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ABSTRACT: During last decades there has been an increasing interest in artificially combining evolution and learning, 
in order to pursue adaptivity and to increase efficiency of control, supervision and optimisation systems. In particular 
the need for adaptation came out from several real-world applications in non-stationary environments ranging from non 
linear control tasks to manufacturing process optimisation, from time series forecasting to interactive game playing. 
These needs led to the birth of a new general framework for adaptive systems, namely the Evolutionary Artificial 
Neural Networks, where the modelling potentialities of artificial neural networks have been matched with the 
adaptation properties of the evolutionary algorithms. This paper briefly reviews the main results achieved and presents 
the state-of-the-art in this field.  
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INTRODUCTION 

In several real-world dynamical systems applications, ranging from robotics to telecommunications, from process 
automation to biology simulations, it’s impossible to formulate an a priori exact model of the system, taking into 
account all the variables influencing the evolution during time, partly because of the presence of some unobservable 
dynamics in the system, which result in non-stationary phenomena on the measured data, and partly because of the 
unavoidable and unpredictable noise that affects the system internal state and its output.  
In such cases a possible approach is to extract a first rough offline model, and then to on line update it, in order to 
recover the gap of knowledge about unknown disturbances and to pursue an on line adaptation of the model itself. This 
task has been the research subject of many groups involved in the development of smart adaptive systems for real 
applications.  
One of the most commonly ascribed approach to reach adaptive continuous updating consisted in matching the neural 
networks modelling capabilities with the adaptation properties of evolutionary algorithms. These investigations led to 
the birth of a new framework which is generally referred to as Evolutionary Artificial Neural Networks (EANNs). The 
model we get from a neural network undergoes the evolution superimposed by the artificial environment of the 
evolutionary algorithm which is related to the evolution of the system. In such a way it’s possible to couple the 
evolution of the population and the learning process of each individual of the population, achieving better adaptation of 
the whole environment to a generic dynamic fitness landscape. 

EVOLVING NEURAL NETWORKS: THEORETICAL ISSUES AND PREVIOUS WORK 

The first attempts to conjugate evolutionary algorithms with neural networks dealt with the offline set-up of the 
networks (i.e. training of the connection weights [1], offline design of the neural architecture [2][3], or both [4][5]). 
This type of coupling is still implemented in many applications (see for example [6] [7] [8]). However the achieved 



model isn’t able to describe the evolution of the system, its utility must be principally regarded in the higher robustness 
and simplicity of the topology of the resulting networks with respect to those obtained with classical training algorithms 
or empirically designed. For a general review of these methodologies see [9]. 
As we stated above, our focus is on the capability to on line follow the evolution of a partially known dynamical system 
via a continuous updating of the model knowledge through evolutionary optimisation [10]. This reflects upon a 
simultaneous evolution of the neural model. On line evolution has been introduced in neural networks at three different 
levels: connection weights, architectures and learning rules [11]. 
The evolution of connection weights extends the approach of offline training, by means of on line training of the 
connections in a fixed topology network, introducing a first step of adaptivity in the neural model. Several attempts in 
this way have already been carried out [12] [13]. Moreover it is worth to mention the recent efforts in this level to 
conjugate evolutionary with gradient based methods [14]. 
The next step in providing adaptivity to the neural model is to evolve its architecture. With the term architecture we 
intend not only the topological structure, but also the transfer functions of the neurons. The evolution of architectures 
allows neural networks to adapt their topologies to different tasks or to a non stationary changing environment without 
human intervention, providing an approach to automatic neural network design. Some works related to this topic are 
[15]. Obviously this latter class of EANNs includes the former, and several algorithms evolving both structure and 
weights have been proposed [16] [17].  
The last step is represented by the capability of the network to evolve its learning rules. To do this we have to encode in 
each chromosome a dynamic behaviour. Yao in [11] formalizes the concept of learning rule giving it a mathematical 
structure depending on a large number of parameters and  evolution has to set those parameters. Research into the 
evolution of learning rules is still in its early stages, but adapting a learning rule through evolution is expected to greatly 
and efficiently enhance the neural network’s adaptivity in a dynamic environment (see for example [18] and [19]). 

CURRENT IMPLEMENTATIONS AND APPLICATIONS 

The theoretical issues described above found a lot of diverse implementations and several applications have been 
developed. Just to have an overview we introduce the most meaningful contributions. 
The first attempt to evolve the weights of a fully-connected recurrent network can be tracked down in [20]. In this work 
Wieland describes a GA based adaptive approach to a typical control problem, the double pole balancing (also known 
as double inverted pendulum). The fitness function of each generated set-up of the network was the length of time that 
the pole remained balanced. Although the topology of the evolving network is fixed and is empirically established 
offline, the weights of the network are evolved as a consequence of the dynamics of the controlled system.  
The double pole balancing task was referred to as a benchmark in following papers and inspired the work of Saranavan 
and Fogel [12]. They tackled the problem by introducing an evolutionary programming scheme in a population of 
neural networks. The output of the cart system was used as input for each network, all with the same fixed topology, 
which is able to evolve its weights and biases. The selected network’s output response is in turn used as a force applied 
to the cart system. This is the first closed continuous loop between a system and an evolving environment of neural 
networks.  
We stressed above that in real applications it’s important to online update the model. An interesting contribution is 
offered by [21] where it’s analysed an online evolution of a population of networks in a real-time interactive 
environment. The problem is that it’s required a strict adaptivity to the changing environmental conditions imposed by 
the opponent interactive player. The approach presented is then tested on a gaming application, but its inspiring 
philosophy can be applied in many fields such as robot control in unstructured environments or traffic management. 
One more distinction we have to point out is the codification of each individual. In the previous paragraph we 
distinguished among three possible codifications of the genome of each individual (connection weights, architecture, 
learning rules). All of these require that each individual refers to a complete neural network. In this sense we can speak 
of an evolving population of neural networks. Another approach is that of [22] where each individual refers to a single 
neuron, and the neural networks formed are the results of the evolution of a population of these individuals via co-
evolution and speciation. The competition between individuals is based on how well, on average, the network which 
they participate in perform. This approach is called symbiotic evolution and the developed base methodology (called 
SANE, Symbiotic Adaptive Neuro-Evolution) has been applied to various problems with very promising results ([23] 
[24] [25]). 
Another important contribution to the development of evolving neural network came from [26]. In particular Stanley et 
al. propose a method of evolving topologies of networks with unbounded complexity (NEAT). The evolution of 
topologies allows the networks to support plastic synapses by designating which connection should be active and in 
which way. Moreover it has been noted that NEAT strengthens the analogy with natural evolution by simultaneously 
optimising and complexifying solutions. Experimentation of this methodology mainly concerned the already mentioned 
double-pole balancing control problem. 



It is worth to mention the framework proposed by [27] concerning evolving fuzzy neural networks (EfuNN). In this 
work EfuNNs evolve their structure and parameter values through incremental, online learning and adaptation to the 
changing environment is performed by evolutionary methods. This approach has been tested on time series prediction. 
Similar works are [28] and [29]. 
Recent real world applications range from image processing, to vehicle control, from evolutionary robotics to 
telecommunications.  
In image processing [14] focus on the on-line training of neural networks in slowly varying environments with a Hybrid 
Evolutionary Algorithm (HEA) applied to texture classification and tumour detection problems. [30] [31] [32] focus on 
the detection and extraction of objects in images under variable perceptual conditions.  
In vehicle control [33] applies evolutionary algorithms to on-line adapt control modules represented by neural networks 
in order to achieve fuel injection control. 
In evolutionary robotics [34] [35] [36] provide examples of robotics applications in varying environments using 
different evolutionary and dynamical neural networks.    
In telecommunications the call admission control, regarded as non stationary time series forecasting [37] has been 
faced. Another promising application in that field has been the dynamic bandwidth allocation problem [38]. 

CONCLUSIONS 

In this paper we briefly reviewed the theoretical and methodological approaches to develop evolutionary neural 
network. We focussed our attention on those works where a continuous on line adaptation of the model to a non 
stationary environment is required. It’s commonly thought that this is one of the most troubling features in real-world 
applications and, even if the first theoretical approaches to the problem in terms of adaptive artificial systems can be 
fixed in the first 90’s, real implementations started later and at present they are not consolidated yet. Recent applications 
show good adaptivity to unpredictable variations in time of the dynamics of the system and the results obtained can be 
considered both a promise and a challenge for future research in smart adaptive systems. 
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