CS 572, EVOLUTIONARY COMPUTATION, RESEARCH PAPER, FALL 2002, JOHN M. HALL 1

An Investigation Into the Selection Method of
Crossover Points in a Genetic Program

John M. Hall, Student, University of Idaho

Abstract—This research assesses the use of six properties forRandom selection makes it unlikely for the top nodes in a tree

use in crossover point selection methods. In order to do this, to be changed by the crossover operation. This is significant
exhaustive crossover was performed between pairs of individ- and may hinder evolution [18].

uals after selected generations. This showed that the selected o
of crossover points is significant to the effectiveness of the The current standard method for determining crossover

crossover operation. It also showed that current methods used points is known as the 90/10 rule. The 90/10 rule improves

to select crossover points are not optimal. The results show on the random crossover point selection method by requiring

E”O”Q correlations between several metrics and the percent of .1 9407 of the crossover points chosen must contain internal

eneficial crossovers. These results provide a strong foundation . .
for designing future crossover point selection methods. nodes and that onlt0% of the crossover points consist of
only a single leaf node. This results B1% of crossovers

having at least one internal node in each brant} of

crossovers where only one branch has internal nodes] %nd

of crossovers where both branches consist of only single leaf

|. INTRODUCTION nodes. While this method does improve crossover by reducing

ENETIC programming (GP) relies heavily on thehe number of crossovers performed on the leaf level of the
crossover operation to improve the program trees. Utree, it also does not make crossover selections toward the top

fortunately, no research has been done to investigate timles in the trees likely. As a result, the top of the program

effectiveness of the selection method used to choose crossdwees often become fixed.

points. The current state of the art is somewhat arbitrary.  pepth fair crossover selects branches of approximately the
This research is important in order to improve the state §hme size [5]. This is done in order to control code growth. The
the are in crossover point selection methods. It is believegdym of depth fair crossover selection discussed in this paper
but will not be addressed in this paper that this should exte@g| only choose branches of exactly the same height. This is
to allowing genetic programs to be completed using fewgrsjight simplification of the traditional depth fair algorithm.
generations. This would allow larger problems to be solveghs simplification is not recommended for actual generational
using fewer computer resources. It is also believed that a gagsk. It is important to note that depth fair crossover is typically
crossover algorithm will at the same time improve the diversifysed not to improve the effectiveness of crossover, but instead

of the population. to control growth.

The_prlmary null hypothesis that will be investigated by th|_s In order to analyze crossover point selection methods, is

ints. | ticular this | tended to includ tfﬂgportant to consider what defines a good crossover point
crossover points. In particular this 1s extended fo include E%Iection method. The criteria presented here are not standard

six additional null hypothesis that there is no relat|onsh|8r rigorous. They are presented to understand the experimental
between depth from the top of the tree, depth from the bottg teria used below as well as to present limitations of this
of the tree, depth below, shortest depth below, percent of ] %ddy Crossover should

tree depth, and percent of the tree contents from the selecte
crossover point. 1) Improve the quality of the best individuals.
2) Maintain the overall quality of the population.
Il. BACKGROUND 3) Be uniform over generations.
Be uniform over problems.

Index Terms— Evolutionary Computation, Genetic Program,
Crossover, Crossover Point Selection Method.

There are several crossover point selection methods cur® e !
rently under research. This research looks at several of thesg) Maintain diversity. o
methods. Random selection chooses nodes at random [3f) Allow all possible recombinations.
The 90/10 rule favors internal nodes. Depth fair crossover|,q reasoning behind most of these criteria is simple. The

exchanges nodes of similar height [5]. Uniform crossover [18]¢ 10 specify that the population should in general improve
Random selection chooses crossover points completely gt qenerations. The second two specify that the crossover
random. In a binary tree, this results in approximatslyo  ,erator should be general and not need specific domain
of the crossover points con5|st|ng of only a smg_le leaf nOdPnowledge. The final two criteria require crossover to allow
As the fan-out of the tree increases, so does this percente}ﬂ%‘genetic program to assess a significant region of the fitness

Manuscript submitted May 12, 2002 to Dr. Terry Soule. landscape. This paper only addresses the first three of theses
This research was for CS 572 (Evolutionary Computation). criteria.
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I1l. EXPERIMENT best solution in a generation are added to the next generation.

] ) o Offspring from the current generation are added until the
One genetic programming problem was used in this expefaneration is full. The offspring are created by selecting two

iment. This program was the Santa Fe Trail. In ge_neral, ﬂ}ﬁ%rents. This selection is done using a process known as
research used the standard definitions used for this problegyament selection. In this system, tournament selection
The Santa Fe Trail problem involves evolving programs {gygoses a parent by choosing the most fit of three randomly
guide ants through a landscape containing food. chosen individuals. Crossover and mutation are done to copies
Each program was represented by an expression tree. Bghe two selected parents. If either of these individuals
terminal nodes on this tree represented actions that a simulatgfltains more nodes than the maximum discussed above, it

ant could perform. There were three terminals, Forward, Lef§, discarded. The surviving offspring are added to the next
and Right. As implied by their names, these actions woulhpylation.

move or rotate the simulated ant. The non-terminals in themutation will always change a terminal to a terminal, and
tree where the structure of a program. There were three n@hnon-terminal to a non-terminal. Since all non-terminals have
terminals, If Food Ahead, Prog2, and Prog3. If Food Aheaflree branches, this process may cause operative branches to
will execute the commands on the left branch if there isecome inoperative and vice-versa. Unfortunately, since there
food immediately in front of the simulated ant, and wilis 3 1/3 chance that the mutation will operate on an unused
execute the commands on the left branch if there is not fogganch, and there is a 1/3 chance that the mutation will change
immediately in front of the simulated ant. Prog2 and Progg operator to the same type, there is only a 4/9 probability of
allow compound statements. Prog2 will execute the commanglsch mutation actually modifying a program.
on the left branch followed by the commands on the right The crossover selection method used is random. This was
branch. Prog3 will execute the commands on the left bran@hosen to minimize the chance that the population at any given
then the commands on the center branch, and then finally, §#heration is biased due to the evolutionary process.
commands on the right branch. All non-terminals had three|n previous experiments, a simple linear convergence ran-
branches. If Food Ahead and Prog2 ignore the commangism number generator was shown ineffective. As a result, the
on the center branch. All valid solutions are constrained Wersenne Twister random number generator [11] was used to
that they must contain 500 or fewer nodes. They were algenerate all random numbers.
constrained to a maximum heigh of 20. These limitations The entire experiment was run for 50 trials. In each trial, a
were imposed to limit code growth as well as to effectivelgopulation of 200 individuals was evolved for 80 generations.
measure possible crossovers. Any solution that did not mggbm the initial population and from populations 1, 5, 10,
both requirements was eliminated from the population. It @), 40, and 80, twenty pairs of individuals were selected
interesting to note that the combination of both of thesgsing the same selection method as used for the evolutionary
requirement makes it possible for both offspring of a crossovgrocess. On these twenty pairs of individuals, all possible
to be removed from the population. However, the probabiliyairs of crossover points were tried. The offspring from each
of such an event is sufficiently small as to allow us to ignorgair of crossover points was evaluated. It should be noted
it. that this large number of possible crossover points resulted
The fithess of each solution is calculated by actually runnirig a large number of fitness evaluations. Mutation on the
the program for the simulated ant. The ant is limited to 608ffspring was ignored. In addition, these individuals were
actions including Forward, Left, and Right. The simulated ambt compared to the size or depth constraints used while
will immediately stop moving once this limit is reached. Theunning the generations. Each offspring program was evaluated
fitness of each program is represented by an integer. The fitnassdiscussed above. Its resulting fitness was compared to its
is the number of food squares visited. Parsimony pressureparent’s finesses and was determined to be either a beneficial
applied as a tiebreaker if two programs visit the same numlebssover, a neutral crossover, or a detrimental crossover.
of food locations. Those results were stored according to the following metrics
The initial population of solutions is created randomly usingbout the crossover points selected:
a process of ramped half and half. Using this method, half of 1) Depth- distance to the top of the tree
the trees are full and half are randomly grown. The maximum 2) Reverse Depth distance to the lowest part of the tree
size of the tree cycles between 4, 5, and 6. The grown trees alB) Maximum Child Depth distance to the lowest part of
have a non-terminal for the root node. At all other positions  the subtree.
in the tree, there is an 80% chance of a non-terminal, and4) Minimum Child Depth shortest distance in the subtree
a 20% chance of a terminal. In all trees, both terminals and to a leaf node.
non-terminals are chosen uniformly from the appropriate node5) Percent of Tree Height the percentage down the tree
types. of this selected point.
The genetic program uses a generational model to updaté) Percent of Tree Countthe percentage of the tree’s nodes
the population. This means, that in each generation, a new pop- that are within this subtree.
ulation is created from the current population. The population These metrics were chosen because they are relatively easy
size was 200. The new population then replaces the currémicalculate so could be used by a crossover selection method.
population. In order to guarantee that the best solution is nevealso seems reasonable to believe that they may be related to
lost, a technique known as elitism is used. Two copies of tieffectiveness of crossover. The results of each crossover were
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also stored based on which other methods could produce the
crossover. Results for random, 90x10, and depth fair selection
methods were stored.

Both offspring results for each crossover were viewed
together. This allowed assessing how well the crossover im-
pacted the population since all instances of fithess shifting
were removed. This form of assessment is especially relevant
for some forms of crossover such as depth fair crossover where
the second point selected is limited by the first selection. Since
depths were limited to 20 nodes, the first four tables were
20x20 results. The percentages were also scaled to be from 1
to 20. The first column represent®-5% and so forth.The
tables created will allow statistically determining the number
of successful crossovers that may be expected for every pair
of crossover points matching the metric. Mathematically, this
definition for a successful crossover, a neutral crossover, and
a destructive crossover respectively is

f(o) > maz(f(p1), f(p2)) 1)
f(o) = max(f(p1), f(p2)) (2
f(o) <max(f(p1), f(p2)) 3)

These definitions allow us to successfully assess the first
crossover selection method criteria listed in the introduction.
Specifically, in order to improve the population, the crossover
must create an individual that is better than both parents.

The code was optimized in several ways to allow the
above test to complete in a reasonable time. Without these
optimizations, the experiment was expected to take over
one week on a 2 GHz workstation. The simplest and most
beneficial optimization was to modify the parents themselves
while testing the crossover. After evaluating both offspring, the
crossover branches were moved back to their appropriate trees.
Another optimization involved improving the performance of
the evaluation routine. This optimization is described in [3].

IV. RESULTS
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Fig. 2.
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Fig. 3. Comparison of Crossover Selection Methods

generational algorithm. If the drift hypothesis is true, then This exhaustive crossovers technique appears to be unique.
those programs that were too large may have skewed thevould appear to present some experimental methods of
results to increase our percentages. testing other genetic programming concepts. For example, the
The analysis so far has not dealt with criteria 2 from oulrift hypothesis could be tested by comparing the fitness to
introduction. The problem is in defining non-destructive. If ththe size of each offspring reachable through crossover at any
selection pressure is high, than disrupting a large portion @éneration.
the population may be acceptable. However, if the selection
pressure is low, then it may be easy to destroy the population.
Without precise studies, it will be difficult to assess what
percentages of crossovers must be non-destructive for {\epersano-Begey, Tommaso FGontrolling Exploration, Diversity and
population to survive. In general, our results showed that Escaping Local Optima in GP: Adapting Weights of Training Sets to
especially in later generations a vast majority of crossovers Model Resource Consumptiomate Breaking Papers at the 1997 Genetic
. . . Programming Conference, John R. Koza ed, availablehtyi://
were n.on—destructlv.e. This \{vould be explained well by the (iteseer.nj.nec.com254220.htm .
protective hypothesis regarding code growth. Though the e} Burke, Edmund, Steven Gustafson, Graham Kendall, Natalio Krasno-
sults are not presented here, we believe any selection methodg°". Advanced Population Diversity Measures in Genetic Programming
id d ab Id b v d . h Seventh International Conference on Parallel Problem Solving from Na-
considered above would not be overly destructive to the ture, 2002, available &titp://citeseer.nj.nec.com/529057.

population. html .
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