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A center-crossing recurrent neural network is one in which the null-
(hyper)surfaces of each neuron intersect at their exact centers of symmetry,
ensuring that each neuron’s activation function is centered over the range
of net inputs that it receives. We demonstrate that relative to a random ini-
tial population, seeding the initial population of an evolutionary search
with center-crossing networks signi�cantly improves both the frequency
and the speed with which high-�tness oscillatory circuits evolve on a sim-
ple walking task. The improvement is especially striking at low mutation
variances. Our results suggest that seeding with center-crossing networks
may often be bene�cial, since a wider range of dynamics is more likely to
be easily accessible from a population of center-crossing networks than
from a population of random networks.

1 Introduction

Dynamical recurrent neural networks are an ideal neural substrate for the
generation and recognition of temporal patterns, but they are considerably
more dif�cult and computationally expensive to train than feedforward net-
works. Two broad classes of training algorithms are typically used: recur-
rent extensions of traditional feedforward learning algorithms (Pearlmutter,
1990) and evolutionary algorithms (Beer & Gallagher, 1992; Cliff, Harvey, &
Husbands, 1993;Nakahara & Doya, 1998; Di Paolo, 1998; Ijspeert, 2001). Due
to the computational cost of these algorithms, general strategies for mini-
mizing the computation required to achieve a given level of performance
are of great practical interest. Here, we describe a general technique for
improving the performance of evolutionary searches on continuous-time
recurrent neural networks (CTRNNs).
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In a previous analysis of the dynamical behavior of small CTRNNs, sev-
eral strategies for improving their evolvability were suggested (Beer, 1995).
These suggestions follow from the general dynamical structure of CTRNNs
and thus are not speci�c to any particular application. In this article, we test
the advantages of one such proposal: seeding evolutionary searches with
center-crossing CTRNNs. A center-crossing CTRNN is one in which the
null-(hyper)surfaces of individual neurons cross one another at their exact
centers, ensuring that the range of inputs that each neuron receives is cen-
tered over the most sensitive region of its activation function (Beer, 1995).
Here, we demonstrate that relative to a random initial population, seed-
ing an evolutionary algorithm with center-crossing networks signi�cantly
improves both the reliability and speed with which high-�tness oscillatory
circuits evolve on a simple walking task.

2 Center-Crossing Networks

Continuous-time recurrent neural networks are networks of model neurons
of the following general form,

ti Pyi D ¡yi C
NX

jD1

wjis (yj C hj) i D 1, . . . , N (2.1)

where yi is the state of the ith neuron, Pyi denotes the time rate of change of
this state, ti is the neuron’s membrane time constant, wji is the strength of
the connection from the jth to the ith neuron, hi is a bias term, and s (x) D
1/ (1 C e¡x) is the standard logistic output function. Although variations
of this basic model neuron were studied much earlier, a restricted form of
this model was popularized by Hop�eld (1984) in his work on associative
memories. Unlike Hop�eld, we make no restrictions on the weight matrix,
so that CTRNNs are capable of general dynamical behavior (Funahashi &
Nakamura, 1993). The oscillatory behavior of dynamical recurrent neural
networks has been studied by a number of authors, including Ermentrout
and Cowan (1979), Atiya and Baldi (1989), and Blum and Wang (1992).

A center-crossing CTRNN is one in which the null-(hyper)surfaces of
individual neurons intersect at their exact centers of symmetry (see Figure1),
producing an equilibrium point for which the outputs of all neurons are one-
half (Beer, 1995). Since s¡1 (1/2) D 0 D yi C hi , this occurs when each yi D hi.
By substituting this constraint into equation 2.1, setting that equation equal
to 0 to specify the equilibrium points, and solving for hi, we �nd that the
center-crossing condition is given by
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¡
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Figure 1: A simple illustration of the center-crossing condition in a two-neuron
CTRNN. (A) The example circuit, with biases set as h1 D ¡(2 C 2)/2 D ¡2
and h2 D ¡(6 ¡ 1)/2 D ¡2.5. (B) The steady-state input-output curve of each
neuron superimposed over the range of synaptic inputs it receives from the other
neuron. (C) The nullclines of the full two-neuron circuit, with the center-crossing
point indicated by a black dot.
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Center-crossing networks were originally studied because of their an-
alytical tractability (Beer, 1995). However, it was conjectured that seeding
the initial population of an evolutionary algorithm with center-crossing
networks rather than random networks might improve the performance of
evolutionary searches on CTRNNs (Beer, 1995). A center-crossing network
has the property that the operating range of each neuron is centered about
the most sensitive region of its activation function (see Figure 1). Due to the
form of s (x), unless a neuron’s bias is properly tuned to the range of inputs
it receives, that neuron will simply saturate on or off and drop out of the
dynamics. Thus, the richest dynamics should be found in the neighborhood
of the center-crossing networks in parameter space, and one would expect
that an evolutionary algorithm would bene�t from focusing its search there.

3 Methods

We test this conjecture by studying the evolution of CTRNN central pattern
generators (CPGs) for walking in a simple legged body (Beer & Gallagher,
1992). The body consists of a single leg with a joint actuated by two opposing
“muscles” and a foot. Details of the model and its analysis can be found
in Beer, Chiel, and Gallagher (1999). We focus here on fully interconnected
�ve-neuron CPGs having a total of 35 parameters (5 time constants, 5 biases,
and 25 connection weights). Three of these neurons are motor neurons that
control the two opposing muscles and the foot, while the remaining two
neurons are interneurons with no preassigned function. The model was
integrated for 220 time units using the forward Euler integration method
with a step size of 0.1. Fitness was evaluated as the average velocity (total
forward distance covered in 220 time units divided by 220). The highest
average velocity achievable is known to be 0.627 from a previous analysis
of the optimal controller for this task and body model (Beer et al., 1999).

A real-valued genetic algorithm was used to evolve CTRNN parame-
ters. A population of 100 individuals was maintained, with each individual
encoded as a vector of 35 real numbers. The best individual in the old
population was simply copied to the new one (elitist selection), and the
remaining children were generated by mutation of selected parents. Indi-
viduals were selected for mutation using a linear rank-based method, with
the best individual producing an average of 1.1 offspring. A selected parent
was mutated by adding to it a random displacement vector whose direction
was uniformly distributed on the 35-dimensional hypersphere and whose
magnitude was a gaussian random variable with 0 mean and variance s2

(Bäck, 1996). Searches were run for 250 generations. Connection weights
and biases were constrained to lie in the range §16, and time constants
were constrained to the range [0.5, 10].

In the experiments described below, we compared the performance of
evolutionary searches seeded with random center-crossing networks (seed-
ed searches) to the performance of searches with completely random initial
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populations (random searches). In the random searches, the initial popula-
tion was generated by randomly assigning parameter values drawn from
a uniform distribution over the allowed ranges. This is the typical way in
which evolutionary algorithms are initialized. In the seeded searches, the
initial population was generated by randomly assigning time constants and
weights, but computing biases from the weights according to the center-
crossing condition, equation 2.2. Aside from this difference in the initial
population, the evolutionary search proceeded in exactly the same way for
both random and seeded searches.

4 Results

4.1 Seeded Searches More Reliably Evolve High-Fitness Circuits. The
bene�ts of seeding an evolutionarysearch with center-crossing networks are
clearly shown in Figure 2A, where we plot the mean performance of seeded
(black) and random (gray) searches as the mutation variance s2 is varied
from 0.05 to 3.0. Each point represents the mean of the average velocity
achieved by the best CPG evolved in each of 100 searches. Over the entire
range of s2 shown, the mean best performance of seeded searches exceeds
that of random searches. Since the very best circuits evolved by both random
and seeded searches have comparable �tness, the observed differences in
mean best performance primarily re�ect differences in the number of suc-
cessful searches. This difference becomes especially pronounced at small
mutation variance, where the mean performance of the CPGs evolved by
seeded searches is nearly twice that of random searches.

The qualitative forms of these two curves are quite different. While the
performance of random searches begins low and rises to a plateau with
increasing s2, the performance of seeded searches begins high and falls to
a plateau. The form of the random curve suggests that randomly generated
parameter sets generally perform quite poorly as CPGs. When mutation
variance is low, it is dif�cult for the search to progress very far from these
low-performance initial circuits. At higher mutation variances, however,
more searches are able to recover from poor initial conditions and still �nd
their way to good walking controllers.

In contrast, the form of the seeded curve suggests that random center-
crossing networks are generally much better CPGs, so that low mutation
variances can often �ne-tune them into very �t walking controllers. Larger
mutation variances can easily destroy this initial advantage, causing the per-
formance of the seeded searches to degenerate to nearly that of the random
searches. Thus, the conditions necessary for oscillation must be somewhat
delicate, and they must be closely related to the center-crossing constraint.

At large mutation variance, both curves �atten into a slow decrease
of mean best performance with s2. The �attening is probably due to our
use of elitist selection, which ensures that any progress made by muta-
tion is retained. Nevertheless, as the mutation variance increases, children
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Figure 2: Results. (A) Mean best performance as a function of mutation variance
for seeded (black) and random (gray) initial populations. Each point represents
the mean of 100 evolutionary searches at mutation variance intervals of 0.05,
for a total of 12,000 experiments. (B) Mean best performance achieved as a
function of generation number for seeded (black) and random (gray) initial
populations. Results for two different mutation variances are shown: s2 = 0.05
(solid) and s2 D 3.0 (dashed). For comparison, the best �tness obtained from
25,000 completely random CTRNNs was 0.24, and the best �tness obtained from
25,000 random center-crossing CTRNNs was 0.40.
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become decreasingly correlated with their parents, and eventually evolu-
tionary search degrades to random sampling.

4.2 High-Fitness Circuits Evolve Faster in Seeded Searches. Not only
do seeded searches evolve better CPGs on average, but they also evolve
them faster, as shown in Figure 2B. Here, we plot the mean best performance
achieved by seeded (black) and random (gray) searches as a function of
generation number. Results for two different values of s2 are shown (solid
lines are s2 D 0.05 and dashed lines are s2 D 3.0). It is clear from these
plots that seeded searches achieve a given level of performance considerably
faster than random searches. Of course, as is to be expected from Figure 2A,
this advantage declines with increasing mutation variance. Nevertheless,
even at s2 D 3.0, the mean performance of seeded searches begins at higher
values and rises faster than for random searches.

Why do populations seeded with center-crossing circuits evolve faster?
Oscillations are essential to high-performance locomotion. Since the max-
imum forward distance that the body model can move in one step is 27.5
(Beer et al., 1999), the best performance that a nonoscillatory CTRNN can
obtain is 27.5/220 D 0.125. Random searches often plateau near this level for
long periods of time. In order to exceed this limit, CTRNNs must oscillate so
as to take multiple steps during the performance evaluation period. Thus,
one way to interpret the results shown in Figure 2B is that seeded searches
discover oscillatory CTRNNs faster than random searches. Indeed, since
the mean best performance for seeded searches is greater than 0.125 even
at generation 0, oscillatory CTRNNs must often exist in the initial center-
crossing population. To test this hypothesis, we generated 10,000 random
center-crossing CPGs and 10,000 completely random CPGs. We found that
26.6% of the center-crossing circuits produced oscillations, while only 1.2%
of the random circuits did so. Once oscillations are discovered, the evolu-
tionary algorithm can �ne-tune them into highly �t CPGs by matching the
amplitude, period, and phase of the oscillation to the characteristics of the
model body.

5 Conclusion

We have demonstrated that seeding an evolutionary algorithm with center-
crossing networks can signi�cantly improve both the frequency and the
speed with which high-�tness central pattern generators evolve. While the
bene�ts of center-crossingnetworks decreasewith increasing mutation vari-
ance, searches from random initial populations never achieve either the best
performance or the rate of improvement exhibited by seeded searches. Since
nothing about the center-crossing condition is speci�c to walking, it is likely
that a similar improvement would be found on any oscillatory task. In fact,
all other things being equal, our results suggest that seeding evolutionary
searches with center-crossing networks may always be bene�cial, since a
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wider range of dynamics is more likely to be easily accessible from a popu-
lation of center-crossing networks than from a random population. Thus, a
considerable practical bene�t can be obtained from general considerations
of the dynamics of recurrent neural networks. By the same reasoning, it
is likely that the optimization of integrate-and-�re or conductance-based
models would also bene�t from initialization with networks whose synap-
tic weights and thresholds ensured that the neurons were centered about
their most sensitive operating regions. Indeed, there is growing evidence
that nerve cells actively regulate their ionic conductances so as to maintain
a given level of excitability (Turrigiano, Abbott, & Marder, 1994).
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