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Abstract For the remaining individuals, it randomly se-

Variations in genetic algorithm (GA) param- lects two parents from the population. Parents
eters are explored to minimize the time neededvith higher fithesses are more likely to be picked
to find a solution. The GA implementation at- than parents with lower fitnesses. Crossover is
tempts to maximize the number of zeros in a bitperformed on a certain number of parents in the
string. It has pluggable modules for doing differ- population based on the crossover rate. If the
ent crossover methods and fitness functions. Thivo parents don’t undergo crossover, then they
basic GA code stays the same throughout the erare copied to the next generation without modi-
tire system. Variable parameters include mutafication. This process is repeated until the next
tion rate, crossover rate, crossover operator, copyeneration is the same size as the current genera-
rate, number of generations, population size, antlon. Afterwards, mutation is employed based on
chromosome length. the mutation rate parameter.

1. Program Design

Generic GA classes were created for Chromo1 2 Good Genetic Algorithm Parameters
somes and Populations. An interface was cre-
ated for defining your own crossover functions

and fitness functions. To use the system to solvIn this paper, the value of a set of parameters is
another problem yo.u would simgiy provide aﬁjdged by hOW. well it m?nimizes the numbe:'r Of

! . . .. fitness evaluations required. The weakest link in
crossover function and fitness function. For fit-

: most genetic algorithms is the fitness function,
ness functions, large numbers correspond to bet-

. -~ ~which usually requires the most amount of time
ter fitnesses. You pass these parameters into y req

Population instance, which creates the initial po O run. To find a solution quickly, the number
pu : . . p pof fitness function evaluations should be mini-
ulation. At this point, you can query statistics

. mized.
about the population. To advance to the next gen-

eration, you call nextGeneneration(), which uses
the functions you passed in from your main pro-
gram. An overview of the system can be found

in Figure 1. 2. Testing

1.1. Next Generation Algorithm The components of the system were tested in-

dividually. When combined, the algorithm con-

The nextGeneration() function first copies a Cer'verged on solutions. The output of each program

tain percentage of individuals to the next gener, .« analyzed to make sure the algorithm was

ation either randomly or by their fitness values.finolingl solutions in the number of fithess eval-

!Send correspondence to shd0326@cs.it.edu. uations it reported.
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Figure 1 An overview of the genetic algorithm system implemented

finesses

Figure 22 Fitness evaluations required to solve the problem while varying copying parameters. For random copying, a percent of
random chromosomes are copied. For fithess copying, a percent of the chromosomes with the highest fitness are copied.
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3. Results tial population will be the final population. The
o only way to find a solution in this case is to have
3.1. Copy Rate Variation the solution be randomly generated in the initial

For this series of tests we looked at the effect Of)opulatlon. This aspect of the results should be

. : o ooked into more.
copying a certain percent of the individuals from
one generation to the next generation. The first _ o
test copied random individuals to the next gener3-2. Crossover Point Variation

ation. The next test copied top performers 10 thesjg e 3 shows the results of varying the num-
next generation. The results are shown in Figurgye o crossover points in crossover from zero to

2. the length of the chromosome, 30. The graph is
roughly symmetrical around length / 2 crossover
_ _ antt >~ points. When no crossover occurs and a lot of
lection to a certain number of individuals surviv- crossover occurs, the algorithm could not solve
ing by luck. For small random copying rates (5-yhe nroblem in a reasonable amount of time. The

10%), an improvement was shown in the numbeg,, e etspot for the chromosome of length 30 is 10

of fitness evaluations required to solve the probe.,ssover points.

lem. After this, the number of fithess evaluations The results make sense. If you don’t crossover

required increased expone_ntially gntil it can noenough, there isn't enough sharing of genes. If
Ionoger solve the problem with copying rates over,, crgssover too much, good sections of indi-
95%. T_hls is due to a lack of change betweer];y ,als get split up a lot.

generations because too many chromosomes are

copied exactly without modification.

Copying individuals based on fitness lowere

the number of fithess evaluations required to SO|\ﬁgure 4 shows the results for varying crossover
the problem for copy rate values between 5% angates of one point crossover. The more crossover
85%. After 85%, the number of fitness eV&'U-you do, the better the a|gorithm performs_ The
ations required began to increase, although stibweetspot of the crossover rate was 90% crossover.
less than when not copying any individuals. TheThis allowed some individuals with high fitnesses
only exception here is when copying all the indi-to be copied directly to the next population, which
viduals between populations. concurs with the results in Figure 2 that copy-

In two scenarios, both copying processes shadlglsome individuals to the next population based
be equivalent. When copying no individuals toon fitness decreases the number of fitness evalu-

the next generation or when copying all individ- ations required to solve the problem.
uals to the next generation, the copying processes

have_ no effect. For these two scenarios, bot%l 4. Mutation Rate Variation

copying processes should produce similar results.

Our results supported this for copying no indi-Figure 5 shows the results of varying mutation
viduals to the next generation. When copyingrates from 0% to 10%. Mutation rates above
all individuals, the results diverged. The random10% failed to solve the problem in a reasonable
copying algorithm could not find solutions when amount of time. No mutation results in a spike of
copying everyone between populations. The fitfithess evaluations required because not enough
ness copying algorithm found a significant amounariation is introduced when forming future gen-
of solutions. This discrepency could be becauserations. The sweetspot of this mutation rate was
of randomness. With either algorithm, the ini- 1% mutation. Any more mutation increased the

Randomly selecting a percent of individuals
to go to the next population is akin in natural se-

d3.3. Crossover Rate Variation



Figure 3. Fitness evaluations required to solve the problem while varying the number of crossover points out of a chromosome with a

length of 30.
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Figure 4. Fitness evaluations required to solve the problem while varying the crossover rate.
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Figure 5. Fitness evaluations required to solve the problem while varying the mutation rate. One through ten percent mutation rates

are shown. Everything above ten percent did not finish in a reasonable amount of time.

number of fitness evaluations required. This makes Crossover point variation showed that multi-
sense because a lot of mutation would break uple crossover points can produce better results by
good genes and prevent them from being passadcreasing randomness. Experiments should be
on. performed with different length chromosomes to
see if the length / 3 metric is a good metric for
4. Conclusion determining the number of crossover points. The
need for randomness was also displayed in the
In this paper, we have discussed how varyingariation of mutation rate. Some variation is suc-
parameters to a genetic algorithm can affect theessful at reducing the number of fitness evalua-
number of fitness evaluations needed to find a saions required, but too much variation is counter-
lution. This has direct impact on the amount ofproductive. As soon as a solution is being zeroed
time required to compute the solution. in on, it will be mutated to something else.
Copy rate variation showed that the number
of fitness evaluations required is reduced if good
individuals get to the next generation unchanged.
Keeping good chromosomes around to crossover
later in a different way may result in better crossovers
in the next round that wouldn’t happen in this
round due to population size constraints. This is
similar to the results shown from crossover rate
variation because if crossover is only performed
n percent of the time, 100 - n percent are copied
to the new population unchanged.



