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Abstract

We present a coevolutionary architecture for solving
decomposable problems and apply it to the evolu-
tion of artificial neural networks. Although this work
is preliminary in nature it has a number of advan-
tages over non-coevolutionary approaches. The co-
evolutionary approach utilizes a divide-and-conquer
technique in which species representing simpler sub-
tasks are evolved in separate instances of a genetic al-
gorithm executing in parallel. Collaborations among
the species are formed representing complete solutions.
Species are created dynamically as needed. Results
are presented in which the coevolutionary architec-
ture produces higher quality solutions in fewer evolu-
tionary trials when compared with an alternative non-
coevolutionary approach on the problem of evolving
cascade networks for parity computation.

1 INTRODUCTION

A natural approach for solving many complex prob-
lems is to utilize a divide-and-conquer technique in
which the problem is decomposed into simpler sub-
problems. Instances of these problems are numerous.
For example, route planning tasks such as the travel-
ing salesman problem, which can be decomposed into
simpler subtours; behavior learning tasks such as those
one would encounter in the domain of robotics, where
complex behavior can be decomposed into simpler sub-
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behaviors; and tasks involving complex structures such
as artificial neural networks, which may be decom-
posed into simpler substructures.

If the task is decomposable into independent sub-
tasks, a conventional evolutionary algorithm could be
used to evolve solutions to the subtasks either sequen-
tially or in parallel. However, this approach does
not address the difficult issues of how the task is to
be decomposed, evaluated, and later recombined into
a complete solution. In addition, when interdepen-
dencies exist between subtasks it is desirable to ex-
tend the standard evolutionary algorithm to enable the
performance-oriented evaluation of individual subsolu-
tions to be performed within the context of a complete
solution.

In this paper we present a cooperative coevolu-
tionary approach for solving decomposable problems
which, although preliminary in nature, is an initial
step towards addressing these issues. In our approach
multiple instances of an evolutionary algorithm (EA)
are run in parallel. Each EA instance evolves a species
of individuals representing competing solutions to a
subtask. Rather than evaluating solutions to these
subtasks independently, the EA instances communi-
cate with each other for the purpose of forming collab-
orations. This is accomplished by selecting represen-
tatives from each of the EA populations (the species),
and combining them into a single composite structure
capable of being evaluating on the top level goal task.
Credit from evaluating the composite structures flows
back to the individual subcomponents reflecting how
well they collaborate with the other subcomponents to
achieve the top level goal. This credit is then used by
the local EAs to evolve better subcomponents. We call
such systems Cooperative Coevolutionary Algorithms

(CCAs).



We initially tested this CCA architecture in two
quite different domains: the well-studied and well-
understood domain of function optimization and the
domain of learning rule sets for controlling a simu-
lated robot. In both cases we achieved considerable
performance improvements over more traditional cen-
tralized architectures (Potter and De Jong 1994; Pot-
ter, De Jong, and Grefenstette 1995). The particular
CCA instantiation used in these earlier studies uti-
lized a fixed number of species. In both domains, the
required number of species could be determined a pri-
ori.

In this paper we extend the CCA architecture to
support the dynamic creation of species and apply it
to the problem of evolving cascade networks. Cas-
cade networks are a type of multilayer feed-forward
neural network in which hidden nodes are created in-
crementally and their output signals cascaded. These
networks will be described in greater detail in section
three. Results are presented showing that the coevolu-
tionary architecture produces higher quality solutions
in fewer evolutionary trials when compared with a tra-
ditional single-population EA on the problem of evolv-
ing cascade networks for parity computation.

In the next section we describe the CCA archi-
tecture in more detail. Section three describes specif-
ically how the algorithm is applied to the problem of
evolving cascade networks and presents an alternative
non-coevolutionary approach. This is followed by a
section presenting empirical results comparing the per-
formance of the two approaches. The paper concludes
with a brief discussion of the results and ideas for fu-
ture studies.

2 BASIC FRAMEWORK FOR
COEVOLUTION

The hypothesis underlying the ideas presented here is
that, in order to evolve solutions to more and more
complex problems, explicit notions of modularity need
to be introduced in order to provide reasonable oppor-
tunities for complex solutions to evolve in the form of
interacting co-adapted subcomponents. The difficulty
comes in finding reasonable computational extensions
to our current evolutionary paradigms in which such
subcomponents “emerge” rather than being hand de-
signed as in (de Garis 1990). At issue here is how to
represent such subcomponents and how to apportion
credit to them for their contributions to the problem
solving activity such that the evolution of a solution

to the top level goal proceeds without a human in the
loop.

Classifier systems attempt to accomplish this via
a single population of interacting rules whose individ-
ual fitnesses are determined by their interactions with
other rules via a simulated micro-economy (Holland
and Reitman 1978). Other extensions to current evo-
lutionary paradigms have been proposed to encourage
the emergence of niches and species in a single popu-
lation (De Jong 1975; Deb and Goldberg 1989; Davi-
dor 1991; Forrest, Javornik, Smith, and Perelson 1993;
Giordana, Saitta, and Zini 1994; Moriarty and Miikku-
lainen 1996) in which individual niches compete for the
allocation of trials.

The use of multiple interacting subpopulations
has also been explored as an alternate mechanism
for coevolving niches using the so-called island model
(Grosso 1985; Cohoon, Hegde, Martin, and Richards
1987; Tanese 1989; Whitley and Starkweather 1990).
In the island model a fixed number of subpopulations
evolve competing rather than cooperating solutions.
In addition, individuals occasionally migrate from one
subpopulation (island) to another, so there is a mix-
ing of genetic material. The previous work that has
looked at cooperating rather than competing subpop-
ulations has involved a user-specified decomposition of
the problem into species (see, for example, (Husbands
and Mill 1991) or (Hills 1990)).

Cooperative coevolutionary algorithms (CCAs)
combine and extend ideas from these earlier systems in
several ways. As shown in figure 1, a CCA consists of a
collection of evolutionary algorithms, each attempting
to evolve subcomponents (species) which are useful as
modules for achieving higher level goals. For example,
in the neural network domain each species may rep-
resent a subnet whose output is correlated with the
presence or absence of a particular input feature. Un-
like the island model, the individuals from the sepa-
rate subpopulations do not migrate; therefore, no in-
terbreeding occurs. The existence of distinct subpop-
ulations eliminates haphazard and often destructive
recombination between dominant species.

Complete solutions are obtained by assembling
representative members of each of the species present.
Credit assignment at the species level is defined in
terms of the fitness of the complete solutions in which
the species members participate. This provides evolu-
tionary pressure for species to cooperate rather than
compete. However, competition still exists among in-
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Figure 1: Cooperative coevolutionary architecture

from the perspective of species number one

dividuals within the same subpopulation.

In the system used in this paper, the evolution
of each species was handled by a standard GA (al-
though we could just as easily have chosen some other
evolutionary algorithm). We emphasize this choice by
adopting the more specific terminology CCGA.

3 EVOLVING CASCADE
NETWORKS

In this section we describe the cascade network topol-
ogy in greater detail and present both a traditional
single-population GA approach and a CCGA approach
to cascade network evolution. There have been many
previous publications on the combination of genetic al-
gorithms and neural networks. For a survey see (Schaf-
fer, Whitley, and Eshelman 1992).

A cascade network is a form of multilayer feed-
forward artificial neural network in which all input
nodes have direct connections to all hidden nodes and
to all output nodes. Furthermore, the hidden nodes
are ordered and their outputs are cascaded; that is,
each hidden node sends its output to all later hidden
nodes and to all output nodes. A cascade network
with two input nodes, a bias signal, two hidden nodes,
and two output nodes is shown in figure 2. There is a
connection weight corresponding to each box located
on the line intersections in the figure. The significance
of the three box colors will be discussed below.
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Figure 2: Example cascade network

Cascade networks were originally used in conjunc-
tion with the cascade correlation learning architecture
(Fahlman and Lebiere 1990). Cascade correlation con-
structs and trains the network one hidden node at a
time using a gradient descent technique. Similar ar-
chitectures in which a GA is used as a replacement for
gradient descent have also been explored (Potter 1992;
Karunanithi, Das, and Whitley 1992).

Because cascade networks have a well defined
topology only the connection weights and network size
need to be evolved. A direct approach to the evolu-
tion of neural network connection weights is to cre-
ate a population of individuals whose chromosomes
represent connection weight assignments for the net-
work. The connection weights may be encoded in the
chromosomes simply as a string of floating point num-
bers or with a more traditional GA binary encoding in
which each real-valued connection weight is mapped
to a segment of a string of ones and zeros. The popu-
lation is initialized with individuals consisting of ran-
dom connection weight values. The GA is then used
to adjust the connection weights by evolving individ-
uals in the population until a member emerges with
an acceptable level of fitness. The fitness of an indi-
vidual is determined by computing the sum-squared
error as training patterns are fed forward through the
network!. Individuals with lower sum-squared errors
are considered more highly fit.

Cascade networks were designed to be constructed

!Supervised learning is assumed in which a set of in-
put vectors and desired outputs exist for evaluating the
network



one hidden node at a time. A traditional single-
population GA can incrementally construct these net-
works by initially evolving a population of networks
without hidden nodes. If evolution stagnates before a
network with sufficiently high fitness has been found,
additional random values representing weighted con-
nections of a new hidden node are added to the end
of each chromosome. This cycle of evolving until stag-
nation and lengthening the chromosomes will continue
until an acceptable network is found or until a pre-
determined number of network evaluations have been
performed. This approach will be referred to as the
“standard GA” throughout the rest of this paper.

For example, if a cascade network of three inputs?
and two outputs as shown in figure 2 were being
evolved the initial population would consist of chro-
mosomes representing the six connection weights as-
sociated with the direct connections from the input
nodes to the output nodes marked with black boxes.
This population would be evolved until improvement
stagnates, which could be determined by monitoring
the increase in fitness from one generation to the next.
Five random values would then be added to the end of
each chromosome to represent the connection weights
associated with the first hidden node. These weights
are marked with gray boxes in the figure. Evolution of
the population would proceed until stagnation is again
detected. At this point, six additional random values
would be added to the end of each chromosome rep-
resenting the connection weights associated with the
second hidden node marked with white boxes.

To evolve a cascade network with a CCGA we de-
compose the network into substructures and map the
substructures into species. The decomposition we have
chosen corresponds to the chromosome segments de-
scribed in the proceeding paragraph. The first species
consists of individuals representing the weights on the
direct connections from the input nodes to the out-
put nodes (black boxes), the second species consists of
individuals representing the weights belonging to the
first hidden node (gray boxes), and so on. Using this
decomposition scheme, a cascade network with % hid-
den nodes would be decomposed into k + 1 species.

As with the standard GA, the CCGA constructs
the cascade network in stages. Initially only the first
species representing the direct input to output node
connection weights exists. This species is evolved un-
til improvement stagnates. A new species will then

2The bias signal is simply a fixed-value input

be created to evolve weights belonging to the first hid-
den node. Now that two species exists, neither the first
species nor the second species represent complete solu-
tions. To evaluate one of these partial solutions it will
first be combined with an individual from the other
species to form a complete network. We use the cur-
rent best individual from the other species to construct
this collaboration. Evolution of these two species pro-
ceeds in parallel until stagnation is again detected. At
this point a third species is created to evolve weights
belonging to the second hidden node. This cycle con-
tinues until a termination condition is achieved as in
the standard GA.

4 EMPIRICAL RESULTS

The cooperative coevolutionary approach was evalu-
ated by comparing its performance with the perfor-
mance of the standard GA described in the previous
section on the problem of evolving cascade networks
for computing N-bit parity. The primary metric for
comparing the algorithms was the sum-squared error
produced by the evolved networks. Additional met-
rics included the consistency of solutions over multiple
runs and the size of the networks produced.

The N-bit parity problem has N inputs and a sin-
gle output representing whether there is an even or
odd number of one-bits in the input. The experiments
described here were all performed on the 6-bit ver-
sion of this problem. This was implemented with a
cascade network consisting of six input nodes, a bias
signal, a single output node, and an unspecified num-
ber of hidden nodes. The actual number of hidden
nodes was evolved along with the connection weights
as previously described. A network output of 4+0.5
represented odd parity and an output of —0.5 repre-
sented even parity. The training set for this problem
consisted of all sixty-four (2%V) correctly classified 6-bit
patterns.

The implementations of the two algorithms were
as similar as possible to enable them to be compared
solely on the use or nonuse of coevolution. Both the
CCGA and the standard GA implementations encoded
each real-valued connection weight as a six-bit seg-
ment of a binary string, e.g., a chromosome repre-
senting ten connection weights would be realized as a
sixty-bit string. Other attributes in common included
a population size of 100, a mutation rate of 0.001, a
two-point crossover rate of 0.6, fitness scaling, and an
elitist strategy in which a single copy of the best indi-



vidual is always preserved from one generation to the
next. The implementations also used identical proce-
dures for determining when to add a new hidden node
and had identical termination conditions.

The sum-squared error over all sixty-four training
patterns was used for each evaluation (trial) of an in-
dividual. Table 1 summarizes the sum-squared error
produced by the best network from the final gener-
ation of each of ten runs. Each run was terminated
after 100,000 trials or when a network capable of cor-
rectly classifying all training patterns was found. As
the table shows, the CCGA networks performed better
than those evolved by the standard GA both in terms
of the final sum-squared error produced and with re-
spect to the consistency of the solution from one run
to the next. Statistical significance of the sum-squared
error data was verified using a two-sample t-test. This
resulted in a p-value of 0.0053.

Table 1: Comparison of final sum-squared error pro-
duced in ten runs of 6-bit parity problem

Algorithm Mean | Min | Max | Stdev
CCGA 0.80 | 048 | 1.21 | 0.24
Standard GA | 4.79 | 0.78 | 9.54 | 3.44

The graph in figure 3 shows the sum-squared
error performance curves for the “best so far” net-
works evolved by the two algorithms averaged over ten
runs. This graph shows the superiority of the networks
evolved by CCGA throughout the entire evolutionary
period.
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Figure 3: Average sum-squared error performance
curve comparison in ten runs of 6-bit parity problem

The graph in figure 4 shows the hidden node cre-
ation of the two algorithms averaged over ten runs.
Although the hidden node creation pattern of the two
algorithms is similar, the graph shows that CCGA was
able to achieve better results with fewer hidden nodes.
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Figure 4: Average hidden node creation in ten runs of
6-bit parity problem

5 CONCLUSIONS AND FUTURE
WORK

A general framework for cooperative coevolution has
been presented in which a collection of evolutionary
algorithms running in parallel evolve subcomponents
which are combined into a single composite structure
capable of being evaluated on a top level goal. Be-
cause credit assignment at the species level is defined in
terms of the fitness of the complete solutions in which
the species members participate, there is evolution-
ary pressure for individuals to collaborate rather than
compete with other individuals in coevolving species.

We have extended the CCA architecture to sup-
port the dynamic creation of species and applied it to
the problem of evolving cascade networks for parity
computation. Results have been presented in which
the coevolutionary architecture produces higher qual-
ity solutions in fewer evolutionary trials when com-
pared with a traditional single-population GA ap-
proach. Although we have achieved considerable per-
formance improvements, our primary motivation has
been a better understanding of issues related to the
evolution of interacting co-adapted subcomponents.

Future studies will explore less structured do-
mains and focus on the area of emergent problem de-



composition.
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