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Positioning of EC 

 EC is part of computer science 

 EC is not part of life sciences/biology 

 Biology delivered inspiration and terminology 

 EC can be applied in biological research 
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EC as Search 

Search Techniques 

              Backtracking         Hillclimbing        Simulated    A*         EC 

                                                        Annealing 



A.E. Eiben and J.E. Smith, Introduction to Evolutionary Computing Introduction 

EC as Machine Learning 
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EC as Randomized Algorithms 
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Aims of this Chapter 

 We give a brief history of the field of  evolutionary computing, and 

an introduction to some of the biological processes that have 

served as inspiration and that have provided a rich source of ideas 

and metaphors to researchers. We pay a great deal of attention to 

motivations for working with and studying evolutionary computing 

methods.  

 We suggest a division of the sorts of problems that one might wish 

to tackle with sophisticated search methods into three main 

classes, and give an example of where EC was successfully 

applied in each of these.  
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The Main Evolutionary Computing Metaphor  

 Evolutionary computing is a research area within 
computer science. As the name suggests, it is a 
special flavor of computing, which draws inspiration 
from the process of natural evolution.  

 Some computer scientists have chosen natural 
evolution as a source of inspiration is not surprising, for 
the power of evolution in nature is evident in the 
diverse species that make up our world, with each 
tailored to survive well in its own niche.  

 The fundamental metaphor of evolutionary computing 
relates this powerful natural evolution to a particular 
style of problem solving - that of trial-and-error.  
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The Main Evolutionary Computing Metaphor  

 For the time being let us consider natural evolution 
simply as follows: 

 A given environment is filled with a population of 
individuals that strive for survival and reproduction. 
The fitness of these individuals determined by the 
environment - relates to how well they succeed in 
achieving their goals, i.e., it represents their 
chances of survival and multiplying.  

 In the context of a stochastic trial-and-error (also 
known as generate-and-test) style problem solving 
process, we have a collection of candidate 
solutions.  
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The Main Evolutionary Computing Metaphor  

 Their quality (that is, how well they solve the 

problem) determines the chance that they will 

be kept and used as seeds for constructing 

further candidate solutions: 
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EVOLUTION 

 

Environment 

Individual 

Fitness 

 

The Main Evolutionary Computing Metaphor 

PROBLEM SOLVING 

 

Problem 

Candidate Solution 

Quality 

Quality  chance for seeding new solutions 

Fitness  chances for survival and reproduction 

Table 1.1: The basic evolutionary computing metaphor linking natural evolution to problem solving  
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Brief History 1: the ancestors 

• 1948, Turing: 

 proposes “genetical or evolutionary search” 

• 1962, Bremermann 

 optimization through evolution and recombination  

• 1964, Rechenberg  

 introduces evolution strategies  

• 1965, L. Fogel, Owens and Walsh  

 introduce evolutionary programming 

• 1975, Holland  

 introduces genetic algorithms 

• 1992, Koza 

 introduces genetic programming 
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Brief History 2: The rise of EC 

• 1985: first international conference (ICGA) 

 

• 1990: first international conference in Europe (PPSN) 

 

• 1993: first scientific EC journal (MIT Press) 

 

• 1997: launch of European EC Research Network EvoNet 
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EC in the early 21st Century 

• 3 major EC conferences, about 10 small related ones 

• 3 scientific core EC journals 

• 750-1000 papers published in 2003 (estimate) 

• EvoNet has over 150 member institutes 

• uncountable (meaning: many) applications 

• uncountable (meaning: ?) consultancy and R&D firms 
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Darwinian Evolution 1:  
Survival of the fittest 

 All environments have finite resources 

(i.e., can only support a limited number of individuals) 

 Lifeforms have basic instinct/ lifecycles geared towards 

reproduction 

 Therefore some kind of selection is inevitable 

 Those individuals that compete for the resources most 

effectively have increased chance of reproduction 

 Note: fitness in natural evolution is a derived, secondary 

measure, i.e., we (humans) assign a high fitness to 

individuals with many offspring 
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Darwinian Evolution 1:  
Survival of the fittest 

Competition-based selection is one of the two cornerstones of 
evolutionary progress.  

The other primary force identified by Darwin results from phenotypic 
variations among members of the population. Phenotypic traits (see 
also Sect. 1.4.2) are those behavioral and physical features of an 
individual that directly affect its response to the environment 
(including other individuals), thus determining its fitness.  

Each individual represents a unique combination of phenotypic traits 
that is evaluated by the environment. If it evaluates favorably, then it 
is propagated via the individual's offspring, otherwise it is discarded 
by dying without offspring.  

Darwin's insight was that small, random variations  mutations in 
phenotypic traits occur during reproduction from generation to 
generation. Through these variations, new combinations of traits 
occur and get evaluated. The best ones survive and reproduce, and 
so evolution progresses.  
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Darwinian Evolution 1:  
Survival of the fittest 
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Darwinian Evolution 2:   
Diversity drives change 

 Phenotypic traits: 
– Behaviour / physical differences that affect response to 

environment 

– Partly determined by inheritance, partly by factors during 
development 

– Unique to each individual, partly as a result of random 
changes 

 If phenotypic traits: 
– Lead to higher chances of reproduction 

– Can be inherited 

    then they will tend to increase in subsequent 
generations,  

 leading to new combinations of traits …   
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Darwinian Evolution:Summary 

 Population consists of diverse set of individuals 

 Combinations of traits that are better adapted tend to 
increase representation in population 

    Individuals are “units of selection” 

that is to say that their reproductive success depends on how 
well they are adapted to their environment relative to the rest 
of the population. 

 As the more successful individuals reproduce, occasional 
mutations give rise to new individuals to be tested. Thus, as 
time passes, there is a change in the constitution of the 
population Variations occur through random changes 
yielding constant source of diversity, coupled with selection 
means that:  

Population is the “unit of evolution” 

 Note the absence of “guiding force”. 
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Adaptive landscape metaphor (Wright, 1932) 

This process is well captured by the intuitive 

metaphor of an adaptive landscape or adaptive 

surface [431]. On this landscape the height 

dimension belongs to fitness:  

high altitude stands for high fitness. The other 

two (or more, in the general case) dimensions 

correspond to biological traits as shown in Fig. 

1.1. The x-y-plane holds all possible trait 

combinations, the z-values show their fitness. 
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Adaptive landscape metaphor (Wright, 1932) 

• Can  envisage population with n traits as existing in a 
n+1-dimensional space (landscape) with height 
corresponding to fitness 

• Each different individual (phenotype) represents a 
single point on the landscape 

• Population is therefore a “cloud” of points, moving  on 
the landscape over time as it evolves - adaptation 
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Example with two traits 
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Adaptive landscape metaphor (Wright, 1932) 

Hence, each peak represents a range of successful trait combinations, while 

troughs belong to less fit combinations.  

A given population can be plotted as a set of points on this landscape, where 

each dot is one individual realizing a possible trait combination.  

Evolution is then the process of gradual advances of the population to high-

altitude areas, powered by variation and natural selection.  

Our familiarity with the physical landscape on which we exist naturally leads 

us to the concept of multimodal problems. 

These are problems in which there are a number of points that are better than 

all their neighboring solutions. We call each of these points a local optimum 

and denote the highest of these as the global optimum. A problem in which 

there is only one point that is fitter than all of its neighbors is known as 

unimodal.  
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Adaptive landscape metaphor (Wright, 1932) 

The link with an optimization process is as straightforward as misleading, 

because evolution is not a unidirectional uphill process [99].  

Because the population has a finite size, and random choices are made in the 

selection and variation operators, it is common to observe the phenomenon of 

genetic drift, whereby highly fit individuals may be lost from the population, 

or the population may suffer from a loss of variety concerning some traits. 

One of the effects of this is that populations can "melt down" the hill, and 

enter low-fitness valleys.  

The combined global effects of drift and selection enable populations to move 

uphill as well as downhill, and of course there is no guarantee that the 

population will climb back up the same hill.  

Escaping from locally optimal regions is hereby possible, and according to 

Wright's "shifting balance" theory the maximum of a fixed landscape can be 

reached.  
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Adaptive landscape metaphor (Wright, 1932) 

•Selection “pushes” population up the landscape 

 

•Genetic drift:  

• random variations in feature distribution  

     (+ or -) arising from sampling error 

• can cause the population “melt down” hills, thus 
crossing valleys and leaving local optima 
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Natural Genetics 

The microscopic view of natural evolution is offered by the discipline 
of molecular genetics. It sheds light on the processes below the level 
of visible pheno-typic features, in particular relating to heredity.  

The fundamental observation from genetics is that each individual is 
a dual entity: its phenotypic properties (outside) are represented at a 
low genotypic level (inside).  

In other words, an individual's genotype encodes its phenotype. 
Genes are the functional units of inheritance encoding phenotypic 
characteristics.  

In natural systems this encoding is not one-to-one: one gene might 
affect more phenotypic traits (pleitropy) and in turn, one phenotypic 
trait can be determined by more than one gene (polygeny). 
Phenotypic variations are always caused by genotypic variations, 
which in turn are the consequences of mutations of genes or 
recombination of genes by sexual reproduction.  
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Natural Genetics 

 The information required to build a living organism is 

coded in the DNA of that organism 

 Genotype (DNA inside) determines phenotype 

 Genes     phenotypic traits is a complex mapping 

– One gene may affect many traits (pleiotropy) 

– Many genes may affect one trait (polygeny) 

 Small changes in the genotype lead to small changes 

in the organism (e.g., height, hair colour) 
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Natural Genetics 

Another way to think of this is that the genotype contains all the information 
necessary to build the particular phenotype.  

The term genome stands for the complete genetic information of a living being 
containing its total building plan. This genetic material, that is, all genes of an 
organism, is arranged in several chromosomes: there are 46 in humans.  

Higher life forms (many plants and animals) contain a double complement of 
chromosomes in most of their cells, and such cells and the host organisms are 
called diploid.  

Thus the chromosomes in human diploid cells are arranged into 23 pairs. 
Gametes (i.e., sperm and egg cells) contain only one single complement of 
chromosomes and are called haploid. The combination of paternal and maternal 
features in the offspring of diploid organisms is a consequence of fertilisation by a 
fusion of such gametes: the haploid sperm cell merges with the haploid egg cell 
and forms a diploid cell, the zygote. In the zygote, each chromosome pair is 
formed by a paternal and a maternal half.  

The new organism develops from this zygote by the process named ontogenesis, 
which does not change the genetic information of the cells. Consequently, all 
body cells of a diploid organism contain the same genetic information as the 
zygote it originates from.  
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Genes and the Genome 

 Genes are encoded in strands 

of DNA called chromosomes 

 In most cells, there are two 

copies of each chromosome 

(diploidy) 

 The complete genetic material 

in an individual’s genotype is 

called the Genome 

 Within a species, most of the 

genetic material is the same 



A.E. Eiben and J.E. Smith, Introduction to Evolutionary Computing Introduction 

Genes and the Genome 
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Genes and the Genome 
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DNA and Genes 

 DNA is a large molecule made up of 
fragments. There are several fragment types, 
each one acting like a letter in a long coded 
message: 

-A-B-A-D-C-B-B-C-C-A-D-B-C-C-A- 

 Certain groups of letters are meaningful 
together 

 These groups are called genes 

 The DNA is made up of genes 
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Example: Homo Sapiens (scientific name for human) 

 Human DNA is organised into chromosomes 

 Human body cells contains 23 pairs (diploid state) of 

chromosomes which together define the physical 

attributes of the individual: 
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Reproductive Cells 

 Reproductive cells are formed by one cell splitting into two  

 Sperm and egg cells contain 23 individual chromosomes  

 Gametes (sperm and egg cells) contain 23 individual 

chromosomes rather than 23 pairs 

 Cells with only one copy of each chromosome are called Haploid 

 Gametes are formed by a  special form of cell splitting called 

meiosis 

 During meiosis the pairs of chromosome undergo an operation 

called crossing-over  
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Fertilisation 

Egg cell from Mother 

New person cell 

Sperm cell from Father 
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Reproductive Cells 

In evolutionary computing, the combination of features 
from two  individuals in offspring is often called crossover. 
It is important to note that this is not analogous to the 
working of diploid organisms, where crossing-over is not 
a process during mating and fertilization, but rather 
happens during the formation of gametes, a process 
called meiosis. 

Meiosis is a special type of cell division that ensures that 
gametes contain only one copy of each chromosome. As 
said above, a diploid body cell contains chromosome 
pairs, where one half of the pair is identical to the paternal 
chromosome from the sperm cell, and the other half is 
identical to the maternal chromosome from the egg cell.  



A.E. Eiben and J.E. Smith, Introduction to Evolutionary Computing Introduction 

Crossover 

 During crossover the chromosome link up 

and swap parts of themselves: 

     Before     After 
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Reproductive Cells 

During meiosis a chromosome pair first aligns physically, that is. the 
copies of the paternal and maternal chromosomes, which form the 
pair, move together and stick to each other at a special position (the 
centromere, not indicated, see Fig. 1.2, left).  

In the second step the chromosomes double so that four strands 
(called chromatids) are aligned (Fig. 1.2, middle). The actual 
crossing-over takes place between the two inner strands that break 
at. a random point and exchange parts (Fig. 1.2. right). The result is 
four different copies of the chromosome in question, of which two are 
identical to the original parental chromosomes, and two are new 
recombinations of paternal and maternal material.  

This provides enough genetic material to form four haploid gametes, 
which is done via a random arrangement of one copy of each 
chromosome. Thus in the newly created gametes the genome is 
composed of chromosomes that are either identical to one of the 
parent chromosomes, or recombinants. It is clear that the resulting 
four haploid gametes are usually different from both original parent 
genomes, facilitating genotypic variation in offspring.  
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Crossing-over during meiosis 

 Chromosome pairs align and duplicate 

 Inner pairs link at a centromere  and swap parts of 

themselves 

 Outcome is one copy of maternal/paternal 
chromosome plus two entirely new combinations 

 After crossing-over one of each pair goes into each 
gamete 
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After fertilisation 

 New zygote rapidly divides etc creating many cells all 

with the same genetic contents 

 Although all cells contain the same genes, depending 

on, for example where they are in the organism, they 

will behave differently 

 This process of differential behaviour during 

development is called ontogenesis 

 All of this uses, and is controlled by, the same 

mechanism for decoding the genes in DNA 
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Genetic code  

• All proteins in life on earth are composed of sequences 

built from 20 different amino acids 

• DNA is built from four nucleotides in a double helix 

spiral: purines A,G; pyrimidines T,C 

• Triplets of these form codons, each of which codes for 

a specific amino acid. The genetic code (the translation 

table from the 4^3 = 64 possible codons to the 20 

amino acids from which proteins are created) is 

universal that is, it is the same for all life on Earth.  

• For all natural life on earth, the genetic code is the 

same ! 
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Genetic code  

Genes are larger structures on the DNA, containing many 

codons. carrying the code of proteins.  

The path from DNA to protein consists of two main 

components.  

In the first step, called transcription, information from the 

DNA is written to RNA,  

the second step from RNA to protein is called translation 

(Fig. 1.3). 
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A central claim in molecular genetics: only one way flow 

Genotype          Phenotype  

  

Genotype                         Phenotype  

 

Lamarckism (saying that acquired features can be 

inherited) is thus wrong! 

Transcription, translation 

DNA Codes for Proteins 
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Transcription, translation 

 It is one of the principal dogmas of molecular genetics that 
this information flow is only one-way. Speaking in terms of 
genotypes and phenotypes, this means that phenotypic 
features cannot influence genotypic information.  

 This refuges earlier theories (for instance, that of Lamarck), 
which asserted that features acquired during an individual's 
lifetime could be passed on to its offspring via inheritance.  

 A consequence of this view is that changes in the genetic 
material of a population can only arise from random 
variations and natural selection and definitely not from 
individual learning.  

 It is important to understand that all variations (mutation and 
recombination) happen at the genotypic level, while 
selection is based on actual performance in a given 
environment, that is, at the phenotypic level. 
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Mutation 

 Occasionally some of the genetic material changes 

very slightly during this process (replication error) 

 This means that the child might have genetic material 

information not inherited from either parent 

 This can be 

– catastrophic: offspring in not viable (most likely) 

– neutral: new feature not influences fitness  

– advantageous: strong new feature occurs 

 Redundancy in the genetic code forms a good way of 

error checking 



A.E. Eiben and J.E. Smith, Introduction to Evolutionary Computing Introduction 

Theory of Evolution (1) 

 From time to time, reproduction, crossover and 
mutation produce new genetic material or new 
combinations of genes 

 “Good” sets of genes get reproduced more 

 “Bad” sets of genes get reproduce less 

 Evolutionists claim that all the species of plants 
and animals have been produced by this slow 
changing of genetic material - with organisms 
becoming better and better at surviving in their 
niche, and new organisms evolving to fill any 
vacant niche 
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Theory of Evolution (2) 

 

 Evolutionists claim that all the species of plants 
and animals have been produced by this slow 
changing of genetic material - with organisms 
becoming better and better at surviving in their 
niche, and new organisms evolving to fill any 
vacant niche 

 Evolution requires reproduction, selection and 
mutation 

 Some say evolution also requires crossover 

 



A.E. Eiben and J.E. Smith, Introduction to Evolutionary Computing Introduction 

Evolution as Search 

 We can think of evolution as a search through 
the enormous genetic parameter space for the 
genetic make-up that best allows an organism 
to reproduce in its changing environment 

 Since it seems pretty good at doing this job, we 
can borrow ideas from nature to help us solve 
problems that have an equally large search 
spaces or similarly changing environment 
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Motivations for EC: 1 

 Nature has always served as a source of inspiration 

for engineers and scientists 

 The best problem solver known in nature is: 

– the (human) brain that created “the wheel, New 

York, wars and so on” (after Douglas Adams’ Hitch-

Hikers Guide) 

– the evolution mechanism that created the human 

brain (after Darwin’s Origin of Species) 

 Answer 1  neurocomputing 

 Answer 2  evolutionary computing 
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Motivations for EC: 2 

• Developing, analyzing, applying problem solving 
methods a.k.a. algorithms is a central theme in 
mathematics and computer science 
 

• Time for thorough problem analysis decreases 
 

• Complexity of problems to be solved increases 
 

• Consequence:  
 Robust problem solving technology needed 
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Problem  type 1 : Optimisation  

 We have a model of our system and seek inputs that 

give us a specified goal 

 e.g.  

– time tables for university, call center, or hospital 

– design specifications, etc etc 
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Optimisation example 1: University timetabling 

Enormously big search space 

 

Timetables must be good  

 

“Good” is defined by a number 

of competing criteria 

 

Timetables must be feasible 

 

Vast majority of search space 

is infeasible 
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Optimisation example 2: Satellite structure 

Optimised satellite designs for 

NASA to maximize vibration 

isolation 

 

Evolving: design structures 

 

Fitness: vibration resistance 

 

Evolutionary “creativity”  
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Problem types 2: Modelling 

 We have corresponding sets of inputs & outputs and 

seek model that delivers correct output for every known 

input 

•  Evolutionary machine learning 
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Modelling example: loan applicant creditibility 

British bank evolved 

creditability model to predict 

loan paying behavior of new 

applicants  

 

Evolving: prediction models 

 

Fitness: model accuracy on  

historical data 
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Problem type 3: Simulation 

 We have a given model and wish to know the outputs 

that arise under different input conditions 

 Often used to answer “what-if” questions in evolving 

dynamic environments  

 e.g.  Evolutionary economics, Artificial Life 
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Simulation example: evolving 
artificial societies 

Simulating trade, economic 
competition, etc. to calibrate 
models 

 

Use models to optimise 
strategies and policies 

 

Evolutionary economy 

 

Survival of the fittest is universal 
(big/small fish) 
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Incest prevention keeps evolution from rapid degeneration  

(we knew this) 

 

Multi-parent reproduction, makes evolution more efficient  

(this does not exist on Earth in carbon) 

 

2nd sample of Life 

Simulation example 2: biological 
interpetations 
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Demonstration: magic square 

 Given a 10x10 grid with a small 3x3 square in it 

 Problem: arrange the numbers 1-100 on the grid such 

that  

– all horizontal, vertical, diagonal sums are equal 

(505) 

– a small 3x3 square forms a solution for 1-9  
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Demonstration: magic square 

Evolutionary approach to solving this puzzle: 

 Creating random begin arrangement 

 Making N mutants of given arrangement 

 Keeping the mutant (child) with the least error 

 Stopping when error is zero 
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Demonstration: magic square 

• Software by M. Herdy, TU Berlin 

• Interesting parameters: 

• Step1: small mutation, slow & hits the optimum 

• Step10: large mutation, fast & misses (“jumps over” optimum) 

• Mstep: mutation step size modified on-line, fast & hits optimum 

• Start: double-click on icon below  

• Exit: click on TUBerlin logo (top-right) 

 


