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Module - 03
Lecture — 05
Real-Coded Genetic Algorithm

Welcome to module 3 in this module we will discuss Real Coded Genetic Algorithm. In this
particular session we will be covering the introduction about real coded GA then we will

understand RGA with the example of Rosenbrock function.
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So, similar to binary coded GA we will generate the initial population, then we will evaluate
it, after that we will be performing selection operator followed by crossover and mutation
operators. Once the off spring is off spring population is generated we will combine them in

the survival stage.

We will perform all the hand calculation for one generation and the same example we will see
as a graphical illustration. So, and finally, we will close this session. So, let us start with the

introduction. Now we have already gone through the binary coded GA.

So, in the last session as a recap, we have started with the generalized framework and binary

coded GA was fitted into the generalized framework. We understand the binary coded GA



with the operators that are involved for optimizing the function. Here when we solve a

problem using binary coded GA there are certain issues.

(Refer Slide Time: 02:19)
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Issues with Binary-Coded Genetic Algorithm i

Binary GA in Continuous Search Space n
Yy,

o Binary GA makes the search space discrete.

@ Hamming cliffs; The decoded values of string (10000 ) and string (01111 .
However, each bit of these string is different. ==

NV
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And when we are solving a continuous search space using binary coded GA what we can see
here that a binary coded GA makes the search space discrete. When we say it is discrete
meaning that, we are finding the real values with the help of binary string. Now when we are
decoding a binary string we know that we get some integer value say for example, 14, 15, 16,

17.

So, when those integer values or the decoded value of binary string are used with scaling
function then we find the value of a variable and the next variable. So, there is in between
these two in the in between these two values we cannot get any value meaning that, the

binary string is actually making our continuous search space into the discrete search space.

Another problem as we can see here that for example, we have a binary string given. So, 2
binary strings are given here in this case if we decode this binary string we can get a value of
16. The another binary string if we decode the value is 15. Now if [ am going to compare

these 2 values these 2 values our neighbours in a real; in a real sense or a in a real number.

However, if you use a these decoded value in our scaling function then 15 and 16 will give us

the neighbouring value of x 1, but if I compare the binary strings here you can see that we



have to change each and every bit to get this string. Say suppose currently the decoded value

of a 15 we are using in a binary GA and assume that the optimize lying at the 16.

So, currently it means that this is the binary string we are using. Since we are using it and the
optimize lying on 16 then this string has to convert into the 10000 meaning that we have to

mutate or change each and every bit.

(Refer Slide Time: 04:55)
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Issues with Binary-Coded Genetic Algorithm C

Binary GA in Continuous Search Space
@ Binary GA makes the search space discrete.
o Hamming cliffs: The decoded values of string (10000) and string (01111) are 16 and 15.
However, each bit of these string is different. 48

o Arbitrary precision ((mgu) - azu'))/(?I — 1)) impossible due to fixed-length coding o)

i
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This particular problem is referred as a hamming cliff problem, another issue with the binary
GA is the arbitrary precision. Now this particular formula we know that we used it for the
further precision in the variable say x i. Now if suppose we are we want the precision in

terms of say 10 to the power minus 8.

So, in that case you can see the binary string will be very large and if we are solving a
multivariable problem then the binary string over all chromosome length including the binary
string for all real numbers will be huge. So, practically it is impossible to have this fixed

length coding with the arbitrary precision. So, what is the remedy here?

(Refer Slide Time: 05:47)
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Binary GA in Continuous Search Space
9 Binary GA makes the search space discrete.

o Hamming cliffs: The decoded values of string (10000) and string (01111) are 16 and 15.
However, each bit of these string is different.

o Arbitrary precision ((m(u) - mgi‘))/ (2I — 1)) impossible due to fixed-length coding

i

Remedy

@ We should code decision variables as real numbers directly.

o However, crossover and mutation operators need structural changes.

o Important to note thatelection operatobremains the same because it requires fitness,

value.
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We can actually code this decision variable as a real numbers. So, when so we do not want
any binary string here. So, we can remove it and we should use the real numbers as 2.53 or
1.67. Now once we are doing once we are coding the variable as a real number, we have to
concentrate on crossover and mutation. Why? Because since we do not have any binary string

now so, we have to come up with new operators that will work with the real numbers.

But, at the same time we have to see that we do not have to think about the selection operator
it is because the selection operator requires only the fitness value. So, we do not have to
worry about it. So, all the operators we have learned during binary coded GA same selection

operators can be used with real coded GA.

(Refer Slide Time: 06:57)
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Algorithm 1 Generalized Framework Van
1: Solution representation \J Ypreal numb‘er/
2. Input: t =1 (Generation counter), Maximum allowed generation = T
< Thitialize random population (P(t)); YoParent populati
Mvaluate (P(t)), YoEvaluate objective, fﬂst__raints and
5: while i < T do
6: )U(i) = Selecﬂon(P(t));/ “ O \Survival of the fittest
T Q(f) = Variation(M(t));/ @{% %Cmssnvel and mutation
8: Evaluate Q(f)/ _,___}%Oﬂspring population
9: P(f +1):= SUI’ViVOI’(P(f.), Q(f)) (H 1—))- AW% Y%Survival of the fittest
10: ti=t+1;
11: end while
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Now, we will come to the generalized framework and let see where we have to change our
algorithm or the code. Now the first step is the solution representation since it is RGA or real
coded GA we have to represent all of them as a real number, then we have a certain input at

step number 2.

Now in step number 3 we generalize the initial population, initial population meaning that we
have to tell the x 1, x 2 and x 3 values should be the real numbers. So, within the range of
those variables we can generate and similarly we can have a population initial random

population thereafter we evaluate.

Now, the evaluation will not change with RGA it is because we already have x1, x2, x3 value
directly and we have to just fit into our objective function. So, therefore, our we the objective
function or the constraint that will not change, similarly the fitness assignment can be kept
same. Now we are in the loop of the number of generation here, now in step 6 we have to

perform the selection operator.

So, whether we perform binary tournament selection or fitness proportionate selection all
selection operators need only the fitness value. So, fitness value is already calculated in the
previous step. So, therefore, we can use the operator as it is. So, we do not have to change the
selection operator for real coded GA. Thereafter any step number 7 we have variation. As we
have understood that now we are working with the real numbers. So, therefore, we have to

come up with new kind of operators.



So, therefore, I made crossover and mutation in red colour because these operators need to be
changed thereafter we evaluate the population. So, this is similar to evaluating the objective
function, constraint and assigning the fitness in this case the offspring solution. So, the we
call this as a offspring solution or a offspring population and thereafter we have a survival

stage at step number 9.

Now, in this again if you if we take mu plus lambda strategy that also depends on the fitness
value only; so, in this case the mu plus lambda strategy or mu lambda strategy that we have
understood with binary coded GA that will also remain the same. So, what we have identified
through this framework? So, the places where we have we need to change is we have to
represent our solution as a real number and 2nd we have to work on our crossover and

mutation operators.

(Refer Slide Time: 10:25)
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Real-Parameter Optimization Using EC Techniques §

Real-Coded EC Techniques

0 Real-coded genetic algorithm (RGA)
Similar to binary-coded genetic algorithm

o Evolutionary strategies (ES)
One of the oldest EC techniques

o Differential evolution (DE)

o Particle swarm optimization (PSQ)
Motivated from flocking of birds

o Artificial bee colony (ABC), etc.

Motivated from foraging behavior of swarm of bees
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There are various real coded EC techniques. First one is the RGA we say it is called Real
Coded Genetic Algorithm you will realize that this algorithm is similar to binary coded GA,
only we have to change the crossover and mutation operator and solutions are directly

represented in real numbers.

We can have evolutionary strategies as I have mentioned here this is one of the oldest EC
techniques available. So, in early 60s genetic algorithm and EC techniques were evolved at

different places. Than we have differential evolution; differential evolution works on the



vectors for example, mutant vectors etcetera and we also have particle swarm optimization,

both these algorithms are very effective in solving a real parameter optimization problem.

As we know this particle swarm optimization it is motivated from the flocking of the birds.
Similarly, we can have other algorithm like artificial bee colony we say its call ABC, it is
motivated from foraging behaviour of swarm of the bees, in the literature we have various

other EC techniques that can be used for real parameter optimization.

We will be focusing on few important algorithms or EC techniques. Now with this
introduction let us move to real coded genetic algorithm. This algorithm we will be
understanding with the help of an example. So, we have taken the same example of

Rosenbrock function.

(Refer Slide Time: 12:29)
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i Working Principles Through An Example i

Rosenbrock Function /
Minimize ~f(w1,22) = 100(zg — 23)? + (1 - 21)%,

bounds —5 <z <Hand —5 <2y <H.
/_

—

: 8/3

2
o _ 2 2
Minimize f(xl, xz) = 100(x2 - xl) + (1 - xl)

bounds — 5< x1S5 and — 5< xZSS

So, for 2 variable function you can see the objective is pay objective function which we want

to minimize and the variable bounds on x 1 and x 2 are also written. On the left hand side we



have plot the logarithmic of function as a third axis and we have x 1 and x 2 plane. Looking
at this cut looking at this surface we can see that this particular function has many local
optimas. However, the global optimize lying at 1 and a 1 and the function value at the optimal

point is 0.

(Refer Slide Time: 13:11)
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We will follow this RGA with the help of this flow chart. So, this flow chart we discussed
earlier, in this flow chart you can see that it is similar to the generalized framework. So, we
start with the random initial population where we are generating a population with the real

numbers then we are going to evaluate the population and assign a fitness.

Here this is the decision box and we look for the number of generation when t is smaller than
T we do selection, now at this stage we know various kind of selection operators we can use
any one of them. Thereafter we have to perform the variation operator on the mating pool
generated by the selection operator, thereafter the offspring population Q is generated then we

have to evaluate this population and assign fitness to it.

The once at this particular stage you can see we have parent population, we have offspring
population. So, if I assume that the size of a offspring parent population is 100, offspring
population is also 100, then 100 plus 100 will become 200. So, this survival stage will help us
to select best 100 solution for the next generation, we increase the counter by 1 and then we

keep on moving in this loop till the termination condition gets satisfied.



Once it is satisfy we report our result. Here I have again made the 2 blocks. So, this is the
area 1 where we need to change our algorithm and this is the 2nd part where we have to

change our algorithm.

(Refer Slide Time: 15:15)
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o Let the population size is N = 8.

Initial population — 5& xfi_ g

Index T mg\/

1T 2212 7 3009 =
—9.080/-2.396 -5 i’it,__S
~2.393 —4.790

~0.630 1602

~3.168  0.706

0215 —2350

~0.742 1934

—4563 4791

00 =1 O O = W2 b

The decision variables are coded as real numbers.
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So, as per the flow chart we have to start with the initial population. So, let us assume that we
have a population size of 8, then we generate the initial population. Generating initial
population means that we generate a random number for x 1 between minus 5 to 5 it is a real

number similarly we generate x 2 between minus 5 to plus 5 and that is also random.

So, here you can see these random numbers are generated and that is making say solution 1.
Similarly for solution 2 and other solutions are generated randomly. So, as a reminder or a

recap the decision variables are coded as real numbers here.
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Evaluate Population §

o Now, we calculate objective function f(ixy,25) = 100(z; — a?)* + (1 — &;)? for each
solution.
@ For Selution 1: &V = (2.212,3.009)7 and f(21) = 357.154.
» Let us take the fitness value as the function value.

o For Solution 2: 2 = (~2.280, ~2.396)T and f(x?)) = 5843.569.

Initial population "

Index 7 2y [y, 29)
2212 3.009  357.154
—2,280 2396 5843.569
-2.393 —4.790 11066.800
—0.639 1.692 167.414
-3.168 0706 8718.166
0.215 -2.350  574.796
—0.742 1934 194618
—4.565 4791 25731.235
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2 2 2
f(xl,xz) = 100(9(2 —xl) + (1 —xl)
x = (2.212,&3.009) and f(x') = 357.154
X' = (- 2.289, — 2.396) and f(x*) = 5843.569

Once the initial population is generated we have to evaluate the population; as of now the

objective function we have taken as a Rosenbrock function. So, we have this two variable

function. Let us take solution number 1. So, here I am representing the solution as a column

vector. So, when as an when we are solving a problem specially the multi variable problem

we can always represent our solution as a column vector.

So, the both the component of x 1 and x 2 are given here, putting into the value of x 1 and x 2

the objective function we can get the function value of solution 1. Now here let us assume

that the fitness value is the same as the function value, this is the same assumption we took

when we solve the same problem using binary coded GA. Similarly, I can take solution

number 2 in this solution 2, I can directly include this value in the objective function and I

can get the value.



So, serially I have to calculate the objective function value which is the same as the fitness
value for the solution for all the solution. Now in this case when we follow then you can see
here all the solutions are evaluated their fitness values are given in the last column here; once

we evaluate the population we look for the termination condition.

(Refer Slide Time: 17:51)

o Since t < T, we proceed to selection operator.

So, since it is the first generation let us move ahead. So, we will proceed to the selection

operator.

(Refer Slide Time: 18:01)

o The purpose is to identify good (usually Index  f(zy,29) | Index f(ay,22)
above-average) solutions in the 1 357154 | 5  8718.166
population. 2 5843569 6 574.796

@ We eliminate bad solutions and make 3 11066800 | 7 194.618
multiple copies of good solutions. 4 167414 | 8 25731235

Index  f(xy,29) Winner @
T 194618 Index 7
6 574796 N=9
4 167414 Index 4
5 8718.166
§ 25731235 Index 3
3 11066.800
{1 357150 Index v
2 5843.569 Gr @ (B3 3 00



Now, coming to the selection operator as a recap we know the purpose of selection operator
is to identify good above average solution in the population. It is because we can identify bad
solutions those solutions will be deleted and we can identify good solutions so, that we can
make the multiple copies of it. In this particular example we will again take the binary

tournament selection operator which we discussed earlier.

For performing the binary tournament selection operator you can see that we only need the
fitness value. So, the solutions all aid solution their fitness values are given in the table. Now
as we know in the binary tournament selection operator we have to pick 2 solutions
randomly, this binary tournament selection is without replacement. So, as an when we choose
2 solutions those solution will not be taken further in the tournament. So, let us take the first

pair of solution.

So, looking so randomly we pick 7 and 6 solutions looking at their fitness we can make it out
that the solution 7 has a less fitness. Since we are solving a minimization problem index 7 is
the winner. Similarly now we are left with 6 solutions for among those 6 solution randomly
we pick 4 and 5 and looking at their fitness value solution 4 is the winner. Now we are left
with so 4 solutions randomly we pick solution 8 and 3, looking at their fitness value solution

3 is the winner.

Finally, we are left with solution 1 and a 2. So, we pick them and looking at their fitness
value solution 1 is selected. So, when we perform the binary tournament selection for one
time we have selected as of now 4 solutions and we know the population size is 8. So, what
we have to do is, we have to again take all the solutions and perform the binary tournament

selection.



(Refer Slide Time: 20:41)
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Binary Tournament Selection Operator .
o The purpose is to identify good (usually Index  f(zy,25) | Index f(xy,29)
above-average) solutions in the 1 357164 | 5  8718.166
population. 2 5843569 | 6 HTAT96
@ We eliminate bad solutions and make 3 11066.800 | 7 194.618
multiple copies of good solutions. . C 25731_235?/

Index  f(zy,29) Winner Index  f(zy,2) Winner
T 194,618  Index 7 6 574.796  Index 1
6 574.796 1 357.154
4 167.414 W 3 11066.800 Index 2
5 8718.166 2 5843.569
8§  25731.235 Index 3 8 20731.235 Index 7
3 11066.800 Tl 194.618
1 357054 Index 1 7 167414 @—
2 5B43.569 5 8718.166
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So, in this case we will take all the solution again and randomly pick 2 solutions. Here in the
second tournament we pick 6 and a 1 at a random and then looking at their fitness value index
1 is the winner. Thereafter, we pick 3 and a 2 out of 6 solutions looking at their fitness index
2 is the winner. Thereafter we pick 8 and a 7 looking at their fitness solution 7 is the winner
and thereafter we are left with 4 and a 5 and looking at their fitness value solution 4 is the

winner.

Now, let us see the same observations which we found during the binary coded GA. Now
looking at the table on the top so this is the solution; solution 4 has the best fitness. And
among those 8 solution the worst fitness is corresponding to solution number 8. Now as you
know if we are performing the tournament selection twice the best solution which is currently

4 should get a 2 copy; so let us see that.

So, we can identify we have a solution 4 in a tournament 1, similarly solution 4 in the
tournament 2. So, we get 2 copies. Now let us look at the worst solution which is solution
number 8. So, here we do not get any copy of a solution 8, similarly here also we would not

get any copy of solution 8.

So, we have the same observation or the properties that the best solution in binary tournament
selection operator will get 2 copies, the worst solution will get no copies and the other
solutions like 7, 3, 1 and 2 they may get 2 copies, 1 copy or there will be no copy. After

performing the tournament selection we use these selected solution to make a mating pool.



(Refer Slide Time: 22:59)
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i Crossover i

o Crossover operator is responsible for creating new solutions. These new solutions explore
the search space.

o Crossover is performed with probability (p.). Generally, the value of p. is kept high that
supports exploration of search space.

_—_Mating Pool , / /
Old index (Newindex) 21/ 227 flor.z)
T~ 072 193 194618

4 2 -0.639 1.692 167414
3 3 -2393 —4.790 11066.800
1 4 2212 3.009  357.154
1 i 2212 3.009  357.154
2 6 —2289 -2.396 5843.569
7 7 —0.742 1934 194618
4 8 —0.639 1692 167414
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Now, once we perform the selection operator we have to perform crossover operator. Now we
know the crossover is responsible for creating new solutions meaning that these new
solutions will be exploring the search space so, that we can locate the minima for our given
problem. Generally, crossover is performed with a probability p ¢ and we keep this value high

say point 8 point 9 or sometimes 1 as well.

So, here the mating pool is created as you can see that these 4 solutions were selected by
tournament 1 the other 4 solutions were selected by tournament 2. So, we put together in a
same sequence and now we are giving the new index here. So, all this new index we will be
using in the further steps of real coded GA. In the mating pool we have given x 1 and x 2 and
the fitness value we have given just for our references, although we understood that the

fitness value is not needed in crossover as well as in mutation.

(Refer Slide Time: 24:21)
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Property 1 J

The average of decoded values of binary strings before and after crossover are the same.

10|1oo1$ 10/1010

Parents Offspring
o1f1001

01[1010

9
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Now, the point is that we have gone through the crossover operators for binary coded GA.
Now if we talk about the single point crossover operator there are certain properties. So, if
those properties we can use it and we can devise a crossover operator for real numbers it can

be useful for us.

So, the property number 1 with single point crossover operator is that the average decoded
value of the binary string before and after the cross over operator are the same let us see how.
So, we have these 2 parents we have taken this 2nd side randomly and you know that we are
going to flip the tail and this is 1 point crossover operator. Once we do it these are the

offsprings which we get it. Let us decode the value.
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The average of decoded values of binary strings before and after crossover are the same. |

Parents Offspring
10/1001 10/1010
01/1010 01/1001

@ Decoded values are: 41 and 26 @ Decoded values are: 4_2_ and 25

—_—

@ Average if 33.3

Now, decoded value of the 1st string is 41 and the 2nd string is 26, if we get if we find the
average value this is 33.5. Let us find for the offspring solutions. Now here the decoded value
of the first solution is 42 another solution is 25 we find the average, now you can see the
average is the same as after. So, this is the property of one point or single point crossover

operator that the average value of decoded average of decoded value of binary string before

and after are the same.

(Refer Slide Time: 26:15)

Spread factor 3 is defined as the ratio of the spread of offspring solutions to that of parent

solutions.

0= 01

o=| 1
P (1)

A Ui 0
o Corftracting crossover, 3 < 1
» The offspring solutions are enclosed by the parent solutions.
P P

oyénding crossover, 3> 1 S LB

» The offspring solutions enclose the parent solutions.

ojﬂ{ionary crossover,
» The offspring solutions are the same as the parent solutions.
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Let us move to the property number 2 of single point crossover. So, the property number 2
says that there is a spread factor beta here which is defined as the ratio of spread of offspring
to that of parents. So, if we look at this formula equation number 1. So, the difference

between o 1 and 0 2 divided by p2 andap 1.

So, this spread factor will tell us about the property of crossover operator. So, let us take the
first case, suppose in this case beta is smaller than 1; in this case as you can see in the figure
here. So, these offspring o 1 and o 2 are enclosed by the parent solutions p 1 and a p 2 that is

also evident from the equation 1.

Suppose if the beta is greater than 1, then the offspring solutions are enclosing their parent
solution p 1 and p 2, the third case that is possible is call stationary crossover when beta is
going to be 1. So, here you can see offspring solutions are the same as the parent solutions.
So, we can have a 3 situations as you can see contracting crossover, expanding crossover or it

can be a stationary crossover.

(Refer Slide Time: 27:45)
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Crossover Operator for Real Numbers .

o We need structural change in crossover operator for dealing with real parameters.

9 K. Deb and R. B. Agrawal. Simulated binary crossover for continuous search space.
Complex Systems, 9(2):115-148, 1995

o SBX crossover operator: It was designed with respect to one-point crossover properties in
binary coded GA.

» Average property: The average of decoded values of binary strings before and after
crossover are the same.

» Spread factor property: Spread factor 3 is defined as the ratio of the spread of offspring
solutions to that of parent solutions.

o The offspring solutions are calculated by following the average property.
e
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Now, as we have to move towards the crossover for real numbers. So, we have to change

those crossover operator. So, in that case we have to change their structure. So, how they are



going to perform the crossover between the 2 solutions? Now here we have taken one of the
operator which has been used with many algorithm and has shown success in solving

different varieties of a problem in the literature.

So, this operator is called at simulated binary crossover operator, in short we call this as a
SBX operator. Now, as you can see from the name. So, binary means it will be stimulating
the one point crossover operator and that simulated crossover operator we use for continuous
search space. Now as it is mentioned here, it is designed with respect to one point crossover

properties in binary GA. So, what are those properties? Let us have a recap here.

Average, so, first is called average property which says that the average of decoded values of
binary strings before and after crossover are the same. And there is a spread factor that says
the ratio of the spread of offspring solution to that of parent solution. So, we use this beta
factor here. Now using these two properties let us target the first property as a average the

average property and find what could be the offspring solutions.

(Refer Slide Time: 29:27)
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@ Offspring:
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So, these authors come up with the idea of using a different offspring using the property of
averaging. Now here in this formula you can see that the offspring 1 is equals to x bar. So,
this x bar is represented by the average of 2 parents. So, p 1 plus p 2 divided by 2 then minus
half times of beta p 2 minus p 1 similarly for o 2. So, only the sign plus has been change.

What we can see here?

That if I take the average of o 1 plus o 2 divided by 2 this is the same as p 1 plus p 2 divided
by 2 and that is why I have written here. So, by using this particular formula we can actually
generate the offspring that is following the property of single point crossover operator. So, all

the 3 cases for beta smaller than 1, beta greater than 1 or beta equals to 1 will be taken care.

(Refer Slide Time: 30:47)
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Crossover Operator

o Probability distribution of 3 in SBX should be similar to the probability distribution of 3
in binary-coded GA.

3

@ Probability distribution function: I
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Now, in this SBX crossover operator, so, the probably distribution of a beta in this operator
we will should be similar to the properties of distribution of a beta in binary coded GA. So,
we will be using this property as a for creating the SBX operator. So, these authors they come
up with the probability distribution as you can see here which works when for the beta i

smaller than 1 then this is the factor and otherwise we are going to use the another 1.



As you can see in the figure you have 2 distribution. So, this is the 1st part, this is the 2nd
part. So, for these 2 distributions you can find how the beta probability distribution of a beta
is distributed. Now in this formula you can find there is a one factor called eta ¢ and this eta ¢
we refer to as a SBX crossover operator distributor distribution factor and this should be set
by us. It is it means that it is a user; it is a user defined parameter; once using the properties of

single point crossover and a mutation operator.

(Refer Slide Time: 32:11)
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Crossover Operator .

Effect of 1.
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p>1 Expanding /

——
=
—_—

@ For a larger value of 7., there is higher
probability that offspring solutions will be
created near to their parent solutions.

Distribution

. [ 9 H 1. =1
@ Contracting and expanding on the sides of /_/ | \‘/x N
# = 1 value for different values of 7. P A S N —— ==
0 — | —= 2 B 3 4 5
— ?-——?
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So, let us see how this SBX crossover operator effect based on eta c, it is only because this is
the eta ¢ value which is the user defined value. Now, let us see the figure on the right and
side. So, the first plot is shown for eta c equals to 0, as you can see that before 1 they this is a

constant the probability function is a line and then thereafter you can see the distribution.

When you increase the eta ¢ value? The curve has actually increased and then you can see the
distribution of probability function on the both side of beta equals 1 beta is smaller than 1 and
beta greater than 1. Suppose if you take a very large value you can see a very steep curve and

this curve is going on the top.

Now this probability function is made in such a way that the area under the probability
distribution say from minus infinite to plus infinite should be equal to 1. So, basically area
under the curve should be 1. In this particular case when we are taking eta c as a large value,

that is why we get a very steep curve here for the beta distribution. Both the cases of



contracting and expanding we can see with respect to the beta value on the left and side and

the right hand side.

(Refer Slide Time: 33:49)

" Crossover Operator i
@ Probability distribution function:
05(n.+ 1), if <1
pB) = 0.5(ne + l)liTlp;, otherwise. :
@ Calculate §; by equating area under the probability 3; !
curve equal to u; (a random number € [0, 1]) °
Qu)#  fu <05 |
Bi= . ﬁ . % I 3 ] 5
(7(1——@) . otherwise. b
o Offspring are: i
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@ Here, mgl’wl) repres decision variable of the first parent solution at (f 4 1)—th
generation. Also, & Py_ ; o
I Sharra (b Modle 3 RGA FVE)
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p(B) = {0.5(n_+ 1)B, fB= Nt 1) e
1
% 1 nc+1
n+ . .
— ¢ <
Bi {(Zui) , if U< 0.5 (W) , otherwise.

(Le+1) Lo @0 20 (L)
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X = O.5[(xi +x ) +Bi(xl, — X )]
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So, as this probability distribution we have seen earlier. Now the question is, how we can use
this probability distribution, which is non-linear right now to find out the 2 variables or 2 off
springs? In this case suppose as you can see in the plot we will be finding the area under the

curve. So, this particular edged line can be seen here.



So, in this way we can calculate the value for beta i we can calculate by equating the area
under the probability curve equals to u i and u i is the random number. So, if we are going to
integrate this beta distribution, then this integration or the area under the curve in this

probability distribution will help us to calculate the factor called beta 1.

Now, looking at these two formulas so, the upper part is valid when the random number is
equal to or smaller than 0.5. So, in this one we need a random number and eta ¢, now eta c
value will be decided by us. So, it is a user defined parameter and u i is the random number

will be generated by a computer for us.

For u i greater than 0.5 value we have this particular formula. So, these two formulas will be
using for calculating the beta i values. Now if we are going to follow the average property of

1 point crossover operator. So, the 2 offspring has you can see on the left hand side.

So, the 1 by 2 part which i1s 0.5 we have taken outside, this is the summation of 2 solutions p
1 and a p 2 which are represented as x i 1, t plus x 1 2, t minus. So, first is minus times beta.
So, beta we have calculated in the earlier step and then there is a difference which is p 2
minus p 1. Similarly the offspring 2 we have a factor half outside the bracket than we have
the summation which is nothing but the average of the 2 parents. Now the sign is plus beta

times of the difference between the 2 solutions.

Now, it is important to note that here that we have used this property of averaging it, but we
have to make sure that when we are selecting the 2 solutions that x. So, the x 1 2, t should be
greater than xi 1, t meaning that p 1 should be smaller than p 2. In case it is other way around
than we interchange the value of pl and p 2. So, by following this condition we can use the

formula given here for generating 2 offspring as xi 1, tand x 1 2, t plus 1.

Now, the representation as I have mentioned here. So, the i is going to tell us that this is the;
this is the ith variable, 1 will be telling me that this is the first solution and t you know that
we use it for the generation counter. So, these 2 formulas we are going to use it to create

offspring solutions.
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Mating Pool
New Index TRV f(wl,mg)\\//
1 -0.742 1934 194618

-0.639 1692 167414
-2.393 —4.790 11066.800
2212 3.009  357.154
2212 3009  357.154
—-2.280 2396 5843.569
—0.742 1934 194618
—0.639 1692 167414

o Let us assume that the probability of crossover is p, = 0.9, and user-defined parameter of
SBX crossover operator | @ ——

(OrAFr (B aB) B HAQ

o0 =1 O O e O B

Now, coming to the SBX crossover operator, now we will perform some hand calculations.
So, the new index that we have used in the mating pool that we will take it into the crossover
as well as in the mutation; for mating pool x 1 and x 2 are given fitness value we have given
for our reference we do not need it as of now. Now, let us assume that the probability of a
crossover operator is 0.9 and the 0 and the user defined parameter eta ¢ we take as eta ¢

equals to 15.

(Refer Slide Time: 38:07)

o We pick pairs of two solutions randomly from the mating pool for performing the
crossover.

o We then generate random numbers sequentially for each of the pair as given below.

Pair | Random number (r) || Pair | Random number (r)
BT 063 (8,4 098
{52} 013 (6,1} 057
o Offspring equations
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xi(l,t+1) — 0 5[(Xfl't) n Xfm) _ BL( xfz,t) _ xfl,t) )]
2t+1) (Lb) 2.0 2.0 (Lb)
X = 0. 5[(xi +x ) + Bi( X - X )]
(Lt+1) (L) 20
x, = 0.5[(1+B)x, 7 + (1-8)x "]
@t+1) (Lb) @0
X, = 0.5[(1=B)x, " + (1+8,)x "]

Now, when we perform SBX operator similar to 1 point crossover operator we have to pick 2
solutions randomly. So, these 2 solutions are picked from the mating pool. Now assume that
we have picked say 3 and a 7 solutions together and for performing the crossover operator we

generated the random number say 0.63.

This will help us to decide whether we have to perform the crossover operator or a not,
similarly you can find the pair as well as their random numbers. Now here before we proceed

to the hand calculation this is the formula which we have just seen in the previous slide.

Where we have the average of the 2 solutions and then we have a beta factor and we have a
difference of these 2 solutions by knowing that p 1 is smaller than p 2. Now if [ am going to
rearrange the terms so the same offspring equations can be written as 1 plus beta p 1, 1 minus
beta p 2. Similarly for the another offspring it is 1 minus beta p 1, 1 plus beta p 2. So, the

same equation we can write it in our calculation this is the format we are going to use it.

(Refer Slide Time: 39:39)
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SBX Crossover Operator: Hand Calculations :

o For the first pair {3,7}, since » = 0.63 < p. = 0.9, we perform crossover.
» Let us perform crossover on x; variable of both solutions, that is, m(ﬁ) =-2.393 and
o7 = 0742,
FC important to note that when we perform crossover between two solutions py and p,
p1 < py. Otherwise, interchange the values.
» Fer this pair, p; = .rga) =-2393 and pp = .IW =—0.742.
» The random number for SBX crossover operator is u; = 0.236. The value of 3; = 0.954.

ew valugsare N5 (1 + 81)p1 + (1 = B1)pe) and 0.5((1 = By )py + (1 + 31 )pa), that are,
and (-0.780.
o

etS perfort
o =1934,

» For this pair, p = 1&3) =/-4.790 and py = xgﬂ =1.934.

» The random number for SBX crossover operator is ug = 0.461. The value of 35 = 0.995.

ew valyes-are 0.5/(1 + Ba)py + (1 — Ba)pe] and 0.5[(1 = Ba)py + (1 + Ba)pa], that are,

ver\on x variable of both solutions, that is, méﬂ) = —4.790 and

o Two new solutionsare: (—2.355, —4.773)" and (~0.780,1.917)"

—_—
D. Sharma(dsharmaCiitgac.in) Module 3: RGA 8/39

So, let us pick the first 2 pair and that is 3 and a 7 and the random number that generated was
0.63. Since it is smaller than probability of a crossover we perform the crossover operator
here. Now here it is important to note that we will be performing crossover operator variable
wise. So, we will pick variable 1 first to perform the crossover operator. In this case the x 1

value of solution 3 is given here similarly x 1 value of solution 7 is given here.

So, here the terms which I am writing on the top it represent it is a solution 3. Similarly, this
says that this is solution 7. Here, just as a reminder we have to make sure that we follow this
relation that p 1 is smaller than p 2. Since p 1 is already smaller than p 2. So, we are again

consideringp lasx 1 3andp2asx17.

Now, in order to perform the crossover operator you know that we have to first generate a
random number suppose the number given is 0.236 and if we put this value since it is smaller
than 0.5 we will be using one of the formula here and we can get the value of a beta i as

0.954.

Now the 2 new values of offspring, so basically for variable 1 so, we will be using the
formula here. So, instead of a using xi 1, t x 1 2, t we are writing the formula in terms of p 1
and a p 2. So, these 2 formulas we will use it and we will get the x 1 value for a solution 3

and 7 as minus 2.355 and minus 0.780.

Since we are performing variable boys now we have to take the variable x 2 into our

consideration; here in this case the variable x 2 for solution 3 is given and similarly variable 2



value for solution 7 is also given. Looking at the relation between p 1 and a p 2 we will

assignp lasx23andp2asx27.

In this case when we perform we have to again generate a random number. So, some number
is given here say 0.461 and by putting this value into the formula beta 2 came out to be 0.995.
Again the same set of equations for generating the offspring 1 and offspring 2 will get the
value as minus 4.773 and 1.917. Now once we have generated different values of x 1 variable

and x 2 variable we have to put together.

So, you can see that we have taken the first component together and that is make our first
solution. Similarly, we took the second combination together and then we make the solution
number 2, it is because there is no interchange between p 1 and a p 2 by following the

relation p 1 should be smaller than p 2.

(Refer Slide Time: 43:23)
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SBX Crossover Operator: Hand Calculations

o For the second pair of solutions {5, 2}, since r = 0.13 < p., we perform mutation,

» Let us perform crossover on x; variable of both solutions, that is, J;(LE) =2.212 and )9 ‘I*L
oY = 0,630 m—— '
1 =—0.639.
e

D. Sharma_(dsharmaQiitgac.in) Module 3: RGA 2%/39

Now, the next pair we select is say 5, 2 just to repeat one more time. So, that we can
understand how this crossover operator is working we will show the hand calculation for this
set of pair. Now we have picked 5 and a 2 since the random number is smaller than
probability of a crossover we perform crossover. In this case we have x 1 5as 2.212 and x 1 2

as minus 0.639 since we have to follow the property that p 1 should be smaller than p 2.

(Refer Slide Time: 44:09)
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SBX Crossover Operator: Hand Calculations

o For the second pair of solutions {5, 2}, since r = 0.13 < p,, we perform mutation,

Let us perform crossover on z; variable of both solutions, that is, u:(f) = 2212 and

o = 0630,

For this pair, py = o) = —0.639 and py = o) = 2.212.

The random number for SBX crossover operator is uj = 0.896. The value of 4; = 1.103.
The new values are 0.5 [(1 + B1)p1 + (1 — B1)pa] and 0.5 [(1 = B1)p1 + (1+ B1)pa), that are,
~(.785 and 2.359

v

v v

v

Let us perform crossover on x5 variable of both solutions, that is, J;(Qs) =3.009 and

)
o) =1.692. PC{J
Forthis pir(7) = " = 1692 an" 2 = 3.009. I~ry

D. Sharma (dsharmaGiitgac.in) Module 3: RGA %/39

So, what we are going to do is we will interchange. So, now, you can see [ have made it in a
red colour p 1 and a p 2 because we have interchange the value although we picked 5 and a 2
in the sequence, but currently p 1 is x 1 2 and p 2 is x 1 5. Now for performing the SBX
crossover operator we generate a random number and using this particular random number,

now it is greater than 5.

So, we will be using the another formula to get a beta i value as 1.103. So, this beta 1 value
we are going to use in the same set of formulas that will give me the first variable for 2
solution as minus 0.785 and 2.358, you have seen that we have performed the crossover

operator for x 1 variable, now it is a turn for x 2 variable.

So, we take x 2 variable we find the second variable value for solution 5 and for solution 2.
Again we have to follow the property of p 1 smaller than p 2. So, we have interchanged the

value again and I have represented in a red colour of p 1 and a p 2.

(Refer Slide Time: 45:35)



" SBX Crossover Operator: Hand Calculations i

o For the second pair of solutions {5, 2}, since r = 0.13 < p,, we perform mutation,
» Let us perform crossover on x variable of both solutions, that is, :{5’ =2.212 and
ol = 0639,
» For this pair, py = 2" = ~0.639 and py = 2" = 2212,
» The random number for SBX crossover operator is uq = 0.896. The value of 3; = 1.103.

> wvalu e 0.5[(1+ B1)p1 + (1 - B1)pe] and 0.5[(1 = B1)p1 + (1 + B )pa), that are,
-0 and 35

Let us perform crossoler on 5 variable of both solutions, that is, a:gs) =3.009 and

qew vahtesiare f1.5 (1 + Bo)p1 + (1 — fa) ] and 0.5 [(1 - Hz)pl + (14 Ba)p2 ] that are,

and
@ Two new solutions are: (~0.785,1.691)7 and (2.339,3.010)7,
—_— T — ar g = Y * 9a0
| D.Shama (hmalitgack)  Modue3: RGA 5/

Once it is done we are going to generate a random number u 2 and since it is greater than 0.5
we will be using the second formula for a beta value and beta 2 will become 1.001, putting
into the our standard formula of offspring 1 and offspring 2, this will create 2 values as you

can see 1.691 and 3.010.

Similar to the previous case since in both the x 1 and x 2 variable both are interchange. So,
we will take the first value here and the second value here and we will put together we will
get a solution 1. Similarly, we take solution number 2 we put together we will get a solution

number 2 here.

(Refer Slide Time: 46:27)
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CIYS 0NN,
o For the third pair of solutions {8, 4}, since r = 0.98 > p., we do not perform mutatien.
PR

» Copy the same solutions: (—0.639,1.692)" and (2.212,3.009)".
— ——'—'J
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Now, let us look at the third pair now here we can observe that the random number is greater
than p c. So, we will not perform any crossover. So, this is wrong this should be cross over.
Now in this case when we are not performing the crossover operator we are going to copy the

solution as it is. So, the column vectors as I told you earlier are copied as it is.

(Refer Slide Time: 47:01)
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" SBX Crossover Operator: Hand Calculations i

o For the third pair of solutions {8, 4}, since 7 = 0.98 > p., we do not perform mutatien.
» Copy the same solutions: (~0.639, 1.692)" and (2.212, 3.009).

o For the last pair of solutions {6,1}, we perform crossover because r = 0.57 < p. The
relevant data is: u; = 0.118 and ; = 0.914, and 5 = 0.335 and fy = 0.975.
——— e ——— + ———

=0y
» Two new solutions are: (~2.223, ~2.342)T and (~0.809,1.881)T.
— S 4

D. Sharma (dsharmatiitg.ac.in) Module 3: RGA == : %/3

Now, we will pick the last pair which is 6 and a 1. Now at this stage we know how to perform
the crossover operator. So, the hand calculation I have shown here. So, in this case the
random number is smaller than p ¢ we perform the crossover operator and the relevant data
say for example, u 1 is created that with the help of that we can calculate beta 1 value then we
generated u 2. That give me the value of a beta 2 putting into the formula we are going to get

2 solutions as given here.

(Refer Slide Time: 47:43)
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" SBX Crossover Operator: Hand Calculations i

Solutions after crossover

Index ¥ xy  flzg,29)
1 -0809 188l Observations
2 0% L7 @ The best fitness among solutions before
3 =235 -4.773 10655.925 T o AL
4 2212 3.009  357.154 . .
5 9350 2078 670.813 ° Ncw, we have two so!utlons having better
6 —9993 -9342 5313910 fitness than 167.414 in the table.
7 -0.780 1917  174.606
8 -0639 1692 167414

o Better solutions will be emphasized and bad solutions will be eliminated by selection
operator in further generations. i

D. Sharma (dshormaitg acin) Module 3: RGA : zr;;s

Now, putting all those solution in a table according to their index values x 1 and x 2 values
are shown. Now the fitness values are shown for our purpose although we do not need it.
Now, since we are showing this fitness value if there are certain observation. Now, the best

fitness as you can see here the best fitness in the initial population was 167.414.

When we perform crossover operator we get these 2 solutions which are better than the best
solution in the initial population. Similarly some other solutions are also generated. So, the

observation here is the crossover operator can generate good as well as bad solutions.

When bad solutions are generated they will be eliminated by the selection operator in further
generation, if better solutions are generated they will be emphasized and we can make
multiple copies of those solutions. After performing the cross over operator let us move to

mutation operator.

(Refer Slide Time: 49:09)
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" Mutation Operator i

o Create new solution in a population with a low probability (p,,): exploitation

Purpose J

Polynomial Mutation operator 16
@ Use polynomial distribution for perturbing a solution

0D _ ) 4 (0 D)5

@ 0 is calculated from polynomial probability i
distributjon "
P(§) = 05(0m + 1)1 - 5 : e e
§
o Calculate d; by equating area under the probability curve equal to r; (a random number
epy) #
= . AV () _ - ~ UALA.-
5i= (27':.) @+ 1/](-1 +) !fﬂ‘;<0-5k— mb*ﬂ\l‘.
v 1- 21 =)0t if py > 0.5, &— -
D. Sharma  (dsharma0iltg,ac.in) Module 3: RGA . 1]
1,t+1 1,t+1 U L)\ <
y.( )=xF )+(x_()—x§))8.
i i i i i
nm
P(8) = o.s(nm + 1)(1 — 18"
_ 1 1
5 = {(Zri) D, ifr, < 0.51- [2(1 - ri)] (, if r=0.5

We know that we perform this mutation operator with a very low probability called p m,
generally the mutation operator is used for exploitation. In this case we will be discussing one

of the mutation operator called polynomial mutation operator.

As you can see in the formula that the mutated solution is made using the solution generated
by the crossover operator the difference between the lower and upper bound and everything
gets multiplied by delta i value. So, what is delta i? Again we are using some non-linear

probability distribution as you can see here.

In this probability distribution we again find this delta i value by equating the area under this
curve. So, the delta 1 value by equating the area under the probability curve to say random
number and this random number will be lying between 0 to 1. So, if we are going to integrate

it and then find the area we can get the delta i value based on the random number.



So, if random number is smaller than 0.5 we will use the first equation if it is more than 0.5
we will use the second equation. In mutation you can see that again there is a user defined
parameter called eta m, this is again the distribution factor similar to SBX operator and this

value has to be defined by the user. So, it is a user defined parameter.
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i Polynomial Mutation Operator: Hand Calculations i

n=2

o Let the probability of mutation py, = 1/n = 0.5 and the user-defined parameter for
polynomial mutation is 1, = 20—
—

O S (i) i R Caw

Now let us perform some hand calculation using the polynomial mutation, here the
probability of mutation is 1 by n. This n we have taken equals to 2 this is because we are

currently solving a 2 variable problem; the user defined parameter eta ¢ we have taken 20.
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i Polynomial Mutation Operator: Hand Calculations i

o Let the probability of mutation p,, = 1/n = 0.5 and the user-defined parameter for
polynomial mutation is 1, = 20.
o We create random number between [0, 1] for each solution to perform mutation. Let the
random numbers are: 0.24, 0.62, 0.98, 0.79, 0.31, 0.71, 0.49, 0.83.
o For solution 1, since r = 0.24 < p,,,, we perform mutation.
» Let the random number r; = 0.956 for :t(ln = —0.800. We calculate d; = 0.109.
» New value is 2 + (2" - 2{2)6) = ~0.809 + (10)(0.109) = 0.284,
» Let the random number 9 = 0.635 for mé” = 1.881. We calculate &, = —0.003.
» New value is o5 + (28 — 235 = 1881+ (10)(0.003) = 1.856.
» New solution is (~1.283, 1.856)"

@ For solutions ‘2', 3/ and '4', we do not perform mutation because r > p,,.
-~ _—
»( Copy them

o a8
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Now, to perform the polynomial mutation we generate a series of random number, that decide
whether we will be performing the mutation or not. So, these are the set of the random
numbers that a computer can generate between 0 and 1. Let us pick the solution number 1 and
since the first random number is smaller than the probability of mutation so we perform this

mutation here.

Again you can observe here we are going to perform this mutation operator variable wise. So,
let us pick the variable 1 of solution 1 which is currently given here and we generated a
random number 0.956. In this case if we calculate the delta i value it is coming out to be

0.109.

Now once we calculated we are going to put into our formula here and that will give me the
value as 0.284. Now we will perform the mutation for the x 2 variable here the value is given
here, let us assume that the random number 1s 0.635. We calculate delta 2 value which is

coming out to be minus 0.003.

Putting into our same formula here we can get the new value as 1.856. So, these 2 values if
we put together so these 2 new values for x 1 variable and x 2 variables, when we put

together we get a new solution that is generated by mutation operator.

Similarly, if we look at the random numbers for solution number 2, 3 and a 4, we do not have
to perform mutation it is because the random number is more than probability of mutation.
So, what we are going to do that? We will copy this solution as it is. So, the column vector of

this solution we copy.
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o For solution 5, since r = 0.31 < py,, we perform mutation.
» Let the random number ry = 0.217 for Igs) =2.359. We calculate 4, = —0.039.
» New value is 207 + (2" - 2{))d) = 2.359 + (10)(~0.039) = 1.969.
» Let the random number 9 = 0.617 for w?) =2.978. We calculate 6y = 0,013,
» New value is 2 + (2 — {2\, = 2.978 + (10)(0.013) = 3.104.
» New solution is (1.969,3.104)"
o For solution ‘6", we do not perform mutation because r > py,.
» Copy it.
o We perform mutation on solution ‘7" because r = (.49 < p,,. The other details are as
follows: r; = 0.217 and &; = —0.039, and ry = 0.617 and d, = 0.013. New solution is
(~0.528,0.564) .
o For solution ‘8', we do not perform mutation because r > py,.
> Copy l\t\//
D. Sharma (dsharma@iitg.ac.in) Module 3: RGA /3

Now, come to the solution number 5 again the random number is a smaller than probability of
mutation. So, we perform it in this case let us perform for the variable x 1 first take the value
generated the random number as 0.217 putting into the formula give me the value delta 1 as

minus 0.039.

Then we can include this into our formula and we can get the new mutated value for variable
1 is 1.969, thereafter we pick the second variable of solution 5 generated the random number
as 0.617 calculate the delta 2 value as 0.013 and thereafter we can include into our formula

here and the value the mutated value for variable 2 of solution 5 is 3.104.

So, we will again take these 2 values together and that will generate a new solution which is
represented as a column vector here. Solution 6 we will not perform any mutation because the
random number is more than probability of mutation. So, we will copy the solution as it is.
For solution 7, since now we know how to perform the mutation operator. So, the data is

given directly here. So, the random number is 0.5.

So, we perform the mutation, the other details as suppose the first random number is this and
using this we can calculate delta 1 values thereafter we can generate the random number r 2
and the corresponding delta 2 value is given here. By using these two delta 1 and delta 2
values we get a new solution as given here. For solution 8 again we do not perform mutation
it is only because, the random number is greater than mutation greater than the probability of

mutation. So, we will copy this solution as it is.
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Polynomial Mutation Operator: Hand Calculations .
; : o Best solution in the initial population:
Solutions after mutation (=0.639,1.692)7 with
Index ] xy  flzy,29) 0dey L w
2 0785 1.722  125.261 o Best solution after crossover:
3 2355 -4.773 10655.925 (~0.785,1.691)T with
4 2212 3.009  357.154 / fl2y,2;) = 118471,
5 1969 3.104 60.744 o Best solution after mutation:
6 -2223 -2342 5313910 P (~0528,0.564) with f(zy,x2) = 10515,
7 0528 0.564 10515 o However, solution 1 got worse after
8 0639 1692 167414 ESALioh.
Observations on Mutation
@ Mutation can create better or worse solution than parent solution.
9 In selection, good solutions will be emphasized and bad solutions may get deleted.
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Now, since we have performed the mutation operator let us put together all of them in a table.
So, following the same index that we have used from the mating pool to the crossover now in
mutation; the change in the value of x 1 and x 2 values are given for each solution. For our
reference we are also showing the fitness value of these newly created solutions. Now let us
have some observation, now the best fitness in the initial population corresponding to this

solution is 167.414.

When we performed the crossover operator on the mating pool, we came across one
particular solution which has a fitness of 118, which is better than the best fitness of initial
population. On the crossover solutions we perform mutation operator and then we can realize
that the best solution is corresponding to this solution which is solution number 7 and the
fitness is 10.515; even what you can observe here that we have 2 solutions which are better

than the solutions generated by a crossover operator.

At the same time you we can realize that the solution 1 after mutation this solution is worse
than its original solution that was generated by crossover operator. So, that is why we made it
in a red colour to make our observation as that as I have mentioned solution 1 got worse than

worse after mutation.

So, the observation here is that mutation operator can create good as well as bad solutions in

this case if the good solutions are created the (Refer Time: 58:13) solutions will get multiple



copies using selection operator in further generations. Those are bad solution as you can see

here those solutions will be deleted in further generation because of the selection operator.
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Survivor or Elimination X

o We choose better solutions for the next generation.
o Applying (i1 + A)—strategy, meaning, combine parent and offspring populations and
choose the best N' = 8 solutions.

Parent population =N Offspring population
Index ¥ Ty (f(!.lfl,l'g)) Index 7] Ty (f(.l‘l.l’,z)
1 2212 3009 S35 1 0284 1856 315508

2 2280 -2.396 5843.569 2 =078 1722 125.261
3 —-2.393 —4.790 11066.800 3 -2355 —4.773 10655.925
4 0639 1692 167414 <i— 4 2212 3009 357.154
5 3168 0.706 8718.166 H] 1969 3104  60.744 —
6 0.215 -2.350  574.796 * 6 -2223 -2342 5313.910
7 0742 1934 194618 SQL \ 7
8 8

—a563 4791 25731285 Y™

-0.528  0.564 10.515
-0.639 1.692 167414

D. Sharma (dsharmaQiitg.ac.in) Module 3: RGA /%

Now, at this stage what you can see that we have parent population of size 8 as well as
offspring population of size 8. So, following the flow chart of real coded GA we have to
perform the survival stage the purpose is we have to choose best solutions that can be taken
to the further generation. Now in this case we will be using mu plus lambda strategy and in
this strategy what we do here we combine parent and offspring population together and we

choose the best end solution that is 8 right now.

So, these are the parent and offspring solutions given to us. Now we know at the survival
stage we are going to combine them, when we combine them we have to look or we have to
sort this solution based on the function value say x 1 and x 2. So, in this case we do not need
x 1 x 2 value what we need only is the fitness values as given in the last column of the both

table.

Now let us sort them if we sort them in an ascending order the best solution will be on the top
because we are minimizing the function. In this case you can see the solution 1 is the
minimum. So, that it should be on the top followed by solution 5 in the offspring. We have to

follow this process till we select 8 solution.

(Refer Slide Time: 60:15)
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Survivor or Elimination

o We choose better solutions for the next generation.
o Applying (11 + A)—strategy, meaning, combine parent and offspring populations and
choose the best N = 8 solutions.

Parent population Offspring population
Index 1 2y f(eg,29) Index 7 Ty f(z,29)
1 2212 3009 357154 1 0.284 1856  315.568
2 -2280 -2.396 5843.569 -0.785 1.722  125.261

3 -2393 —4.790 11066.800 ¥ 3 2355 —4773 10655.925
bS @ -0.639 1692 167414 4 4 2212 3.009  357.154
5 -3168 0706 8718.166 @ 1969 3104  60.744
6 0215 -2.350  574.796 6 -2223 -2342 5313.910
@ —0.742 1934  194.618 \ 7) 0528 0.564 10.515
8  —4563 4791 25731.235 @ -0.639 1.692 167414 /
o Offspring 7, Offspring 5, Offspring 2, Parent 4, Offspring 8, Parent 7, Offspring 1
D. Shama  (deharmaiitg.acn) Modue 3: RGA /%

So, what we can see that solution 7 will be selected, thereafter 8 will be selected, then we will
select offspring solution 2, then we will select parent solution 4, then offspring solution §,
parent solution 7 and finally, offspring solution 1. So, this solution in this particular sequence

are already arranged in the ascending order of their fitness value.

So, these solutions will be selected and moved to the next generation. Now here one
interesting point here you can see that the solution the offspring solution number 8 and the
parent solution number 4 they are actually the same. So, in this case there are 2 strategies we
can do. So, the first strategy which we are following in this that we will keep as it is we are

not going to change it, another strategy is that we can copy the distinct solutions.

So, as soon as we have selected say 8§ we may not select this particular solution number 4. So,
that we will get different kinds of solution in the population; so, these two strategies we can
use it for a present example we are following that we are copying exactly the same solution
without removing the copies of the same solution in the population. So, this is the next

generation population.

(Refer Slide Time: 61:57)
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" Survivor or Elimination i
Next generation parent population
New index z zy flz,)

1 -0.528 0564  10.515
2 1.969 3.104  60.744
3 -0.785 1.7122 125.261
4 -0.639 1.692 167.414
5 —-0.639 1.692 167.414
6 —-0.742 1.934 194.618
7 0.284 1.85  315.568
8 2212 3.009 357.154

Generation

o First generation is over. Increase the counter by one, i.e., t =t+1=2. Check
termination condition. / =T——

o If the condition not met, start from the binary tournament selection operator followed by
crossover and mutation operators. Finally, select best N solutions using survivor stage.

D. Shama (dsharmaSiitg acin) Module 3: RGA B/%

And here we have given the new index and all these solution as you can see they are already
sorted in the based on their fitness values. Once the survival stage is over we have to increase
a counter of number of a generation by 1. So, in this case the t will become 2 and we check
the termination condition, if it is not met then we have to perform the same set of operator,
such as binary tournament selection operator followed by crossover and a mutation operators

as we have discussed and then survival stage.

We keep on following this operator in a same sequence till the termination condition is not
satisfied. Once it is satisfied we have to terminate the algorithm and report the optimum
solution for the given problem. Now let us come to the graphical example. So, the hand
calculations which we did in the previous for solving the Rosenbrock function we will be see

we can see how these solutions are moving towards the optima for one generation.

(Refer Slide Time: 63:15)
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\—Eliminat:d solution Two copies i
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So, the as you can see in the figure we started with the initial population these blue dots
represent the solutions or a randomly generated solution in the initial population. Once the
initial population is done we after calculating the fitness we perform binary tournament

selection. So, we are following exactly these steps which are given in the flow chart of RGA.

Now here you can see that there are 2 solutions are represented in different green colours
meaning that, this solution get 2 copy, this solution get 2 copy, this also get 2 copy, this also
get 2 copy and this solution will get 1 and 1 copy.

The solutions which are not filled with the colour all these solutions they are eliminated from
the population and that is the purpose of binary tournament selection operator. Once we
perform the binary tournament selection we get a mating pool because this mating pool is

required to perform crossover operator.
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Now, certain lines have been drawn here these lines says that we are picking one solution
from here and one solution from here randomly, so that we can perform the crossover
operator. So, the set of so the pair of solutions which we selected for crossover operator same

sort of solutions are shown in this figure.

After creating a mating pool we perform crossover operator in this particular session we have
used SBX operator that created the solution. Now, you can see these brown points that are
generated by the crossover operator. So, once these solutions are created than we perform

mutation.
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In our case we perform mutation using polynomial mutation. So, let us see these colours here,
now these are the solutions which are generated by the mutation operators so we have 8
solutions. Now at this particular stage we created the offspring population which generally

we represent as Q t.

So, this offspring population now has to combine with the parent population, so that we can
use the survival stage. So, these 2 solutions this different colour coding will help you to

identify that the blue and the purple colour dots those are parent and offspring solutions.
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Now, thereafter we sort the population and we select it, now these are the black dots which
are the solution we selected after survival stage. And the solutions which are not filled with a
colour these are the solutions which we deleted with respect to the initial population. So, let
us compare the initial population with respect to the next generation what you can see that at

initial generation these solutions are basically generated randomly in the x 1 and a x 2 plane.

In just one iterations these solutions are moving towards the optimum solution. So, what we
can expect that in further generations with the help of selection operator followed by
crossover mutation and then the survival stage these solutions will finally, converge to the

optimum solution as given here.

(Refer Slide Time: 67:03)
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o Limitations of BGA for solving problems with continuous search space
o EC Techniques for real-parameter optimization
o Generalized framework for RGA

@ Working principles of RGA through an example

» Initial population in which parameters are coded as real numbers
» Selection operator: No change in its functioning was observed with respect to BGA because

it used the fitness values.
» (Crossover operatoly Properties of single-point crossover operator, SBX crossover operator
e
1
bt
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With this explanation on hand calculation and graphical example let us come to the closure of
this session. So, what we have done in this session is we started with the limitation of binary
coded GA, which makes our search space discreet even though we are working with the real

number there are certain issues with the binary corded GA.

So, in order to remove those issues with binary coded GA there is another class of EC
techniques which are referred as EC techniques for real parameter optimization. Then we fit
our real coded GA with the on the generalized framework and thereafter we understood this

RGA with the help of working example.

So, the first change that we did that all the real numbers or the real decision variables are
represented using real numbers, thereafter we have a selection operator. So, this selection
operator especially the binary tournament selection operator which we discussed here, we do

not find any change its only because it works on the fitness value.

Then we made the structural change in the crossover operator. Why? Because we are now
working on a real number rather than on a binary string; so, we use the property of a single
point crossover operator. So, average property and a spread property beta that were used and

we come up with the SBX crossover operator.

This SBX crossover operator has a non-linear probability distribution moreover, you can find
that the beta value basically depends on the random number u i. So, this operator is already
stochastic in nature, similarly when we pick solution p 1 and a p 2 that are also we chose

randomly thereafter we discussed about the potential mutation operator here.
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8 Closure i

o Limitations of BGA for solving problems with continuous search space
o EC Techniques for real-parameter optimization

o Generalized framework for RGA
o Working principles of RGA through an example
» Initial population in which parameters are coded as real numbers
» Selection operator: No change in its functioning was observed with respect to BGA because
it used the fitness values.
» Crossover operator: Properties of single-point crossover operator, SBX crossover operator
» Polynomial mutation operator
» (pu+ A)—strategy for survival stage

o Hand calculations for one generation

\v@éph‘\cal illustration of RGA for one generation

D. Sharma_(dsharmaitg.ac.in) Module 3: RGA )

Thereafter we use mu plus lambda strategy all these calculations which we have shown that
we have done some hand calculation for one generation. So, that we can understand how
these operators work; and finally, the graphical illustration of RGA was shown; the purpose is

when we see how the solution is started at the initial population.

And after performing selection operator, crossover, mutation and survival stage, these
solutions have been moved to the another solutions which are relatively closer to the

optimum. With these details I conclude this session on the Real Coded Genetic Algorithm.

Thank you.



