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Darwin’s Theory of Evolution
 An offspring has many of the characteristics of its 

parents. This premise implies that the population is 
stable.

 There are variations in characteristics between 
individuals that can be passed from one generation 
to the next.

 Only a small percentage of the offspring produced 
survive to adulthood.

 The offspring survive depends on their inherited 
characteristics.
A group of interbreeding individuals is called a 
population.
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Hardy-Weinberg Law (1)
 This principle states that the frequency of 

occurrence of the alleles will stay the same within 
an inbreeding population if there are no 
perturbations.

 Thus, although the individuals show great variety, 
the statistics of the population remain the same.

 However, we know that few populations are static 
for very long. 

 When the population is no longer static, the 
proportion of allele frequencies is no longer 
constant between generations and evolution 
occurs.
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Hardy-Weinberg Law (2)
 This dynamic process requires an external forcing. 

The forcing may be grouped into four specific 
types.

1. Mutations may occur; that is, a random change occurs in the 
characteristics of a gene. This change may be passed along to the 
offspring. Mutations may be spontaneous or due to external factors 
such as exposure to environmental factors.

2. Gene flow may result from introduction of new organisms into the 
breeding population.

3. Genetic drift may occur solely due to chance. In small populations 
certain alleles may sometimes be eliminated in the random 
combinations.

4. Natural selection operates to choose the most fitted individuals for 
further reproduction. In this process certain alleles may produce an 
individual that is more prepared to deal with its environment.
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Introduction – Genetic Algorithms
 Genetic algorithms (GAs) are numerical optimization 

algorithms inspired by both natural selection and natural 
genetics.

 The algorithms are simple to understand and the required 
computer code is easy to write.

 Can be used to solve a variety of problems that are not easy 
to solve using other techniques.

 Pioneered by John Holland in the 1970’s
 Adaptation in Natural and Artificial Systems

 Popularized by David Goldberg (one of students of John 
Holland).
 Able to solve a difficult problem involving the control of 

gas-pipeline transmission for his dissertation
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What is a GA?
 A typical GA might consist of the following:
 A number, or population, of guesses of the solution to the 

problem.
 A way of calculating how well or bad the individual 

solutions within the population are.
 A method of mixing fragments of the better solutions to 

form new, on average even better solutions.
 A mutation operator to avoid permanent loss of diversity 

within the solutions.

7

Why GA rather than a traditional method?

 GAs have proved themselves capable of solving many large 
complex problems where other methods have experienced 
difficulties.

 E.g. Large-scale combinatorial optimization problems (such 
as gas pipe layouts), Real-valued parameter estimations 
(such as image registrations) within complex search spaces 
riddled with many local minima.

 Ability to tackle search spaces with many local optima.
 One of the main reasons, scientists and engineers increasing 

use of Genetic Algorithms.
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Some of the advantages of a GA
 Optimizes with continuous or discrete variables
 Doesn’t require derivative information
 Simultaneously searches from a wide sampling of the cost 

surface
 Deals with a large number of variables
 Is well suited for parallel computers
 Optimizes variables with extremely complex cost surfaces 

(they can jump out of a local minimum)
 Provides a list of optimum variables, not just a single solution
 May encode the variables so that the optimization is done 

with the encoded variables
 Works with numerically generated data, experimental data, 

or analytical functions.
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Remark (1)
 However, the GA is not the best way to solve every problem. 
 For instance, the traditional methods have been tuned to 

quickly find the solution of a well-behaved convex analytical 
function of only a few variables. 

 For such cases the calculus-based methods outperform the 
GA, quickly finding the minimum while the GA is still 
analyzing the costs of the initial population.

 For these problems the optimizer should use the 
experience of the past and employ these quick 
methods.
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Remark (2)
 However, many realistic problems do not fall into this 

category. 
 In addition, for problems that are not overly difficult, other 

methods may find the solution faster than the GA. 
 The large population of solutions that gives the GA its power 

is also its bane when it comes to speed on a serial 
computer—the cost function of each of those solutions must 
be evaluated. However, if a parallel computer is available, 
each processor can evaluate a separate function at the 
same time. Thus the GA is optimally suited for such parallel 
computations.
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Some Applications of Genetic Algorithms (1)

 Image processing
 Prediction of three dimensional protein structures
 VLSI (Very Large Scale Integration) electronic chip layouts
 Laser technology
 Medicine
 Spacecraft trajectories
 Analysis of time series
 Solid-state physics
 Aeronautics
 Robotics
 Water networks
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Some Applications of Genetic Algorithms (2)

 Evolving cellular automation rules
 The architectural aspects of building design
 The automatic evolution of computer software
 Aesthetics
 Jobshop scheduling
 Facial recognition
 Training and designing artificial intelligence systems such as 

artificial neural networks
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Search Spaces (1)
 In an optimization problem, a list of infinite possible solutions 

is being searched in order to locate the best one that 
describes the problem at hand.

 E.g. Find the best values for a set of adjustable parameters 
in a mathematical model, maximize the lift generated by an 
aeroplane’s wing.

 If the model consists of two parameters (say a and b), one 
could try large number of combinations, and calculate the lift 
for each pair of a and b.

 Then it can be produced a surface plot for a, b and the lift.
 Such a plot is a representation of the problem’s search 

space.
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Search Spaces (2)

A simple search space or 
“fitness landscape”. The lift 
generated by the wing is a 
function of the adjustable 
parameters a and b. Those 
combinations which 
generate more lift are 
assigned a higher fitness. 
Typically, the desire is to 
find the combination of the 
adjustable parameters that 
gives the highest fitness.
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Search Spaces (3)
 For more than two unknowns, the situation becomes harder 

to visualize.
 But concept of a search space is still valid as long as some 

measure of distance between solutions can be defined and 
each solution can be assigned a measure of success, or 
fitness within the problem.

 Then better performing or fitter solutions will then occupy the 
peaks within the search space (or fitness landscape) and 
poorer solutions the valleys.

 A problem may consist of numerous peaks of varying 
heights.

 The highest peak referred to as global optimum and others 
are called local optima.
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Search Spaces (4)
 For most search problems, the goal is the accurate 

identification of the global optimum or near a global optimum 
solution.

 For some situations (e.g. real-time control) the identification 
of any point above a certain value of fitness might be 
acceptable.

 For other problems (e.g. architectural design) the 
identification of large number of highly fit, yet distant and 
therefore distinct, solutions (designs) might be required.
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Enumerative Search (1)

Some simple experimental data possibly related by y = mx + c
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Enumerative Search (2)
 Clearly there is some evidence that x and y might be related 

through y = mx + c.
 What values should be given to m and c?
 If there is a reason to believe that y = 0 when x =0 then c = 0 

and m is the only adjustable parameter.
 One way of finding of m is simply to use a ruler to find the 

best line through the points by eye.
 But this is not accurate.
 Least-square estimation
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Enumerative Search (3)
 How do we find the lowest value of Ω?
 Simply calculate Ω over a fine grid of values of m.
 Then simply choose the m which generates the lowest value 

of Ω.
 This is called enumerative search.
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Enumerative Search (4)
 Useful only when number of unknown parameters is 

relatively few and one can estimate Ω quickly.
 A problem with 10 unknowns, each of which requires to an 

accuracy of 1%, will require 10010 or 1020 estimations.
 If a computer can make 1000 estimations per second, then 

the answer will emerge in 3109 years.


