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Abstract mum of another variable in the equation.

Function optimization is the process of finding the global
maximum or minimum over a certain range of a function.2.2. System Overview

One of the major algorithms for function optimization is . .
) 9 P The system implemented has minor changes from the sys-

hill climbing, but this method often gets hung up on local tem implemented in the paper “Variations on a Simple Ge-
maximums or minimums. Genetic algorithms (GAs) don't etic Algorithm” by Scott Douglas. Generic GA classes

get caught on local maximums or minimums because o ) .
: : . . were created for Chromosomes and Populations. An in-
their stochastic nature and use of mutation. This paper uses

a GA to perform function optimization, and then analyzes erface was created for defining custom crossover and fit-

- . ness functions. To use the system to solve a problem,
how different forms of crossover affect the number of fit- imblv brovide a crossover funéltion and a fitness ?unction
ness evaluations required to converge on a solution for Py P

simple ten variable function. at measures the fitness of the bit string ac_cordlng to the
problem to solve. Pass these parameters into a Popula-

. tion instance, which randomly generates the initial popu-

1. Introduction lation. At this point, statistics about the population can be

. ) ) ) queried. To advance to the next generation, call nextGen-
Genetic Algorithms (GAs) are effective search techniques,ation(). This function copies a certain percentage of in-
that overcome some of the downfalls of other search teChdividuals to the next generation based on fithess. For the

niques. GAs are a good solution to function optimization e maining individuals, tournaments of two individuals are

problems because they don’t get hung up on local miniye|q 14 find two parents. Crossover is performed based on

mums or maximums. A GAs performance is at least agpq crossover rate. This is done until the new generation

good as random search. _ _is full. Mutation is employed based on the mutation rate
The convergence of a GA is often slower than tradi- 5 2 meter. The next generation process is repeated until

tional numeric techniques that have a good initial guessy,e soytion is found or a maximum number of generations
The GA will spend time checking chromosomes that are 45 heen exceeded

no where near the solution. Optimization of the GA pro-
cess would prove useful. .

Crossover is one major method that GAs use to con-2'3' Initial Parameters
verge on a solution. Crossover is the process of exchang- o Crossover Ratdi.7
ing bits between parent chromosome bit strings. There are
many types of crossover available, but each one has dif- e Crossover Type: 1 Pt.
ferent results. In recent experiments, we have noticed that
uniform crossover generally provides a solution with the
fewest amount of required fitness evaluations. Since fit- o \jax. Generationst, 000
ness evaluations are costly, they are a good metric of how
a GA is performing. By running a function optimization e Population Size50
with different crossover operators, we hope to find results
to show the uniform operator works best.

e Mutation Rate0.001

e Chromosome Length - Proportional to Parameters of

GA Fitness
2. Software Design e Copy Rate0.1
2.1. Functional Description 2.4. Encoding

The GA system must evolve a bit string that represents th

i . . L "Bach parameter of the fitness function is encoded as a float
variables in an equation for the global minimum or maxi-

betweer).0 and1.0. To do this, each parameter of the fit-
1Send correspondenceghd0326@cs.fitedu . ness has thirty two bits assigned to it. These bits are shifted




into an unsigned int to form an unsigned int between zero
and the maximum unsigned int. At this point, that num-
ber is divided by the maximum unsigned int to give a float
betweer)).0 and1.0.

This method provides a robust way to search through
a specific range of values. Since a bit string can be in-
terpreted by the fithess function any way, a float ranging
from 0.0 to 1.0 can be used to come up with any range of
numbers with the most precision possible with thirty two
bits of data. For example, to get a number betw@amnd
40, take the float and multiply it by0. To get a number
betweer30 and70, multiply the float by40 and then add
30.
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3. Testing
Figure 3 The Bohachevsky F1 courtesy of
In order to ensure the system is working properly beforenttp://www.daimi.au.dk/ ursem/EAdocs/EA/testproblems/package-
beginning experimentation, testing was performed on a onsummary.html.
variable function, two-variable function, and ten-variable
function with known maximums and minimums. The ini-
tial parameters were used. The results of the tests show that
the system implemented converges to a correct solution for
functions with different numbers of variables to optimize.
The ten-variable function is then used for experimentation
since we know the system can converge on a solution to it.

3.1. One-Variable Optimization

The function used for one variable optimization was:

zt — 1223 + 1522 4 562 — 60 (1)
over a range fronji—512,512]. See Figure 1 for a graph — —
of the function over this range. See Figure 2 for a graph M W_%
of the function at the global minimum, which was derived (‘—{H-—r—ua—‘_ﬁ—;——-.__—\‘—-\ 1
using a TI-83 to bé7.8102038, —703.7288). The GA de- et
termined the minimum after an averagel®f 944 fitness o {,_f‘—*} 0
evaluations. - e
N e o

3.2. Two-Variable Optimization \1—?{“—“\_,-\ i -2

P 2 1 0 1 2
The Bohachevsky F1 function is defined as Figure 4  The Bohachevsky F1 contour courtesy of

http://www.daimi.au.dk/ ursem/EAdocs/EA/testproblems/package-
2% 4 2y — 0.3cos(3mx) — 0.4cos(4my) + 0.7 (2)  summary.html.

. When bounded from50, 50] for x and y, the function
has more thaf0 maximas and more théi® minimas. See
Figure 3 for a plot of this function and Figure 4 for a
graph of the function’s contour. The optimum minimum
is located at(0,0). The radius of the optimum minimum
is 0.2. The algorithm found the optimum minimum within
the radius after an average4if, 439 fithess evaluations.
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Figure 1 The functionz? — 122> 4 1522 + 562 — 60 graphed over the search space from -512 to 512.
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Figure 2 The functionz* — 1223 + 1522 + 56z — 60 graphed from 7.8 to 7.83 to clearly show its minimum value.



3.3. Ten-Variable Optimization One Point 41, 430

The ten variable optimization function is simple. The al- ¢ Two Different Points 42, 578

gorithm tried to maximize )
(a1 ) 3 A 5) e Two Points, Second Left41, 568
TL XX2XToOXTEXT

(26 x 27 x 28 x 29 x x10) (3) e Two Points, that Could Be Equali2, 307
where all variables are bounded betwadhand10.0. To e Uniform - 36,135
maximize the function, the numerator variables should be
as large as possible and the denominator variables should 6. Conclusion

be as small as possible. The algorithm was able to maxi-

mize the function after an average4¥, 844 fitness evalu-  As expected, uniform crossover yielded the best results for
ations. this function optimization. This is probably due to the bit

string representation. Each variable to be optimized is a
4. Experimentation string of thirty two bits. One point crossover, two point
crossover where the crossover points could be equal, and

Using the ten variable optimization, the type of crossoverwo point crossover where the crossover points must be
was varied to determine how it affected the number of fit-different each affect half of the variables on average. Two

ness evaluations used to find the solution. The types ofoint crossover where the second crossover point must be
crossover studied are included below: left of the first crossover point should affect fewer vari-

One Point - A point is randomly chosen, and the bitsab.les' Unifc_)rm crossover usu_ally gffects all variables due
to the right of that point are exchanged ’between par—t0 Its operation on |nd|V|duaI_ bits with a frequencyors.
ent chromosomes Thege variations of. all varlables.seem to help keep t.he
' function from catching local maximums and local mini-

Two Points, Second Left - A point is randomly cho- mums in functions with multiple variables.
sen. A second point is randomly chosen to the left ~ The five variables in the numerator were encoded next
of the first point. If the first point is the first bit, the to each other, and the five variables in the denominator
second point becomes the second bit. The bits invere encoded together. It would be interesting to see if
between the two points are exchanged between thalternating the encoding had any effect on the number of
parent chromosomes. fitness evaluations required.

) . Future work could include testing the crossover op-
Two Points, that Could Be Equal - Two points are g a10rg on different types of functions. These functions
randomly chosen. If both points are equal, one point., ;4 include multi-modal functions, single modal func-
crossover occurs. If the points are unique, then thej s and functions with small or large average derivatives.
bits between the points are exchanged between they . 151 part will be coming up with a clear way of sepa-

parent chromosomes. rating functions into categories.

Two Different Points - Two points are randomly cho-
sen. The points are not allowed to be the same. If
the same point is picked, it is discarded, and another
point is picked. The bits in between the two points
are exchanged between the parent chromosomes.

Uniform - At each bit location, there is#% chance
that the bits at that location will be exchanged be-
tween the two parents.

5. Results

All two point and one point crossover methods yielded

almost equal results. The only significant deviation was
uniform crossover, which performed much better than the
other crossover operators. Five trials were used for each
crossover operator. The average number of fithess evalua-
tions required to find the solution is included below:



