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CSC 458 2.0 Genetic Algorithms

Lecturer #03

2

Genetic Algorithms: Natural Selection on a Computer (1)

Analogy between a 
numerical GA and 
biological genetics
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Analogy Between a Numerical GA and Biological 
Genetics (1)
 Both start with an initial population of random members. 
 Each row of binary numbers represents selected 

characteristics of one of the dogs in the population. 
 Traits associated with loud barking are encoded in the binary 

sequence associated with these dogs.

If we are trying to breed the dog with the loudest bark, 
then only a few of the loudest, (in this case, four 
loudest) barking dogs are kept for breeding. There must 
be some way of determining the loudest barkers—the 
dogs may audition while the volume of their bark is 
measured.
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Analogy Between a Numerical GA and Biological 
Genetics (2)
 Dogs with loud barks receive low costs. 
 From this breeding population of loud barkers, two are 

randomly selected to create two new puppies. 
 The puppies have a high probability of being loud barkers 

because both their parents have genes that make them loud 
barkers. 

 The new binary sequences of the puppies contain portions of 
the binary sequences of both parents. 

 These new puppies replace two discarded dogs that didn’t 
bark loud enough. 

 Enough puppies are generated to bring the population back 
to its original size.

 Iterating on this process leads to a dog with a very loud bark.



5

Binary Genetic Algorithms (1)

Flowchart of a binary GA
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Binary Genetic Algorithms (2)
 A cost function generates an output from a set of input 

variables (a chromosome).
 The cost function may be a mathematical function, an 

experiment, or a game.
 The GA begins by defining a chromosome or an array of 

variable values to be optimized. If the chromosome has M 
variables (an M-dimensional optimization problem) given by 
p1, p2, … , pN then the chromosome is written as an N 
element row vector
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Binary Genetic Algorithms (3)
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Binary Genetic Algorithms (4)
 Often the cost function is quite complicated, as in 

maximizing the gas mileage of a car. 
 The user must decide which variables of the problem are 

most important. 
 Too many variables bog down the GA. Important variables 

for optimizing the gas mileage might include size of the car, 
size of the engine, and weight of the materials. 

 Other variables, such as paint colour and type of headlights, 
have little or no impact on the car gas mileage and should 
not be included.
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Simple Example
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Algorithm (1)
1. Form a population of eight random binary strings of length 

twelve (e.g. 101001101010, 110011001100, …).
2. Decode each binary string to an integer x (i.e. 

000000000111 = 7, 000000000000 = 0, 111111111111 = 
4095).

3. Test these numbers as solutions to the problem f(x) = x2 and 
assign a fitness or cost to each individual equal to the value 
of f(x) (e.g. the solution x = 7 has a fitness of 72 = 49).

4. Select a pair of chromosomes for mating from the current 
population. Parent chromosomes are selected with a 
probability related to their fitness. Highly fit chromosomes 
have a higher probability of being selected for mating than 
less fit chromosomes.
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Algorithm (2)
5. Choose a random point between two end points of the string, 

cut the strings at this point and exchange the trails, and 
create pair of child strings (crossover).

6. Apply mutation to the children by occasionally (with 
probability one in six) flipping a 0 to 1 or vice versa.

7. Place the created offspring chromosomes in the new 
population.

8. Repeat steps 4-7 until the size of new chromosome 
population becomes equal to the size of the initial 
population, N = 8.

9. Return to step 2, and repeat until fifty generations have 
elapsed.
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Crossover Operator
 To further clarify the crossover operator, imagine two strings, 

000100011100 and 111001101010. Performing crossover 
between the third and fourth characters produces two new 
strings:
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Initial Population
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Roulette Wheel Selection
 Fitness-proportionate Selection
 Each chromosome is given a slice of a circular roulette 

wheel. 
 The area of the slice within the wheel is equal to the 

chromosome fitness ratio. 
 To select a chromosome for mating, the roulette wheel is 

spun, and when the arrow comes to rest on one of the 
segments, the corresponding chromosome is selected.
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Simulating: Roulette Wheel Selection (1)

 A random number is generated in the interval [0, 1]. 
 Then the chromosome whose segment spans the random 

number is selected. 
 It is like spinning a roulette wheel where each spun and 

when the arrow comes to rest on one of the segments, the 
corresponding chromosome is selected.

 In our example, we have an initial population of 8 
chromosomes. 

 Thus, to establish the same size population in the next 
generation, the roulette wheel would be spun 8 times. 

 Once a pair of chromosomes is selected, the crossover 
operator is applied.
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Simulating: Roulette Wheel Selection (2)
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How Does the Crossover Operator Work?

 First, the crossover operator randomly chooses a crossover 
point where two parent chromosomes ‘break’.

 Then exchanges the chromosome parts after that point. 
 As a result two new offspring are created.
 If a pair of chromosomes does not crossover, then 

chromosome cloning takes place, and the offspring are 
created as exact copies of each parent.

 A value of 0.7 for the crossover probability generally 
produces good results.

18

How Does the Crossover Operator Work?
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What Does Mutation Represent?
 Mutation, which is rare in nature, represents a change in the 

gene. 
 It may lead to a significant improvement in fitness, but more 

often has rather harmful results.
 So why use mutation at all? Holland introduced mutation as 

a background operator. 
 Its roll is to provide a guarantee that the search algorithm is 

not trapped on a local optimum.
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How Does the Mutation Operator Work?

 Mutation can occur at any gene in a chromosome with some 
probability. 

 The mutation probability is quite small in nature, and is kept 
quite low for GAs, typically in the range between 0.001 and 
0.01.

 Visit every bit in each new child string, throwing a random 
number between 0 and 1 and if this number is less than 0.01 
(assuming the mutation probability as 0.01), flipping the 
value of the bit.
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How Does the Mutation Operator Work?

 Mutation can occur at any gene in a chromosome with some 
probability. 

 The mutation probability is quite small in nature, and is kept 
quite low for GAs, typically in the range between 0.001 and 
0.01.
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Example – Mutation (1)
 Mutation has been 

included by visiting 
every bit in each new 
child string, throwing a 
random number 
between 0 and 1 and if 
this number is less 
than 0.01, flipping the 
value of the bit.

Mutation
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Example – Mutation (2)
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Second Population

 Genetic algorithms assure the continuous 
improvement of the average fitness of the 
population, and 

 after a number of generations (typically several 
hundreds) the population evolves to a near-optimal 
solution. 


