L_ecture 4:

Real-Coded Genetic
Algorithms




=
Drawbacks of Binary Coded GAS

m Hamming cliffs

Moving to a neighboring solution requires changing
many bits which introduces encumbrance to the
gradual search in the continuous search space

Example 01111 10000



=
Drawback of Binary Coded GAs

m Difficulty in achieving arbitrary precision
Fixed string length limits the precision of the
solution
Appropriate length of the string is not known a
priori

m Uneven schema importance

For example, the schema 1*** Is more significant
than the schema ***1



Real Coded GAS

m Algorithm is simple and straightforward

m Selection operator Is based on the fitness

values and any selection o

nerator for the

binary-coded GASs can be used

m Crossover and mutation operators for the real-
coded GAs need to be redefined



Crossover Operators
for Real Coded GAs

m Single point crossover

m Linear crossover

m Blend crossover

m Simulated binary crossover



mSingle-Point Crossover

Similar to the crossover operator used in the

binary-coded GAs
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According to the number of crossover points,

there are also two-point, three-point and n-

point crossover




Single-Point Crossover

Problematic in the real-coded GAESs.
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" A
ml_Inear Crossover

Given the two parents x, and x,, create three
solutions 0.5x,+0.5x,, 1.5x,-0.5X,, and -
0.5x;+1.5%,

Choose two best solutions among the five
solutions and they become the children
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mBlend Crossover

Given the two parents x, and X, where x,
< X,, the blend crossover randomly selects a

child in the range [ X,-a(X,-X,), X,+a(X,-X,)]

X = Xy - %) Xo + X5~ Xy)
p,C P
o—e—0°
X1 X

It Is often suggested that a good choice of «
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Simulated Binary Crossover (SBC)
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Simulates the single-point crossover
operator of the binary-coded GAS
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Properties of Binary Crossover

m Gene values of children have same distance
from the average gene value of parents

m Each point of the chromosome has the same
probability to be selected as a crossover point

m T he crossover in the lower bit results in small
change in the gene value

m Children are more likely to be near the parents
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.
Goal of SBC

m Simulated binary crossover uses probability
density function that simulates the single-point
crossover In binary-coded GAs

12



SBC Algorithm

m Select two parents x; and X,

m Generate a

random number u € [0,1)

m Calculate S

L=

- (2u)F1,  ifu<05

1

1 . otherwise
( 2(1— u)j

where 7, Is the distribution index
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SBC Algorithm (Cont.)

m Compute offspring as

new O 5
new O 5
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SBC Distribution Index

m | arge 7, tends to generate children closer to the parents
m Small . allows the children to be far from the parents
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SBC With Similar Parents




'_
SBC With Different Parents
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Mutation Operators for Real-
Coded GAs

m Random mutation
m Non-uniform Mutation
m Normally distributed mutation
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Random Mutation

mRandom mutation generates a solution
randomly within the entire parameter range

= O
o

min max min new max

mGenerated solution has no relationship to the
original solution
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Alternate Random Mutation

m The random mutation generates a solution
randomly within a vicinity of the original
solution

= O

min max

20



S
Non-Uniform Mutation

m Non-uniform mutation Is expressed as

Xnew = X+ z-(Xmax - Xmin )(1_ r(l_t/tmax )b )
m 7 takes -1 or 1, each with a probability of 0.5

m I IS a random number in [0, 1]

nax 1S the maximum number of generations

m t IS the current generation number

m b is the design parameter

mt
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Non Uniform Mutation
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Non-Uniform Mutation

m Mutated solution i1s more likely to be close to
the original solution

m As the generation number increases, mutated
solutions are generated closer to the original
solution

m |llegal mutated gene values are adjusted to
make them feasible, that is, within the allowed
range
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Normally Distributed Mutation

Perturb the gene value using a zero-mean
Gaussian distribution

Xoew = X + N(0, 0)

O
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X

min max
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