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ABSTRACT. In this paper an extension of SANE that simultaneously evolves the weights and

architecture of an MLP neural network is presented. The symbiotic adaptive neuroevolution (SANE)
system coevolves a population of neurons that cooperate to form a functioning neural network.
Evolutionary Strategies (ES) is applied to evolve the network weights. In order to increase the evolving
system performance and achieving global optimum convergence the concept of age is introduced in
calculating the fitness. The current investigation focuses on evolving neurocontrollers for a nonlinear
unstable system (cart-pole problem). The results indicate the suitability for using SANE to evolve weights
and architecture of a neurocontroller.
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1. Introduction

Neural Networks are commonly used in many applications, due to their intrinsic
characteristics, including: capability to capture nonlinear relationships between input and
output, celebrated robustness and graceful degradation, etc. Choosing a particular neural
network for an application concerns two considerations: first, the neural network
architecture, and second, its learning algorithm. Conventional learning algorithms have
drawbacks such as: local minima trapping, saturation, initial weight dependence, and over
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fitting. Besides, gradient-based algorithms can not be applied in many problems because it
does need the error in network outputs as a supervisory signal. In these domains, such
information is unavailable or computationally costly to obtain. Moreover, most neural
learning methods, being based on gradient descent, cannot search the nondifferentiable
landscape of multilayer network’s architectures.

the number of weights augments very rapidly with the number of hidden units.

The main advantage of evolved neural networks, as compared with traditional ones, is
their ability to learn in spaces where no gradient information is available [4]. This is the
case for the landscape of architectures. Some degree of architectural encoding will not only
scale better than direct codifications, but will address the search for suitable architectures.
This second means of evolution is called the indirect coding scheme, which, in its extreme
form, could be defined as the evolutionary approach where only architectural parameters
and not weights are coded into chromosomes. For example, connection matrices coding
feedforward single hidden layer networks trained by backpropagation have been used
successfully [10]. It is important to notice that here backpropagation is not substituted by
another algorithm, but combined with it. Many other such combinations have been tried.
For example, GAs have also been used for weight initialization. Backpropagation is used
later for fine-tuning the initial weights [2].

The indirect coding scheme gets in trouble when assigning fitness to chromosomes
since network performance is highly dependent on the initial weight configuration [11, 12].
Much care has to be taken to avoid this noise. The answer may be in schemes between the
two extremes (direct and indirect) described above. Yao et al suggested EPNet to solve this
problem [3]. The idea behind EPNet is to put more emphasis on evolving ANN behaviors,
rather than just its circuitry. Its emphasis is on maintaining behavioral links between a
parent and its offspring.

It might even be beneficial not to converge to a best individual, as happens in some
control problems where maintaining adaptability is crucial. For example, SANE [1]
coevolves a neuron-based population that cooperates to form a neural network. In the FLN
[8], on the contrary, gives up hidden units from the very beginning. The computational
burden moves from the hidden layer to the input layer. The GA task consists in finding the
right subset of polynomial input attributes that leads to an effective separation of the given
pattern classes.

Taking into account that, in many problems, the goal is to learn a nonlinear mapping, a
feed-forward multi-layer architecture seems to be suitable, most approaches to the genetic
design of neural architectures search the space of one-hidden-layer networks. Evolutionary
techniques have proved to search efficiently this kind of huge, nondifferentiable, noisy,
deceptive, and full of local minima spaces that defeat more conventional search techniques
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