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Research Center Jülich,
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We present a framework for the evolution-aided design of neural networks. Our approach
combines traditional weight dynamics with a dynamic of the networks’ architecture. This
allows for the automatic construction of network structures that solve particular problems. We illustrate our method by providing evolutionary solutions to parity problems.

1. The Problem of Network Architecture
The training of artiﬁcial neural networks to solve a particular problem usually affects only the weight space of the network. In contrast, the network architecture
has to be predeﬁned by the user. For this pretraining choice of network architecture
profound skill and experience may be required on the part of the user — an improperly predeﬁned architecture easily renders a learning problem insoluble. Relevant
parameters of a network architecture include the choice of feedforward or recurrent
structure, of network size and connectivity level, and of the number of layers. The
appropriateness of such choices can only be determined posttraining.
Consequently, methods have been devised either for determining upper bounds
for network sizes (e.g. the application of Kolmogorov’s theorem to 3-layered network
structures by Hecht-Nielsen1,2 ) or for automatically pruning neurons from an initial
structure in order to adjust network size (e.g. Bartlett’s dynamic node architecture
learning3 ). However, these methods are restricted to a particular subclass of network
architectures involving only feedforward connections.
Here we suggest a general approach allowing for a joint adaptation of neural
networks with respect both to weight dynamics and architecture dynamics. All
the relevant parameters of network architecture mentioned above are subject to the
learning process and thus are adjusted to the speciﬁc problem considered. This
applies in particular to the crucial alternative of feedforward or recurrent network
structure, in fact, the proper choice between these paradigms is automatically made.
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2. Evolution of Artiﬁcial Neural Networks
Classical learning strategies for neural networks are only capable of altering the
weights of connections in a network. But which methods are appropriate to alter dynamically the network architecture with respect to a speciﬁc problem? We
suggest that this problem of dynamical network architecture is best tackeled in an
evolutionary framework4 .
For that purpose we consider a population p(t) of n(t) artiﬁcial neural networks
undergoing a variation-evaluation-selection loop. This population initially contains
networks comprising only the input and output neurons characteristic of the considered problem; in these initial architectures no hidden neurons and no connections
are present. The variation part of the variation-evaluation-selection loop then allows for the insertion and deletion of neurons and connections. After evaluating
the performance of the networks in the population with respect to the problem
considered, a new population is generated from the old population. The number
of network copies passed from the old to the new population is dependent on the
network’s performance — in consequence of this selection process the average performance of the population will either stay the same or increase. After repeated
passes through the variation-evaluation-selection loop networks have build up in the
population that solve the considered problem.
We now outline in turn the three major steps of the variation-evaluation-selection
loop.
1. Variation
The variation operators include insertion and deletion of neurons, insertion
and deletion of connections, and alterations of bias and weight terms. The
associated operators acting on the ith member of the population p are denoted
by Ni+ , Ni− , Ci+ , Ci−, Ni∗ and Ci∗ respectively. A variation pass is then
described by


n(t)

V :

p(t) →

Ci∗ Ci+ Ci− Ni∗ Ni+ Ni− p(t)

.

i=1

The operators Ni∗,+,− , Ci∗,+,− are of stochastic character. The chance that
they will execute their respective action is determined by ﬁxed per-neuron and
per-connection probabilities. In a more complex version the variation operator
V may also induce the exchange of entire subnetworks between members of
the population p.
2. Evaluation
The evaluation operator
E:

p(t) → (p(t), e(t))

is problem-speciﬁc. In its simplest form the performances ei (t) of the n(t)
networks in the population p(t) are mutually independent. As an example,
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the performance of each member of the population could be based on the
average error of the actual network output relative to the requested output:
r
ei (t) = − 1r j=1 |oi (t)−oi |. Here r denotes the number of input patterns, oi (t)
the resulting output of the network and oi the requested output. Like in this
case the evaluation operator usually will be deterministic; more sophisticated
versions can also account for network size and past performance. Furthermore,
interactions between members of the population can be deﬁned via an artiﬁcial
sensomotoric loop opening up the potential for coevolutionary dynamics5 .
3. Selection
Diﬀerential survival of the varied members of the population is deﬁned by the
selection operator. Possible deﬁnitions range from (a) probabilistic survival
according to evaluation results to (b) winner-takes-all selection. The selection
operator is given by


n(t)

S:

(p(t), e(t)) →

ν(ei (t))

Ri

p(t) .

i=1

Here Ri is the reproduction operator for the ith network in p. Consequently,
ν(ei(t)) copies of each such network are passed to the new population. In
case (a) these integer numbers ν are stochastic variables drawn e.g. from
n(t)
Poisson distributions with mean values larger than 1 if ei (t) > i=1 ei (t)/n(t)
and mean values smaller than 1 for the other networks in the population p.
Case (b) is deﬁned by ν(ei(t)) = n(t) if ei (t) = maxi ei (t) and ν(ei (t)) = 0
otherwise.
The evolution of the population p is then generated by repeated application of the
mapping
p(t) → SEV p(t)
on the initial population p(0).

3. Learning the Parity Problem
We illustrate our method by presenting evolutionary solutions to the two parity4 problems. Based on the activity of n input neurons, the even-(odd-)parity-n
problem amounts to activating a single output neuron if and only if the number of
active inputs is even (odd). We employ parity-n as a benchmark for our approach
since the parity functions are the hardest binary functions to learn (via random
search, as demonstrated e.g. by Koza6 ).
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generation 0,
50% correct

generation 100,
74% correct

generation 500,
81% correct

generation 800,
87% correct

generation 2000,
87% correct

generation 3000,
94% correct

generation 4000,
98% correct

generation 4500,
100% correct

generation 6000,
100% correct

Fig. 1.
Evolution of the best-performing network for the odd-parity-4 problem. Neurons are
depicted by circles, connections by curves. Excitatory connections are shown in white, inhibitory
connections in black, the thickness of curves measures connection strength. Horizontal bars at
neurons indicate thresholds.

U. Dieckmann, Coevolution of Neuromodules

5

50
40
30
20
10
0.0
-0.1
-0.2
-0.3
-0.4
-0.5
0

2000

4000

6000

8000 10000 12000

a

b

Fig. 2.
(a) Time-evolution of network performance (continuous curve), network size (broken
curve) and number of connections (dotted curve) of the best-performing network for the oddparity-4 problem. (b) Evolutionary solution to the odd-parity-4 problem.

In Figure 1 we show the evolution of networks for the odd-parity-4 problem.
The pictures indicate for several generations structure and performance of the bestperforming networks of the population. An increase in the number of hidden neurons
and connections typically is followed by a pruning phase, in which the network
structures exhibit a reduction of complexity while conserving performance. This
is demonstrated in Figure 2a, where the time-evolution of network performance,
network size and number of connections is given. The resulting network structure
is depicted again in Figure 2b.
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Fig. 3.
(a) Time-evolution of network performance (continuous curve), network size (broken
curve) and number of connections (dotted curve) of the best-performing network for the evenparity-4 problem. (b) Evolutionary solution to the even-parity-4 problem.

Figure 3a and 3b give the same information as to the evolution of networks for
the even-parity-4 problem. Notice that the time required to make the error of the
network essentially vanish is longer than in Figure 2. This result underpinns an
observation made by Koza6 that even-parity problems are slightly harder to learn
than odd-parity problems.
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4. Conclusions
We have presented a framework for handling dynamical network architectures. Our
method is based on evolutionary mechanisms and is capable of automatically constructing artiﬁcial neural networks that solve speciﬁc problems. In particular, we
have shown in this paper successful applications of our method to the two parity-4
problems.
In contrast to classical genetic algorithms7,8 the intricate question of how to
represent the neural networks in terms of single, ﬁxed-length strings of symbols does
not arise in our approach. Since our represention of the networks in the population
is based on variable-length lists of neurons and connections, there is no artiﬁcial
limit to the complexity of the evolving networks.
Two further advantages of an evolutionary approach to network learning should
by mentioned. First, evolutionary methods provide a natural answer to the creditassignment problem9 as infrequent or low-quality evaluative feedbacks are no obstacle in applying this method. Second, traditional learning methods are only capable
of training feedworward networks; in contrast, evolutionary algorithms can be applied both to feedforward and recurrent networks.
Finally we contend that — regarding the largely unsolved problem of ﬁnding a
suitable network architecture for a given problem — a shift of emphasis from weight
dynamics towards architecture dynamics is inevitable. For this purpose we suggest
as a powerful and ﬂexible tool the evolution-aided design of neural networks.
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