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Abstract

Genetic programming is a technique that produces as output the source code of another computer
program. The program is evolved with rules of natural selection that seek to find the best solution to a
particular problem. This report presents the results of tests run on eight different GP method parameters
and shows how variations in the value of these parameters affects the time taken to converge on the
correct solution. The problem used to test the method isthe MAX problem which proved to be a
ample, sraight forward, and easy gpproach for evauating GP efficiency. Testing the method on the
MAX problem can help to develop an optimum search for problems with unknown solutions. This
paper presents the results of this study.
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An Evaluation of the Convergence Properties of a Parallel Genetic
Programming Method

Introduction

Genetic programming (GP) described in Koza (1992) is an approach to automatic programming in
which computers are used to write programs. GP uses an evolutionary search technique to find ahighly
fit computer program in the space of possible computer programs for solving a particular problem. It is
auseful gpproach because it may find nove solutions that might be overlooked in human designed
solutions. Thisis because computers opportunistically attempt to solve the problem without the
congraint of human preconceptions about an appropriate solution path. The technique has been used
by Pryor (1998) to develop behavior for tracking robots, by Barton (2002) to develop multiple pricing
srategies for an agent based economic modd, and by Pryor and Barton (2002) to find manuevering
behaviors for an unmanned aerid vehicle glider (UAV).

An important aspect of designing a successful GP method is in developing optimum settings for the
GP search parameters. Thisisadifficult problem when the solution space is unknown. Therefore, we
conducted tests of a GP method on the MAX problem and measured the time to converge on the
correct solution as the GP parameters changed. Testing the method on the MAX problem can help to
develop an optimum search for problems with unknown solutions. It is Smple, straight forward, and
easy to conduct. This paper presents the results of this study.

Genetic Programming

GP is atechnique that produces as output the source code of another computer program. GP uses
the ideas of biologicd evolution to solve a complex problem by employing the principles of naturd
selection, where the most effective programs survive and compete or cross-breed with other programs,
to continually approach the best solution to a particular problem.

GP gartswith aninitid population of randomly generated computer programs composed of
functions and terminas gppropriate to the problem domain. The size of the population varies based on
the problem but thousands of individuals or programs are typica. Each program that is generated is
evauated for its ability to solve the prescribed task and is assgned a numerica score or fitness for how
well it has achieved thisgod. Some programswill be very effective at accomplishing the prescribed
task and some will not. The higher the fitness, the better the individua. A new population is created by
performing genetic operations including reproduction, crossover and mutation on the individua
programs that make up the starting population. The old population is then discarded and the processis
repested using the new population. Oneiteration of thisloop is referred to as a generdtion.

The following sections describe in detail the tree representation, the genetic operators, and the
solution procedures for the GP method that was used in this study. Theinput variables that were tested



and the input parameters that were used as part of this study are also described in the appropriate
sections.

Program Representation

Programs can be graphically depicted as arooted point labeled tree with ordered branches.
Program “(a* b) —c + (d * €)” would be represented as the tree shown in Figure 1. The basic building
block of atreeis caled anode, with dl nodes in the tree having the same fixed structure. A node can
ether beafunction or atermind. A function node performs a mathematica or Boolean operation and
generaly has branches that point to other nodes. The number of branches depends on the kind of
function, e.g., add, subtract, multiply. A terminal node normaly returns a vaue, does not have any
branches, and terminates that section of the tree. The root node is counted aslevel 0. The tree shown
in Figure 1 is three levels deep, nine nodes, four function nodes, and five terminad nodes.

o

SO
b

Figure 1 — Parse Tree Representation

Two parameters are used to control the Size of atree, with size determined by the number of levels.
The parameter MINTREESI ZE specifies the minimum number of levelsin atree, while the parameter
MAXTREESIZE specifies the maximum number of levelsin atree. These parameters are used in the
following way. If thelevel number islessthan MINTREESIZE, the recursve function that builds the
tree will only sdect from the function node kinds, e.g., add, subtract. This constraint ensuresthat at
least one more level will be added. If the level number is equa to MAXTREESIZE, the recursive
function will only sdect from the terminal node kinds. This congtraint ensures that no more levels are



added to this part of the tree because terminal nodes do not have any branches. For al other level
vaues, arandom sdlection is made.

Genetic Operators

Principles of natura sdlection are used to create a new generation of individual computer programs
from the current population of programs. Three genetic operations are used to create the new
generation: reproduction, crossover, and mutation. Each operator works independently of the other
operators and the usage of each operator is determined by its assigned probability. The reproduction,
crossover, and mutation operators use a selection operation to determine which individuals in the current
population will be acted upon.

The population sze POPSIZE of each generation remains the same. To creste the next generation,
aloop over dl individua programsin the populationsis sarted. Within this loop, a random number
between 0 and 1 is drawn to determine how to replace that individud in the new populétion. This
random number is compared to three probabilities. The probability, PROBMU, determinesthe
percentage of times that the mutation operation is used and the probability, PROBCR, determinesthe
percentage of times that the crossover operationisused. The difference between PROBMU and/or
PROBCR and 1.0 is the probability that the reproduction operation is used.

More specificaly in our GP method, if the random number chosen at the sart of the loop isless than
parameter PROBMU, then the individua program is dtered by the mutation operation. If the random
number is greater than PROBMU buit less than PROBCR then the individua program is dtered by the
crossover operation. If the random number is greater than PROBCR, then the individuad is replaced
through the reproduction operation. When the required number of new individuals is created, the loop
isterminated. Figure 2 isadepiction of the flow of the operation selection procedure. PROBMU and
PROBCR are two of the parameters evaluated in this study.



For all individual programsin the population {

Choose RVALUE (arandom number between 0 and 1)

< PROBMU > PROBCR
RVALUE
> PROBMU
< PROBCR
A 4 \ 4
Mutation Crossover Reproduction
Operation Operation Operation

Figure 2 — Flow of genetic operation selection procedure

Selection Operator

The sdection operator is used to identify individuas in the current population for reproduction,
crossover, or mutation operations. A tournament agorithm is used, which is easy to implement and is
relatively fagt. The agorithm worksin the following way. A SELECTNUM number of individuds are
randomly selected from the population. The fitness vaues of these individuas are compared, and the
individua with the highest fitnessis the winner of the tournament; thet is, the one sdected. If two
individuas are needed, asin the case of crossover, the tournament is repeated.

SELECTNUM isone of the parameters evaluated in this study. Note that the parameter
SELECTNUM éaffects the distribution of individuals sdlected, thus increasing the vaue of
SELECTNUM moves this digtribution toward more dite individuds in the population. For example, if
the value of SELECTNUM isequd to the population size, only the most fit individua will be selected.
Reducing the vaue of SELECTNUM improves diversity by alowing more individuas to take part in
forming the next generdion.

Reproduction Operator

The reproduction operator uses the selection operator to select anew individua. Thusthe
operation involves sdecting a SELECTNUM number of individuds. Thefitness of these individudsis
compared and the computer program with the highest fitness is selected for reproduction. This
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individua program is copied exactly from the current population into the new population. The
reproduction operation does not create anything new in the population of computer programs.

Crossover Operator

The crossover operation crestes a new computer program by selecting two parent programs using
the selection operator. Next, for each sdected individua, a cutpoint is randomly sdected among the
nodes of itstree. Findly, the new tree is created by removing the cutpoint node and al nodes below it
from the firgt tree and replacing them with the cutpoint node and al nodes below it from the second tree.
Figure 3 illudtrates thislast sep. The new tree, which was created by splicing together two treesin the
current population, isthen placed in the next generation. Unlike reproduction, the crossover operation
creates new individuas in the population. By recombining randomly chosen parts of somewhét effective
programs, new programs may evolve that are even fitter in solving the problem.

Tree 1 Tree 2

/

O e A @5@

A
J\ %\@

Figure 3. lllustration of the crossover operator — cutpoints for each of the parent
trees are shown by the arrows.

Mutation Operator

The mutation operation dlows new individuas to be created by randomly changing the vaues of
functions and/or terminas in aselected individua parsetree. Two different mutation styles are tested in
thisstudy. In thefirst type of mutation operation, limb replacement, mutation occurs by choosng a point
in the tree at random and generating anew limb at that point to some random depth not greater than the
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maximum alowed tree depth, i.e. MAXTREESIZE. Thisisgraphicaly depicted in Figure4. Inthe
second type of mutation operation, node swapping, each point in the tree may be atered by a specified
probability. The probability that the swap will occur is determined by the probability, PROBNS.
Therefore, not al nodes will necessarily be swapped. The node swapping operation is depicted in
Figure 5. Terminds are siwapped with dternate terminas from the terminal set and functions are
swapped with functions with the same number of arguments from the function set. PROBNS is one of
the parameters evaluated in this study.

Origina Tree
cutpoint

P P Limb Replacement

® & %

@ New Tree

@/ g\\

Figure 4 — lllustration of the limb replacement mutation operation — cutpoint is
shown by the arrow.
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Figure 5 — lllustration of the node swapping mutation operation.

Node Swapping

The probability, PROBLB, determines the percentage of times that the limb replacement mutation
operation is used versus the percentage of times that the node swapping operation isused. The process
isillugrated in Figure 6. First atreeis sdected from the current population using the sdlection operator.
Next, arandom number is chosen between 0 and 1.0. If this random number isless than PROBLB,
then limb mutation is performed on the selected treg; if it is greeter, then node swapping mutation is
performed. If the node swapping mutation operation is salected, then each node is swapped with the
probability PROBND. PROBLB and PROBND are two of the parameters evaluated in this study.
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Choose RVALUE2 (arandom number between Oand 1)

> PROBLB

< PROBLB

Limb Mutation { Node Mutation

for al nodesin the tree {

Choose RVALUES ( random number between 0 and 1)

> PROBND < PROBND

‘ No Mutation @ D[Mutate Node]
}

Figure 6 — Flow of mutation operation selection procedure.

Solution Procedure

Figure 7 illugtrates the basic solution procedure. The production of the initid generation of
programs is done by randomly generating a rooted, point labeled parse tree from a set of functions and
terminas. The fitness of each individud in the population is then determined, followed by the initiation of
aloop over generations. Within the generation loop, the next generation is created and the fitness of
each individua within that generation is calculated. A test isthen made to determine whether any
individual meets the convergence criterion. If an individud isfound, the loop terminates and the
cdculation ends. If noindividud is found, the caculaion continues.

14
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Sdlection
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|
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|
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Create next generation

no

I
y ves

Done
Figure 7. Solution procedure used.

The cdculations were done on the CPLANT massively pardld computer at Sandia Nationa
Laboratories. Running on the paradld computer requires some dight modifications in the basic solution
procedure to alow sharing of the “global-best” tree among processors. A processor is identified by its
number, whose range is 0 to the number of processors dlocated minus 1. In our implementation,
process 0 is the master process which checks for convergence, collects the best trees from the other
processors, determines which is the globa-best tree, and handles sending this tree to the calculation
processors. Each of the remaining processors run the same genetic program and run independently of
the other processors.

At the end of each generation, each processor determines the best treein its population and sends it
to processor O where the globdly best tree is determined. This send occur only if the local best tree has
alarger fitness than the global-best it had received earlier. Processor O then determinesif anew global-
best tree is found and then broadcasts the new global-best tree to al processors. Accordingly, each
processor decides whether the global-best tree will be employed in creating the next generation, using a
rule that depends on the generation number. If a processor decides to use the global-best tree, the
processor inserts that tree into the current generation to replace the tree that had the smallest fitness. In
thisway, the globd-best treeisincluded in dl of the genetic operations that produce the next generation.

The reason for not using the globa-best tree dl the time isto maintain divergity in the entire
population. The convergence rate is proportiond to a measure of the diversity. If al processors used the
global-best tree in each generation, it would not be long before dl of the trees would ook much the
same, and the rate of improvement would be reduced.

Figure 8 illustrates how the global-best tree is shared between the master processor and the
caculation processors. The master processor receives the best trees from dl of the calculation
processors and then determines the current global-best tree. I the last time that a global-best tree was
sent to dl of the calculation processorsis greater than the value of the parameter SENDTIME, then the
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treeissent. Thetreewill be sent to al of the caculation processors with PROBSND probability. Thus
not al of the calculation processors will necessarily receive the globa-best tree. The calculation
processors will accept the global-best tree into its population of trees only if the current iteration is
greater than the value USEGLOBALITER. Thesethree parallel process variables were tested in this

study.

Receives Best Tree Build New Generation
d Best Tree

Evauate for
Convergence

Send to process Receive Global
with PROBSND Best Tree

Send Global Best Tree probability
(if time since last
send > SENDTIME)

Use
Global Best Tree

- if Generation >
End Problem USEGLOBALITER

Figure 8 — Representation of Parallel Process Procedure.

The MAX Problem

Gathercole and Ross (1996) introduced the MAX problem to evaluate the standard GP crossover
operator. The MAX problem uses a given function set and termind set; and for a maximum tree depth,
seeksthe largest possible value. There are severa advantages of the MAX problem for evauating
setup parameters for a GP method. The MAX problem has aknown optima value but can be a
difficult problem for GP to solve. The results are known quickly and the solution space is easy to
visudize. The problem can be varied with different function or termind sets and changing the maximum
tree depth allowed.

In this paper we used the function set {*,+} and one termina of value 0.5. The root node counts as
depth 0. For this version of the problem, in order to produce the largest value for tree depths of four or
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greater, the GP must build a tree where leaf terminas are combined with + nodes to assemble subtrees
with the value of 2.0. These must then be connected with either a+ or * to give a higher level subtree
vaue of 4.0. All nodes higher than thisbasic set must be*. The optimal base subtrees for this problem
are shown in Figure 9.

Optimal base tree structure for MAX, {+,*} {.5}

Treevalue=4.0

> Subtree value <
=20
_/

Figure 9 — lllustration of the base tree structure required to find the optimal value
for MAX {+,*},{0.5}, Depth > 4.

A generic optimd tree of depth 4, is depicted in Figure 10. For a given depth D, the maximum
possible tree valueis 42, where D >= 3. Thus the optimum vaue for the tree in Figure 10 where D is
4 (the root node counts as depth 0) is 16.
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Multiply

Add Add
Or Or
Multiply Multiply
Add Add Add Add
|Add| |Add| |Add| |Add| |Add| |Add| |Add| |Add|

|0.5||0.5||o.5||0.5||0.5||o.5||o.5||0.5||0.5||o.5||0.5||0.5||o.5||0.5||0.5||o.5|

Figure 10 — An optimal tree for MAX depth 4, {+,*}, {0.5}

Parameter Evaluation Study

The parameters and the range of vaues that were evaluated are listed in Table 1. All parameters
are described in the previous sections. The GP cdculation parameters that were used in the study are
liged in Table 2. The caculation parameters include variables like population size, maximum tree depth,
and initid tree depth settings. The cacuation parameters were the same for dl runs.

Table 1 — GP Test Parameters and Values

Parameter Description Range of Values
SELECTNUM Number of individuals taking part in tournament selection 4-40
PROBCR Crossover probability 1-1.0
PROBMU Mutation probability 1-1.0
PROBLB Limb mutation probability 1-1.0
PROBND Change node probability 1-1.0
USEGLOBALITER |First iteration that the global best tree is accepted 0 - 450
PROBSND Probability that the global best tree is sent to a process 1-1.0
SENDTIME Minimum time in between best tree send 0-135
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Table 2 — Calculation Parameters

Parameter Description \Value
MAXNODES Maximum number of nodes 512
MAXTREEDEPTH |Maximum depth of final solution (root node = 0) 8
Maximum depth of initial population of trees (root node
MAXINITDEPTH  |= 0) 5
Minimum depth of initial population of trees (root node =
MININITDEPTH 0) 3
ANSWER Solution to the MAX problem 18446744073709552000
POPSIZE Population size 100
PROCESS Number of nodes used on CPLANT 9

The computations were performed on Sandia s massively pardle CPLANT computer. The MAX
problem was solved 500 times for each paramter vaue that was tested. Each new run was started with
anew random number seed. The vaue used for dl the variable parameter input valuesis shownin
Table 3. These valueswere used for dl of the problems except for the runs that tested PROBCR. For
PROBCR the PROBMU vadue was st to 0, so the mutation operator was not used and the impact of
crossover versus reproduction could be evauated.

19



Table 3 — Standard Values for GP Method Variables Used in the Tests

Parameter Standard Value
SELECTNUM 4

PROBCR 0.9
PROBMU 0.5 or “0.1 for PROBCR
PROBLB 0.5
PROBND 0.2
USEGLOBALITER 50
PROBSND 0.5
SENDTIM 30

The problem was considered to be solved when the correct answer, ANSWER, for the MAX
problem was discovered by one of the cal culation processors and sent to the master processor. The
problem was ended at this time and the solution time was recorded. The average solution time and
standard deviation for the 500 runs are plotted for each input value in Figures 11 — 19.

Results

The following graphs display the average solution time and the sandard deviation of the vaue for the
500 test runs. The first five graphs are parameters that control the genetic operations and the last three
graphs are parameters that control the sharing of solutions across processors.

Genetic Operators

The results for the number of trees, SELECTNUM, used in the tournament selection process
(Figure 11), show that the convergence timeisllittle affected by the percentage of trees used in the
tournament after about 10% of the population. The population sze used in thistest was 100. The
selection procedure plays an important part in dl of the genetic operations in this GP method.

Theresults of varying the probability of the mutation and crossover operations shows the
interrelationship between the use of these two operations with the reproduction operation. Our results
show that convergence time increases as the probability of mutation increases (Figure 12). When
mutation becomes the primary genetic operation, i.e. when PROBMU is greater than .9, a solution for
the MAX problem of depth 8 could not be found even after hours of searching. However, we dso
found that crossover without any mutation, i.e. when PROBMU = 0, can not solve the MAX problem
of depth 8. Gathercole and Ross 1996 report smilar results and the failure of the crossover operation
donein finding a solution for the MAX problem with depths greater than 6.

To test the relative role of reproduction and crossover, the mutation operator, PROBMU was st to
aminimum vaue of 0.1, and PROBCR was varied from .2 — 1.0. The results of these tests are
displayed in Figure 13. When PROBCR islow, the reproduction operator becomes the principal
genetic operator in building the next generation. Reproduction does not create new trees but improves
the fitness of the population through sdlection. Our results indicate that convergence time is dowed
when reproduction is the predominant genetic operator. However, when some reproduction is part of
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the genetic operations mix i.e., when PROBMU is .1 and PROBCR is .8 - .9, convergence improves
by about 3% as compared to when no reproduction is used, i.e., when PROBMU is.1 and PROBCR
is1.0.

The results for the two different styles of mutation, limb or node, are shown in Figures 14 and 15.
Thereaultsindicate that the style of mutation used has little effect on convergence time aslong aslimb
mutation is not used exclusively (i.e. when PROBLB = 1.0). In addition, node mutation operation is
best deployed on only a smal number of the tree nodes (i.e. when PROBND is about .1).

Global-Best Tree Sharing

The parameters that control the sharing of the global-best tree across processors show little impact
on convergence time (Figures 15 — 18). When the globd best is shared at the earliest possible iteration
(USEGLOBITER = 0), the convergence time is only dightly faster than sharing after 450 generations.
When the probability that the calculation processors receive the global-best tree islow (PROBSND =
.1) convergence time is only dightly improved over the possibility that al of the processors receive the
global-best tree dl of thetime (PROBSND = 1). Convergence timeis actudly improved for smaler
delays (SENDTIME < 15) for this problem, meaning that an earlier sharing of the global-best tree
improves the efficiency of finding the correct solution. Gathercole and Ross, 1996, suggest that GP
findsthe MAX problem difficult because it quickly finds suboptimal solutions which contain + nodes
near the root of thetree. Although sharing the global-best tree early in the problem reduces the diversity
of the population, it helps to keep the calculation processors from concentrating on these suboptimal
trees. This may not dways be the best solution for other problems without many suboptima solutions.
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Figure 11 — Solution time for variation of the number of trees (SELECTNUM)
chosen in the tournament selection process.
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Figure 13— Solution Time for variation of crossover probability (PROBCR).
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Figure 14 - Solution Time for variation of limb mutation probability (PROBLB).
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Figure 15 - Solution Time for variation of node mutation probability (PROBND).
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Figure 16 - Solution Time for variation of iteration that the global best tree is
accepted by the process nodes (USEGLOBITER).
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Figure 17 - Solution Time for variation of the probability that the global best tree is
sent to the process nodes (PROBSND).
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Figure 18 - Solution Time for variation of the wait time before the global best tree is
sent to the process nodes (SENDTIME).

Conclusions

We have shown that the MAX problem is auseful and smple method to find the best settings for
GP method parameters. The results of this study showed that steps taken to limit sharing of the global
best tree had little effect on the results of the study. However, convergence time was strongly affected
by the choice of genetic operation and the manner in which the genetic operationsintermixed. Utilizing
the MAX problem to tune the GP method parameters is a useful exercise and one that can help improve
the efficiency of problem solving with GP.
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