 0001111 Eév?%
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Crossover operator

Classical image (John Holland): Biological crosover

1010110610101011 100166810
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CROSSOVYER is the fuondamental mechanism of genctic rear Chromosomes line up and then swanp the portions of their pee
rangement for both real organisms and penetic algorithms. netic code bevond the crossover point.
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Example: Two points crossover

Parent 1l

~0{0/1/1/1/0/0/1/0/1/0/0/0[1/1/1]1/0/0}

—3

+lol1lo/1l1/1]ololol1]o]0
+0/0/1(1{1[0jo[1{1/0]01]0[1|0(1]1]0}0}
1

Offsprings

011011/ 1(0/0/1{0/0
Parent

F. Herrera - Introduction to Genetic Algorithms
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Example: uniform crossover

AB|CIDIEIF|GH

F. Herrera - Introduction to Genetic Algorithms 32



Example: Real coding crossover
operator

Arithmetic crossover:

(a+A)/2

(b+B)/2

(c+C)/2

(d+D)/2

(e+E)/2

(f+F)/2

F. Herrera - Introduction to Genetic Algorithms




Example: real coding crossover
operator BLX-a

m Two chromosomes

C. = (c11,..., €c1n) Y C2 = (Cc21,..., C2n) ,

m BLX- a generates two descendants
Hk = (hka,..., hki,..., hkn) , kK =1,2

m where hyg is a random value In the interval:
[Cmin — I, Cmax + 1-a]
B Chax = max {cii, C2i}

® Cmin = min {Cui , C2i}
# | = Cmax - Cmin, a € [0,1]

F. Herrera - Introduction to Genetic Algorithms
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Ejemplo: Operador de cruce para
representacion real: BLX-a

Exploration Exploration
Crin~ -1 I Crax + -1
#

o o
— _/
'

Exploitation

F. Herrera - Introduction to Genetic Algorithms
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Example: Crossover operator for order
representation: OX

Parent Parent 2

713i{118|2{4]6]5 41312|18|6]7[1]5

71511/8]2i41316

F. Herrera - Introduction to Genetic Algorithms 36



HOW TO CONSTRUCT A GA?

Selection
PARENTS
Representation Crossover
Initialization
1 Population Mutation
POPULATION Fitness function
DESCENDANTS

F. Herrera - Introduction to Genetic Algorithms
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Mutation operator

Features:

m It must allow us to reach any point through a sequence of
runs.

m We must control the size.
m It must produce valid chromosomes.

m It is used with a low running probability on the descendant
obtained after the application of the crossover operator.

F. Herrera - Introduction to Genetic Algorithms 38



Example: binary mutation

i,\
before 11111111 ‘j

after 1110111

Mutated gen

The mutation happens with a low running
probability per gen p,,

F. Herrera - Introduction to Genetic Algorithms 39



Example: real coding mutation

Perturbation of real values via a random value.

*Using a gaussian/normal distribution N(0O,c),
* 0 Is the mean
* ¢ IS the typical desviation

X = X + N(0,0))

For each parameter.

F. Herrera - Introduction to Genetic Algorithms 40



Example: order representation
mutation

F. Herrera - Introduction to Genetic Algorithms
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HOW TO CONSTRUCT A GA?

Selection
PARENTS
Representation Crossover
Initialization
1 Population Mutation

POPULATION Fitness function

Replacement
DESCENDANTS

F. Herrera - Introduction to Genetic Algorithms 42



Replacement strategy

Complete population
Elitism: Maintaining the best chromosome

Replacement of parents per children (via competition)

It depends on the model.

F. Herrera - Introduction to Genetic Algorithms
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Stop condition

= jWhen we reach the optimum!

m Limited CPU:
Maximum of evaluations

m After some iterations without any
Improvement.

F. Herrera - Introduction to Genetic Algorithms
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Components

Selection
PARENTS
Representation Crossover
Initialization
1 Population Mutation
POPULATION Fitness function
Replacement
DESCENDANTS

F. Herrera - Introduction to Genetic Algorithms
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Generational model: Replacement of the
complete population

Steady state model: Along each iteration two
parents are used with genetic operators for
getting one/two descendants.

Only one/two individuals are replaced in the
population.

The steady state is elitist. High selection pressure
when we replace the worst individuals.

F. Herrera - Introduction to Genetic Algorithms 46



Generational model

Pactual(t) PparENTS PiNTERM.
SELECTION , CROSSOVER N
€1 q C q €™
C, C’2 WITH PROB. P, C’,
C’M C”M
MUTATION
WiTH PROB.
Pm
t  t+1 | Pactua(t+1) PorrspriNG
:1 REPLACEMENT H,=C"™;
2 _ H,=C’m,
With elitism (maintaining the
Hu-1 o
Ghestrera | Ir?[?os dcr:]tcljc;\rqlgouéleﬁre%rpAlggﬂl)hmsl-lMZC"M 47




Steady state model

I:)actu al (t)

t« t+1

SELECTION

F. Herrera -

Pparen | CROSSOVER PINTERM.

TS q c’,

C'y. |WITH PROB. 1

C’ ,2
C’,
MUTATION
WITH PROB.
Pm

REPLACEMENT PorrsprING

— H,=C",

(TWO OFFSPRING H,=C""m,

COMPETE WITH
INDIVIDUALS IN P(t))

Introduction to Genetic Algorithms 48



4. APPLICATIONS

Clasification control

Learning

Structural
optimization

ecee
oooo

Trayectory
generation

Planification

Circuits design VLSI

F. Herrera - Introduction to Genetic Algorithms 49



5. EXAMPLE: TRAVELLING SALESMAN
PROBLEM

Order representation

(35113 6 158 2 17 11 14 4 7 9 10 12 16)

17 cities

Objective: Sum of distance among cities.
Population: 61 chromosomes - Elitism

Crossover: OX (P.= 0,6)

Mutation: List inversion (P,, = 0,01 — chromosome)

F. Herrera - Introduction to Genetic Algorithms 50



TSP

Optimum solution: 226.64

17! = 3.5568743 e14 possible solutions

51
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TSP

Mejo.r solucilén Mejor solucién
one Solucién optimal Solucién optimal

[teration: 0 Cost: 403.7 [teration: 25 Cost: 303.86

F. HerrengEt}ml% uggéﬁt%g 1&:e%%?i'gilgorithms 52



TSP

—————  Mcjor solucién

Mejor solucion
Solucién optimal

Iteration: 50 Cost: 293,6 Iteration: 100 Cost: 256,55

______ : Solucién optimal

F. Herrera C?chrodu ction Ot1 Eenetlczglgélrithms
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TSP

Mejor solucién
________ Solucién optimal

Mejor solucién
________ Solucién optimal

Iteration: 200 Costo: 231,4 Iteration: 250

F. Herrera - Introduction to GeQ&ﬁrmémimﬁon: 226,64 54



TSP
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Visualization of the evolution with a population of

size 50 and 70 iterations

F. Herrera - Introduction to Genetic Algorithms

55



TSP

S RN RIS
A

(10)

Visualization of the evolution with a population of
size 50 and 70 iterations
F. Herrera - Introduction to Genetic Algorithms
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TSP

PRNEEIZ R 1B FIN
(P30S rod s (18 LS i3
23023 0z 3 s = I 35

24 1%
R
4

IN302% 23 03 LS B3 U
(18025 g A L8 02
In3t240.% 69 L3 (40,4

(30)

5
I
s

Visualization of the evolution with a population of
size 50 and 70 iterations
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TSP
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Visualization of the evolution with a population of
size 50 and 70 iterations

F. Herrera - Introduction to Genetic Algorithms
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TSP

=== L= D DI DL
o002 029025,25025125125
25020252525:252525
=10 30 2525,:20,25 025105
2926529025105125.25:25
DoD025.2525086:25105

(70)

Visualization of the evolution with a population of
size 50 and 70 iterations
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TSP

Lo -w

' A A n A A
4

pu

Visualization of the evolution with a population of

size 50 and 70 iterations
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6. SOFTWARE AND IMPLEMENTATIONS

EO Evolutionary Computation Framework

EO is a template-based, ANSI-C++ compliant evolutionary computation
library. It contains classes for almost any kind of evolutionary computation
you might come up to at least for the ones we could think of. It is
component-based, so that if you don't find the class you need in it, it is
very easy to subclass existing abstract or concrete classes.

http://eodev.sourceforge.net/

Maintained by J.J. Merelo, Grupo Geneura, Univ. Granada
<jjmerelo@gmail.com>

F. Herrera - Introduction to Genetic Algorithms 61



6. SOFTWARE AND IMPLEMENTATIONS

JCLEC JAVA Library JEEC

JCLEC is a software system for Evolutionary Computation (EC) research,
developed in the Java programming language. It provides a high-level
software environment to do any kind of Evolutionary Algorithm (EA), with
support for genetic algorithms (binary, integer and real encoding), genetic

programming (Koza style, strongly typed, and grammar based) and
evolutionary programming.

http://iclec.sourceforge.net/

Maintained: Sebastian Ventura, Universad de Cordoba (sventura@uco.es)

S. Ventura, C. Romero, A. Zafra, J.A. Delgado, C. Hervas-Martinez. JCLEC: A Java Framework
for Evolutionary Computing. Soft Computing 12:4 (2008) 381-392
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6. SOFTWARE AND IMPLEMENTATIONS

Real Coding EAs implementations

The parameter optimization problems (continuous optimization) receive a
special attention. There are specific Eas devoted to this kind of problems,
such us: evolutionary strategies, differential evolution, ....

The following website is devoted to this problem, EA@;& ml |
containing software for managing them: fg{;;fni&cgpﬂmimﬂan
http://sci2s.ugr.es/EAMHCO/ e

F. Herrera - Introdu



CONCLUDING REMARKS

Genetic Algorithms
O Based in a biological metaphor: evolution

0 high applicability

O very popular

64



CONCLUDING REMARKS

EVOLUTIONARY COMPUTATION

EVOLUTIONARY
CLASSIC PARADIGMS

/\

GENETIC EVOLUTION
ALGORITHMS STRATEGIES
GENETIC EVOLUTIONARY

PROGRAMMING PROGRAMMING

OTHER EVOLUTIONARY
MODELS

\

ESTIMATION DISTRIBUTIION
ALGORITHMS: PBIL, EDA, ...

PARTICLE SWARM: SOCIAL
ADAPTATION

SCATTER SEARCH

CULTURAL EVOLUTIOARY
ALGORITHMS

DIFFERENTIAL EVOLUTION
MEMETIC ALGORITHMS
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