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Abstract
This paper describes methods for evolving 2-D cellular automata

to perform global computations. This is a di±cult task becauseglobal
behaviors must arise from local computations of many parallel cells.
We present the results of numerous tests involving di®erent genetic
algorithm methods to perform the 2-D equivalent of classic1-D CA
tasks, including density classi¯cation and synchronization, and our
own 2-D CA balanced surface minimization task. The performanceof
the GA was improved greatly by the useof totalistic CA rule tables,
increasing the ¯delit y of ¯tness functions, and with coevolutionary
techniques.

1 In tro duction

Emergent behaviors of simple individuals to perform complex patterns are
a basic property of cellular automata (CA). This property is represented
in Conway's Game of Life and solutions to density classi¯cation and syn-
chronization found by Melanie Mitchell [1]. Becausecomplex behaviors are
formed by simple rules represented by bit strings, a geneticalgorithm is par-
ticularly suited to developing the rules. For the experiments performed,an
adaptation of Peter Anderson'sgenetic algorithm program evolved density
classi¯cation, synchronization, and balancesurfaceminimization rules for a
two state, two dimensionalcellular automata.

The density classi¯cation, synchronization, and balancedsurfacemini-
mization problemsfor 2D cellular automata di®ersigni¯cantly from the tra-
ditional 1D CA approach. In a one dimensionalCA, the cells only consider
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neighbors to their left and right. While in a 2D CA the cellsmust userules
that account for neighbors above, below, left, and right of itself. If it does
not, the CA will only solve the problem along rows and columnscausinga
striped state matrix. The spatial increasein the neighborhood alsoincreases
the complexity of the CA implementation becausethe environment changes
from a ring to a torus, where the top and bottom edgesare connectedand
the left and right edgesare connectedin the state matrix.

2 Design

2.1 Neigh borho od

A cellular automaton's neighborhood determinescells' update rulesand con-
sequently has a major impact on the Genetic Algorithm usedto ¯nd those
rules. In an n neighborhood CA the genome'slength is 2n , which makesthe
search space22n

. For theseexperiments a neighborhood of nine wasselected
to increasethe knowledgeof an individual cell becauseit knows about all of
its neighbors, Figure 1 depicts this. A neighborhood of nine yields a gnome
length of 512and search spaceof 2512, or 1:34£ 10154.

Figure 1 also depicts other possibleneighborhoods. In future work, the
neighborhoodsbetweenthree and nine shouldbeexperimented with to deter-
mine the bestbalancebetweencell knowledgeand computational complexity.
If classi¯cation can be achieved with the next smallest neighborhood size,
¯v e, the search spacewill be reducedfrom 2512 to 232, a massive 2480 times
decreasein the search space. A neighborhood of two should not be used
becausethe cell only will know about its row or column which is equivalent
to running many onedimensionalcellular automata in parallel.

2.2 Densit y Classi¯cation

With D representing a percentage, in density classi¯cation the CA starts
with a board that consistsof D% onesand 100-D%zeros,e.g. 70%ones30%
zerosabbreviated 70-30,andforms a board with either all onesor all zeros
depending on which had the higher initial density. For example,if the CA's
initial state was 70-30there are more 1's than 0's so the CA should become
100%1's and remain in that state. Likewise,if the initial state was 30-70
the CA should becomeall 0's, Figure 2.
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n = 9 n = 5 n = 4 n = 3 n = 2

Figure 1: Depictions of Neighborhood Sizes(n). The black square is the
cell the rule applies to. Gray squaresare the active neighbor cells used to
determinethe new value.

Figure 2: Illustration of a random board and density classi¯cation. Dashed
arrows indicated the CA moves to either an all one or zero state basedon
the original density.

To determine the ¯tness of a density classifyinggenomethe cellular au-
tomata was run twice by the GA, oncewith more 1's than 0's (sum of 1's),
then again with more 0's than 1's (sum of 0's). This was done so the GA
did not ¯nd a rule that always turned the states to either all 1's or all 0's
regardlessof density. Equation 1 shows the ¯tness function. In a nine by
nine CA, the number of cellsequals81; thereforea 100%¯tness is a GA with
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a hero equal to 162.

Density ¯tness function = sum of 1's+ sum of 0's (1)

2.3 Synchronization

In synchronization the CA starts with a randomboard, turns the board to all
1's or 0's, then oscillatesbetweenall 1's and 0's every time step,Figure 3. To
determinethe ¯tness of a synchronizing genomethe CA is run for a number
of time steps. The CA cells' valuesare summed,sum1, and the CA is run
for another step, and the cells' valuesare summedagain, sum2. The CA is
run one last time and the cells' valuesare summedsum3.

Synchrony ¯tness function = jsum1 ¡ sum2j + jsum2 ¡ sum3j (2)

As we seefrom the Equation 2, maximum ¯tness occurs when the CA
oscillatesbetween 1's and 0's or 0's and 1's acrossthe three time interval
check.

Figure 3: Illustration of a random board synchronizing and oscillating be-
tweenhomogeneousstates.
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2.4 Balanced Surface Minimization

Balanced surfaceminimization is a multi-ob jective problem where the CA
must contain the samenumber of 1's and 0's (balance), and homogeneous
collectionsof 1's and 0's where the number of cells with adjacent neighbors
that have di®erent valuesis minimized (surfaceminimization). In a 2D CA
cells have eight adjacent neighbors: north, northeast, east, southeast,west,
south, southwest, and northwest. Theseobjectivesare in opposition because
the most minimal surfacehas all onesor zeroswhile the best balancehas
50-50onesand zeros.

Figure 4: Examplesof optimal balancedsurfaceminimizedcellular automata.

Figure 4 showsoptimal balancesurfaceminimizations wheretherearetwo
homogeneouscollectionsof 1's and 0's (remembering that the CA board is
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toroidal). In theseCAs thereareequalsnumbersof 1'sand 0's, corresponding
to the red and black pixels, and the majorit y of cellshave neighbors of equal
value. At worst, a cell has three adjacent neighbors with a value di®erent
from its own: the cellson the edgeof the homogeneouscollections. Figure 5
shows a suboptimal surfaceminimization where the cells always have four
adjacent neighbors of di®erent value. The worst con¯guration of cells for
surfaceminimization is a striped pattern, whereeach stripe hasa cell width
of one. In this con¯guration, the cellshave six neighbors of di®erent value.

Equation 4 is the GA ¯tness function to ¯nd a balancedsurfaceminimiz-
ing genome.

BalancedSur f aceM inimiz ation F itness F unction (3)

if sum > num cells ¤ 2 then sum = num cells ¡ sum end

f itness = sum ¤ weight + (6 ¤ num cells ¡ num edges)

The ¯tness function ¯rst sumsall the cellsin the CA. Becausean optimal
balanceis 50-50onesand zeros,a higher ¯tness is given to 50-50by using
the sum if it is lessthan half the number of cells, or number of cells minus
the sum, if the sum is more than half the number of cells.

The surfaceminimization is a function of the worst balancedsurface,six
adjacent neighbors with di®erent values,times the number of cellsminus the
number of edges,wherean edgeis de¯ned astwo adjacent cellswith di®erent
values. This producesa largenumber whenthe surfaceis minimized because
there are few edgesto subtract from 6 ¤ num cells. The ¯tness function
compensatesfor the opposition between balanceand surfaceminimization
through a weighting factor on the balance¯tness, a weight of eight wasused
for all experiments. The weight avoids the problem of the surface mini-
mization ¯tness becominglarger than the balance¯tness causingthe GA to
producerules that tend to favor surfaceminimization over balance.

2.5 Implemen tation

The two-dimensional cellular automata used was designedto be generic,
reusable,and fast. A 2D CA was initially developed in MATLAB, but it
was apparent the implementation was too slow to run a reasonablerangeof
experiments. The CA wasthen written in C++, which signi¯cantly increased
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Figure 5: Suboptimal surfaceminimization with high balance.Each cell has
four neighbors of di®erent value.

the performance. For example,the MATLAB CA performed300 iterations
on a twenty by twenty state 2D CA with neighborhood sizenine in 50 to 60
seconds,while the samecon¯guration for the C++ CA ¯nished in lessthan
onesecond.

The C++ CA also provides a view interface,CAHistory.h, which allows
a program to monitor every state change as it occurs. This is useful in
many ways, such asvisualization of the CA during processing,maintaining a
history of the state after every processingstep, and performing calculations
on newstates. In addition, helper methods werecreatedto easilyoperateon
the CA.

A traversemethod wascreatedto iterate over the state matrix. Traverse
takesa method as a parameterand passesthe the value of each cell to that
method as it traversesthe matrix. This simpli¯es code and reducescoding
time becausea nestedfor loop doesnot needto bewritten for every traversal.
Similarly, the method setStatestakesa method as a parameterand setsthe
return value of that method to every cell in the state matrix.

One drawback to the C++ implementation of the cellular automata was
the genetic algorithm program ga neededto be converted to C++. To ac-
complish this in the period of time alloted to ¯nish this assignment, ga was
converted in utilit y only, and doesnot have true Object-Oriented function-
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ality.
With the transition from C to C++ new functionality was addedto the

GA program including the abilit y to set the running duration in secondsand
a parameter that forcesthe GA to usethe current time as a seedinstead of
a constant.

If the duration is set the GA will stop in that number of seconds.This
helps in running experiments becausethe duration of an iteration doesnot
needto bedeterminedby experimenters that want to run the GA for a certain
period of time instead of a number of iterations.

3 Basic Genetic Algorithm

A basic bit-string GA is used as a ¯rst attempt to solve the problems of
density classi¯cation, synchronization, and balancedsurfaceminimization.
It is a steady state GA (population sizeremainsconstant) basedin part on
an implementation by Peter Anderson. A population of possiblesolutions,in
this casethe CA rule tables, are evaluated for ¯tness and recombined using
geneticoperators in a search for optimal solutions.

3.1 Parameters

The following is a list of someimportant parametersused by the genetic
algorithm, the e®ectthey have on the GA, and a description of the values
chosen.

² Population size: The number of individuals maintained as possible
solutions by the GA at any time. A value of 200 was used for most
runs.

² Tournamen t size: In choosing parents from which children will be
createdby geneticoperators, two tournaments are held, the winner of
each is a parent and the loserof each is replaceby a child. The tourna-
ment sizedescribesthe number of random individuals that are chosen
from the population for each tournament. For all reported experiments
tournament sizewas set at 2.

² Crossover T yp e: Genetic crossover can be set to one-point, two-
point, or uniform. For all reported experiments one-point crossover
was chosen.
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² Mutation Rate: The probability that a new child will undergo a
mutation, asdescribed by the mutation e®ect. A value of 0.5 wasused
for experiments reported here.

² Mutation E®ect: The probability that any bit in a child selected
for mutation will be °ipp ed. For example,if mutation rate is 0.5 and
mutation e®ectis 0.05, on averagehalf all new children will have 5%
of their bits °ipp ed. A value of 0.05wasusedfor experiments reported
here.

² Duration: The amount of actual processingtime the GA wasallowed
to evolvesolutionsfor. This wassetto 30minutesfor mostexperiments.

² Lo ops: An alternate descriptionof the length of time the GA is allowed
to evolve solutions for. In this case,it describes the number of child-
creation cyclesallowed. With n loops, (2 £ n+ population size)¯tness
evaluations will be done. This was usually set to 0, representing no
limit on the number of loops, to allow the GA to run for the speci¯ed
time duration.

² CA Rows and CA Columns: The number of rows and columnsof
the CA state matrix. For most experiments reported here this value
was 15£ 15, though many other sizeswereusedin testing.

² CA Neigh borho od Size: The neighborhood size determines the
neighborhood pattern discussedearlier. This wasset to 9, correspond-
ing to the center cell and the eight cells adjacent by a chessking's
move.

² CA Iterations: The number of iterations the cellular automata runs
for. A value of 300was usedfor all experiments.

² CA Initial Maxim um Densit y: The CA state matrix's initial den-
sity. Valuesare speci¯ed for the maximum percentage of ones,e.g. 70
createsa table with 70%ones.For density classi¯cation values60, 70,
and 80 wereused. For synchronization and balancedsurfaceminimiza-
tion the density was kept at 50%.
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3.2 Basic GA Results

The initial results from the basicGA weredisappointing for each of the three
problemswhen the board sizewas signi¯cant (dimensions15£ 15) and the
time allowed for evolution was reasonable(30 minutes). For small CAs or
very long evolution times solutionscould be found by the GA. Improvements
to the GA described later performedmuch better with large board sizesand
short evolution times.

Figure 6 shows the number of ¯tness evaluations, time spent, and heros
(best ¯tness found) for the basicGA for each of the three problems.

Figure 7 shows the resultsof testing the bestgenomefound for each prob-
lem comparedto random rule tables. To achieve the random results, 1500
random individuals, or rule tables, were generatedand each was evaluated
for a di®erent random CAs. All reported ¯tness valuesare normalizedto the
range [0; 100]. The best found genomeswere then tested against their own
set of 1500random CAs. Theseresults show no signi¯cant improvement of
the best found genomeof the GA over random genomes.

Number of
Method Fitness Evals Time (min) Hero

Density Classi¯cation 4008 30.0 59.1
Synchronization 7860 30.0 23.77

BalancedSurfaceMinimization 7920 30.0 70.2

Figure 6: Evolution times and heros for basic GA method for three CA
problems.

4 Totalistic Rules

Normal full rule tables for CAs specify the next state of a cell basedon
the state of each of that cell's neighbors. With s possible states and n
neighbors the rule table length is sn bits. In this case,with 2 states and
9 neighbors for each cell, the rule table (and the genomeusedby the GA)
is 29, or 512, bits long. With each update, a cell computesthe states of its
neighbors,x1x2x3x4x5x6x7x8x9, and usesthis binary number asa lookup into
the rule table. It is this type of rule table that most research on constructing
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Method Mean Minimum Maximum
Density Classi¯cation - Random 50.0(§ 2:3) 41.6 57.3

Density Classi¯cation - GA 50.0(§ 2:4) 43.3 58.2
Synchronization - Random 3.8(§ 2:3) 0 14.7

Synchronization - GA 5.1(§ 3:4) 0 25.3
BalancedSurfaceMin - Random 62.6(§ 2:2) 55.2 59.5

BalancedSurfaceMin - GA 63.3(§ 2:2) 55.2 70.8

Figure 7: Testingstatistics for random genomesand the best genomesfound
by the evolution methods presented in Figure 6. Both the random genomes
and the evolved genomeswere tested over 1500random CAs. Results from
this basicGA werepoor.

or evolving computing cellular automata has used up to this point. For
examples,see[1, 5, 7, 2]. Also, unlike the 2-D CAs usedhere, all of these
previousworks use1-D CAs.

Often, when attempting to construct interesting CA rule tables by hand,
a typeof totalistic rule table will beused. In this casethe next stateof a cell is
determinedby its own current state and the sum of the statesof its neighbor
cells. Instead of using the entire string x1x2x3x4x5x6x7x8x9 asa lookup into
the rule table, totalistic rules depend on (x; § x i ) for i 2 neighbors, wherex
is the state of the cell being updated and x i is the state of neighbor i . This
results in a rule table of sizesn, wheres is the number of possiblestatesand
n is the number of neighbors. In this case,the totalistic rule table haslength
18.

One of the main changeswhen using totalistic over full rule tables is the
di®erencein the sizeof the rule table, and hencea substantial reduction in
the size of the genomeused by the GA and the search space. The search
spacewhen using full rules is 2512 and for totalistic rules is only 218.

Not only are totalistic rules a small subsetof full rules, but they are a
specialtype. They seemto producebehaviors that \makesense"whentrying
to achievea goal. For example,whentrying to synchronizeit would be logical
to ¯nd out what state most of the neighboring cells are in on this step and
change to the opposite of that state next time. This simple heuristic by
itself will not provide synchronization, but rules similar to it, such as many
provided by totalistic rules, will most likely perform well.

Surprisingly good results were achieved when using totalistic rule tables
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instead of full rules tables as the genomesbeing manipulated by the GA.
Figure 8 shows the number of ¯tness evaluations and time spent on evolving
rule tablesby the GA whenusingfull and totalistic rules. The GA waslimited
to 30minutesevolution time but stoppedearly if a rule table wasfound to be
\p erfect". This wasthe casein the density classi¯cation and synchronization
problems, where a perfect rule table was found in the initial population of
totalistic rules. The more di±cult balancedsurfaceminimization problem
allowed the GA using totalistic rules to run for the entire 30 minutes.

Densit y Classi¯cation

Number of
Method Fitness Evals Time (min) Hero

GA - Full Rules 4008 30.0 59.1
GA - Totalistic 162 1.2 100

Synchronization

Number of
Method Fitness Evals Time (min) Hero

GA - Full Rules 7860 30.0 23.77
GA - Totalistic 51 0.2 100

Balanced Surface Minimization

Number of
Method Fitness Evals Time (min) Hero

GA - Full Rules 7920 30.0 70.2
GA - Totalistic 8016 30.0 99.0

Figure 8: Evolution times and herosfor di®erent GA methods for three CA
problems.

Figure 9 shows the improved results for both random search and the GA
when using totalistic rules instead of full rules. The random search results
represent the ¯tness measuresof 1500random rule tables over 1500random
CA starting con¯gurations. The GA results represent ¯tness measuresof the
best rule table, found by at most 30 minutes of evolution, over 1500random

12



CA starting con¯gurations. Totalistic rules provided a signi¯cant bene¯t to
both random search and the GAs over all three problems. Balancedsurface
minimization, believed to be the hardest of the three problems,received the
least bene¯t.

Densit y Classi¯cation

Method Mean Minimum Maximum
Random Search - Full Rules 50.0(§ 2:3) 41.6 57.3

Random Search - Totalistic Rules 51.6(§ 8:2) 26.7 100
GA - Full Rules 50.0(§ 2:4) 43.3 58.2
GA - Totalistic 99.5(§ 0:8) 93.1 100

Synchronization

Method Mean Minimum Maximum
Random Search - Full Rules 3.8(§ 2:3) 0 14.7

Random Search - Totalistic Rules 5.8(§ 11:8) 0 100
GA - Full Rules 5.1(§ 3:4) 0 25.3
GA - Totalistic 90.9(§ 7:7) 0.4 100

Balanced Surface Minimization

Method Mean Minimum Maximum
Random Search - Full Rules 62.6(§ 2:2) 55.2 59.5

Random Search - Totalistic Rules 60.4(§ 5:8) 44.0 94.4
GA - Full Rules 63.3(§ 2:2) 55.2 70.8
GA - Totalistic 68.8(§ 9:2) 63.7 98.8

Figure 9: Testingstatistics for random genomesand the best genomesfound
by the evolution methods presented in Figure 8. Both the random genomes
and the evolved genomeswere tested over 1500random CAs.

It is apparent from theseresults that totalistic rules improve the maxi-
mum ¯tness found with random search but doeslittle to improve the average
¯tness over many random rule tables. Figure 10 illustrates this graphically
with histogramsof ¯tness measuresfor random rule tablesover 1500random
CAs using both full and totalistic rules for each of the three problems. The
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generalshapeof the histogramis consistent within each problembetweenfull
and totalistic rules, but the totalistic rules have a small number of very high
¯tness outliers. This is possiblydue to the reducedsearch spaceprovided by
totalistic rules and to the fact that totalistic rules are a subsetof the rule
spacethat provide consistent and symmetric behavior, therefore producing
inherently better solutions to the problemspresented here.

5 Fidelit y vs. Complexit y in Fitness

For the experiments presented to this point the ¯tness of a rule table, or
genome,is the value of the problem speci¯c ¯tness calculation at the end
of one run of a random CA con¯guration. It is the hope that by testing a
population of solutions with random CA con¯gurations that a solution will
emergethat performswell over all possibleCA starting con¯gurations.

This ¯tness evaluation method is of very low ¯delit y as it is taking into
account only one time step of one random CA out of a very large spaceof
possibleCA con¯gurations.

A possibleimprovement is to test each rule table on onerandom CA, but
calculateits ¯tness periodically throughout the evolution of the CA. Because
the calculationsof ¯tness are cheapwhen comparedto the executionof the
CA, this periodic testing addslittle extra complexity. This ¯tness evaluation
is of higher ¯delit y in that it further ensuresthat the CA was consistently
performing its given task. Theseadditional calculations also allow for the
assignment of extra ¯tness to those rule tables that solve their given task
faster than others.

Further increasesin ¯delit y can be gained by testing each rule table on
several random CA con¯gurations. This increasein ¯delit y does, however,
comewith a signi¯cant increasein time spent calculating ¯tness. The ques-
tion is, is this increasein complexity worth the higher ¯delit y provided by
it? In this case,it hasbeenfound that the increasein complexity is justi¯ed.

Figure 11 shows the number of ¯tness evaluations and the time spent
for each GA. The maximum allowed evolution time was30 minutes. Fitness
type 1 evaluates the ¯tness once after 300 steps of one CA with random
starting conditions. Fitness type 2 evaluates the ¯tness periodically, after
100, 200 and 300 stepsof one CA with random starting conditions. Fitness
type 3 evaluates the ¯tness of three CAs with random starting conditions,
each after 300steps. As expected,¯tness types1 and 2 computedabout the
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Figure 10: Fitness measurefor 1500 random rule tables for each problem
using both full and totalistic rules.

samenumber of ¯tness evaluations in the sameperiod of time and ¯tness
type 3 computedabout one third as many as either types1 or 2.
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Figure 12 shows the resultsof testing the hero from GAs using each type
of ¯tness evaluation. Each best found rule table was tested over 1500CAs
with random starting conditions. The results show that the higher ¯delit y
¯tness evaluation methods allowed the GA to ¯nd signi¯cantly better rule
tablesfor the balancedsurfaceminimization problem. Even though the third
type of ¯tness evaluation computedone third as many ¯tnessesit improved
the mean ¯tness of the best rule table from 68.8 to 82.9. Further work is
neededto ¯nd the optimal trade-o®between the complexity of the ¯tness
function and its ¯delit y.

Balanced Surface Minimization

Number of
Method Fitness Evals Time (min) Hero

GA - Totalistic - Fit Type 1 8016 30.0 99.0
GA - Totalistic - Fit Type 2 8024 30.0 98.4
GA - Totalistic - Fit Type 3 2724 30.0 94.4

Figure 11: Evolution times and herosfor GAs solving the balancedsurface
minimization problem using three type of ¯tness evaluations.

Balanced Surface Minimization

GA - Totalistic - Fit Type 1 68.8(§ 9:2) 63.7 98.8
GA - Totalistic - Fit Type 2 77.6(§ 11:5) 64.4 98.8
GA - Totalistic - Fit Type 3 82.9(§ 8:5) 65.2 98.6

Figure 12: Testing statistics for the best genomesfound by the evolution
methods presented in Figure 11. Genomeswere tested over 1500 random
CAs.

6 Application of coevolution

The strategy of coevolution in GAs is often identi¯ed with the ¯rst publisher
of the concept,Daniel Hillis, who proposedits use in developing structures
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using minimal nodes in a network which would sort a list of numbers [3].
The idea is that the progressof evolution toward an ideally ¯t population is
spurred on by competition by provoking an arms race which must be won
for survival. Hillis' results showed great promisefor the process.

Just as Hillis' model used coevolving number lists along with evolving
node connections,most applications of coevolution have involved a popula-
tion of problem solversand a population of initial states. The prolem solvers
are evolved in the usual way, but in addition, those initial states which foil
the problem solversare reproduced. The problem solversare thus presented
with progressively harder problems.

There have already been several attempts to apply coevolution to the
problem of ¯nding density classi¯cation and synchronization rules for one-
dimensionalCAs. Each of theseemployed coevolving initial states. Paredis
sent the ¯rst alert that coevolution may not have great promise for CAs in
his \Beware the Red Queen" article [6]. In investigating the causesfor the
lack of progressof his coevolutionary GAs, he found that a population of
initial states for density classi¯erswould gradually approach a 50%density,
which would render a classi¯er powerlessto decidereliably. At this stage,
if the averagedensity of the population of initial states were to cross the
50% boundary even slightly due to random perturbations, the predominant
strategiesof most if not all of the CA rules to bring the classi¯er to oneside
would be renderedobsolete,and the primary goalsof each population would
be reversed.At this point, the samecycle can restart.

Juille and Pollack later publisheda paper claiming that when usedwith
a technique called resourcesharing,coevolution had a synergistice®ectthat
prodded the GAs along to much better solutions [4]. Verfel, Mitchell, and
Crutch¯eld, however, showed clearly that this e®ectwas nearly entirely the
result of resourcesharing and not coevolution [7].

Since the samedynamics of one-dimensionalCA coevolution could be
expected to be seenin those of a two-dimensionalCA as well, a di®erent
and more natural strategy was adoptedhere. Rather than coevolving initial
statesagainst the population of CA rules, another population of \evil" rules
would be developed to ¯ght against the \good" rules to bring oneCA to its
terminal state. The ¯tness of the evil rule was thus the complement of the
¯tness of the good rule for any particular result. Each genome,whethergood
or evil, would behave and reproduce in the samemanner.

Early results showed that coevolution by ¯ghting was no better than a
regularGA, and in many casesit wasevenslower. Thereforemorealgorithms
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wereconstructedand run on each of the three problems,with both full and
totalistic rules. The strategiestested wereas follows:

² Random search: To ensurethat the GAs weretruly acceleratingthe
search, the progressof a random search was included for comparison.

² Regular GA: A standard, non-coevolving GA.

² Coevolution: Coevolution by ¯ghting. Good and evil rules alternate
in transforming a CA.

² Cyclical coevolution: CA rules that are forcedto compete with ene-
miesareassumedto bemorerobust than their low ¯tness may indicate.
Furthermore, they may be subject to the limitations of coevolution as
described by Paredis. Therefore,a combination of coevolution and reg-
ular evolution was tried, alternating betweenthe two every 500¯tness
evaluations, or a full cycle of 1000.

² Figh ting by tens: Instead of strict alternation, this method allows a
good rule to transform a CA ten timesbeforethe evil rule workson that
CA ten times, and so on. This was tried in casethe strict alternation
of good and evil rules did not allow either rule to signi¯cantly a®ect
the bias of the CA beforeits foil was allowed to operate on that CA.

² Figh ting by twenties: Just like ¯ghting by tens, only with a ¯ght
granularit y of twenty.

6.1 A CA suitable for ¯gh ting

To acquire the results using a CA which can be set with a good and evil
rule, a separateC++ classwas implemented, and sinceat least double the
number of calculationsper generationwould be required, e±ciency was put
at a premium. This classrepresented cells as individual bits and operated
on four cells at once by expanding the rules given to make a rule which
takes a 3 by 6 rectangleof cells and computesthe four middle cells in one
lookup step. All operations performedon the cells were bitwise operations,
including the necessarygrid wraparoundoperations. The speedthat resulted
wasbetween¯v eand ten times the previousC++ implementation, depending
on architecture, and thus 250-600times faster than MATLAB.
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6.2 Early results

Simple coevolution by ¯ghting made no improvements upon a regular GA,
asin ¯gures 13 and 14. Furthermore, even random search bestedcoevolution
for the totalistic synchronization problems. This condition was possibledue
to a low mutation rate.

Figure 13: Regular GA (left) and coevolving by ¯ghting (right), applied
to the density classi¯cation problem with totalistic rules. The upper line
represents the averagecurrent winner of all populations tested. The lower
line represents the running averageof all populations tested.

6.3 Cyclical phenomena

Onestrategywhich performedaspredictedwascyclical coevolution, although
again,the performanceoverall wasgenerallyon a par with a regularGA. As is
shown by ¯gure 15, the moving averageoscillateswith the exact frequencyas
the cycle of coevolution and regular evolution. As predicted, average¯tness
shoots up quite reliably whencoevolution is cancelled,but reverts downward
assoon asit is applied again. However, there is no overall increasein ¯tness,
even after 30 completecycles.Full cyclesof 200and 2000¯tness evaluations
werealso tried but gave similar results.

6.4 Figh t gran ularit y

Increasingthe granularit y of the ¯ghting approach, i.e., allowing each rule to
apply itself morethan oncein a row to a CA, did producesomeimprovement
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Figure 14: Regular GA (left) and coevolving by ¯ghting (right), applied to
the synchronization problem with full rules. Suddenleapsin ¯tness are an
artifact of the processof averagingseveral runs.

Figure 15: Cyclical coevolution with full cycle length 1000, applied to the
balancedsurfaceminimization problem with totalistic rules (left) and full
rules (right). Averagesmove up when coevolution is not present and fall
when coevolution is present. Little overall progressis made.

for a few problems(¯gures 16 and 17). This supports the hypothesisthat a
granularit y of onedoesnot allow a rule to properly apply its e®ecton a CA.
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Figure 16: Coevolution of granularit y one (left), ten (middle), and twenty
(right), as applied to the full-rules synchronization problem.

Figure 17: Coevolution of granularit y one (left), ten (middle), and twenty
(right), as applied to the totalistic balancedsurfaceminimization problem.
Higher granularities producebetter ¯tnessessooner.

7 The problem of synchronization

While most of the GA trials reported the ¯nal state of a CA created with
the winning rule, they did not typically provide an animation of that CA
from start to ¯nish. Upon building a graphical viewer which scrolls through
a ¯le of collected best rules, it was evident that the vast majorit y of the
rules which best solved the density and balancedsurfaceminimization prob-
lemswerealsohighly synchronized. Hand-calculatedrules producing similar
quality solutionsdid not synchronize,however, proving that synchronization
was not a necessaryquality for all solutions. Especially disturbing was the
synchronized nature of the solutions to the density classi¯cation problems,

21



sincethe whole point of this problem is to produce a stable, completely on
or o®state.

Clearly the ¯tness function being used was too fragile, in that in most
formstried, it would only check onestateof the board, i.e. just after the 300th
step. And in all cases,it was checked after an even number of generations.
Therefore the chancesthat a rule which solved the synchronization would
also appear to solve the density classi¯cation problem was 25%. That is, if
by 50%chanceit was in the proper state after 300stepswhen it was trying
to turn all cells on, and by 50% chanceon its evaluation against a mostly
o®CA it was in the completely o®state after 300 steps, the rule would be
evaluated as 100%¯t and the GA would automatically stop. Inspection of
the ¯tnessesevaluated in theseGAs con¯rms that at a corresponding rate,
ruleswerealsofound to have ¯tness valuesin the extremely low range,0-5%.
These represent the synchronizing rules which were unlucky enough to be
in the wrong state for each half of their evaluations. The gap betweenthe
average,nearly random rules and the rules which achieved 100%¯tness is
thus highly pronounced,which explains why GAs with a very low average
¯tness neverthelessseemedto solve the problem.

It is interesting, as shown by this bias toward synchronizing solutions,
that synchronizing solutions arise from the GA far sooner than properly
classifying solutions do. Presumably this is due to the fact that there are
simply more synchronizing solutions than classifying ones. However, the
samebias toward synchronizing solutions can be found in the solutions of
the balanced surface minimization as well. All of these solutions viewed
brought a CA to a ¯nal condition of reversing its state every generation,in
addition to satisfying the ¯tness condition. Yet hand-calculatedsolutions to
the balancedsurfaceminimization problem performed adequately without
synchronizing. The mechanics of this mysterious bias must be a topic of
further research.

7.1 A prop er densit y classi¯er

Though this was a late addition to the research, one standard (not coevo-
lutionary) GA using totalistic rules was run with a ¯tness function that
evaluated not just after step 300, but after 301 as well. In fewer than 2000
evaluations, the GA generateda rule which solved the 70-30 density clas-
si¯cation problem. It was con¯rmed using the graphical viewer that this
solution was not a °ashing, synchronizedsolution. Furthermore, its method
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of classifying appeared quite powerful as cells in the minorit y state were
quickly divided into convex blobs which would eventually disappear.

When tried on the 60-40density classi¯cationproblem, the rule continued
to performvery well, though it wasnoticedthat therewasa slight biastoward
identifying majorit y-on over majorit y-o®. Thus with hand inspection of the
rule, one bit was °ipp ed to create the unbiased symmetric rule shown in
¯gure 18

0: 0 0 0 0 1 0 1 1 1
1: 0 0 0 0 1 0 1 1 1

Figure 18: Totalistic rule for proper density classi¯er.

This improved versionsolved problemsdown to the hardest tried, 52-48,
with impeccableaccuracy. Figures19 shows one typical progression.

Note that though the proper bias is always found, the CA doesnot always
stabilize in a completelyon or completelyo®state. This may be an example
of wherea strategy of ¯rst seedinga full rule population with totalistic rules,
and then allowing the rules to evolve in the full rule space,may be able to
¯nd a full-rule improvement upon a totalistic rule.

8 Conclusion

This research touches on a number of issuesin the application of GAs to
two-dimensionalCAs, including the most primary that will no doubt be a
starting point for other research into this topic. Theseissuesinclude

² the ine±cacy of exploring the full rule space,

² the vastly greater power of totalistic rules,

² the power of higher-¯delit y ¯tness evaluations over greaternumbersof
lower-¯delit y evaluations

² the propensity of evolved rules to ¯nd synchronizing solutions,and

² the power of symmetric rules, at least for the density classi¯cation
problem
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Figure 19: Behavior of a proper density classi¯ergivenan initial state of 52%
red (top row) and 48%red (bottom row). The initial minory state is quickly
separatedinto convex blobs which shrink until they disappear or become
stable.
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Furthermore, various forms of coevolution by ¯ghting have beenshown
to be ine®ective in this context, though the behaviors of the di®erent forms
have been demonstrated. In particular, the greater e®ectivenessof ¯ght
granularities higher than one are pronounced. Last, an excellent density
classi¯er wasexhibited which may be usedasa benchmark for judging other
classi¯ersas well as a specimenfor the study of how it works.

Questionsthat remain involve the rule spaceof 2-D CAs. There must
be a reasonthat good solutions are more often found in the totalistic rule
space,and that synchronizing solutions appear to be more common than
non-synchronizing ones. An understandingof theseissuesis likely to allow
greater progressin the development of e±cient GAs for similar problems.
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