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ABSTRACT: The ideas proposed in this work are aimed to develop a novel approach based on artificial life (alife)
environments for on-line adaptive optimisation of dynamical systems. The basic features of the proposed approach are:
no intensive modelling (continuos learning directly from measurements) and capability to follow the system evolution
(adaptation to environmental changes). The essence could be synthesised in this way: "not control rules but autonomous
structures able to dynamically adapt and  generate optimised-control rules". We tested our methodology on a simulator
of a dynamical system: the Chua’s circuit. Experimentation concerned the on-line optimisation and adaptation of the
system in different regimes without knowing the circuit’s equations. We considered one parameter affected by unknown
changes and then we let the alife environment try to adapt to the new condition. Preliminary results show the system is
able to dynamically adapt to slow environmental changes by recovering the optimal condition.

KEYWORDS: Artificial Life, Adaptive Systems, On-line Optimisation, Evolutionary Computation, Continuos
Learning, Dynamical Systems, Chua’s Circuit

1. INTRODUCTION

The ideas of evolution, complexity, intelligence and life reproduction have long been stimulating the collective
thinking. Scientific approaches then become predominant on the formation of hypothesis and practices to answer to
these basic questions. Research and development, inspired by mathematical and physical models of intelligence
(Artificial Intelligence) and more recently of life itself (Artificial Life), are providing new tools and ideas for the
solution of complex problems requiring evolving structures.
In problems ranging from traffic regulation to energy process control and optimisation the not-adaptive approaches are
not effective to solve the problem over the time. The not-controlled variables, the process ageing, the unforeseeable
effects caused by human errors, the evolution of the process, in most of the cases require the change of the basic model
or the objectives, or even the whole strategy. To reach the goal of evolving structures, a continuos learning of the
system from the environment is necessary but not sufficient, and the ability of the system to change its internal structure
is needed. In short, we need information structures able to evolve in parallel to the process we are modelling.  Since late
70's a new branch of theory has been introduced in the evolutionary system research: the genetic algorithms, starting
from [18] and developed in different directions [16]. In these approaches the algorithm structure is able to optimise a
fitness function, or to optimise a winning strategy simulating some mechanisms of the genetic dynamics of
chromosomes (reproduction, recombination, mutation, selection). These algorithms have been successfully applied in
many technological and engineering problems, in order to solve optimisation [23] or design problems. The limitation of
these approaches is that the internal structure of the information is generally static and defined/controlled by the author
of the algorithm. The fusion of the concepts of genetics algorithms and the self-organisation brought about the concept
of the artificial life [9] [13][21] started in the 80's. For the first time, it has really opened the possibility to build
evolving structures able to develop a completely new organisation of the internal information. Artificial life is generally
applied to study biological and social systems using software simulators [21][25] and the basic concept is to leave the
system with the necessary degree of freedom to develop an emergent behaviour, combining the genetics with other life
aspects (interaction, competition, co-operation, food network, etc.). At the present, artificial life (or alife) is used mainly
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to study evolution problems, but we think that it has the potential to generate information structures that are able to
develop a local intelligence. With the term local intelligence we refer to an intelligence strongly connected to the
environmental context (the problem) we need to solve. We are involved in the development of this kind of structures
called artificial societies [9][14]. The goal of these structures is the solution of a specific class of complex problems
(design and engineering [4][5][6]) which require evolving structures.

2. DYNAMIC OPTIMIZATION AND COMPLEX PROCESSES

Complex processes are those processes operating in evolving dynamical systems whose defining scenario concerns:
1. Highly non-linear dynamics and chaotic behaviour.

It means [1] that for such systems there is a high sensitivity on initial conditions and that it is possible to predict the
phenomenon only in the near future.

2. Hardness to build effective models.
Because of the high complexity of such phenomena, it is very difficult to model them. Moreover in real systems to
build a data driven model we have to take into account that the amount of data available are often much less than the
required and that not all variables are known in advance. It follows that we have to deal with approximate models.

3. Non-stationary environment.
These are systems in which environmental conditions change in time. In this situation real adaptive systems must be
able to keep track of the changes and to dynamically adapt to the new conditions.

In this context, when facing optimisation and control of complex processes, dynamic optimisation methods at least
capable of continuously adapting the solution to the changing environment are needed. Most of real-world systems fulfil
this class of processes.
Today, methodologies for advanced control and optimisation (expert systems, ARM or neural predictors, process on-
line simulators) are surely useful for a wide fraction of the industrial requirements, but they have serious limitations that
could be summarised in the following items:
• need of strong modelling (simulators, ARM predictors)
• need of long training (ARM-Neural predictors)
• need of heavy knowledge from operators (expert systems)
• fixed rules for all process life (off-line, no dynamics, heuristics on critical measures)
Rarely these requirements are fulfilled for industrial complex processes. One of the most serious problem for some
traditional and innovative methods based on learning is that they are based on fixed optimisation rules and do not take
care of the evolution of the process during its life.
Over the last few years maybe the most promising approach capable to tackle this class of problems is that concerning
evolutionary computation. Several researchers have studied extensions of evolutionary algorithms to consider changes
that may occur during the search process and to track the optimum efficiently in spite of these changes. Grefenstette
was the first one who approached the problem with evolutionary computation techniques. In [17] it was proposed a
modification of the standard generational genetic algorithm designed to maintain the diversity required to track a
changing response surface. Since then several researchers pursed the goal to make evolutionary algorithms suitable for
changing optimization problems. In the references [10][26] surveys of existing evolutionary approaches to non-
stationary problem optimisation are reported. These approaches have been categorised into three main groups
representing (1) population diversity maintenance techniques, (2) adaptation and self-adaptation techniques [8], and (3)
redundant genetic material approaches. [26] proposes also a model for non-stationary problems, reporting the different
types of components changes, and measures for comparisons of obtained non-stationary optimization results are
discussed too.

3. THE EVOLUTIONARY CONTROL

In this paper we purpose new approach, the evolutionary control, to the optimisation and control of complex processes
based on evolutionary computation techniques and extensions of them. Our goal is to test the approach we are about to
describe on a non-stationary dynamical system.
The basic features of the methodology we propose are:
• no intensive modelling (progressive training directly from the measurements)
• able to follow the process evolution
The essence could be synthesised by the following sentence: "not control rules but autonomous structures able to
dynamically generate optimised-control rules" , that is the overcoming of the concept of the expert systems (ES). In the
construction of the ES, the knowledge of the operators is verbally transferred to the ES builder. In our proposal, the
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process knowledge is not verbally transferred, but it is obtained directly by the system through the measurements
observation. The dynamic building of a model is based on the observation of the effects that the regulation actions
(acted by the operators or any other existing control systems) have on the process performance.
The implementation of this idea is described in figure 1. The basic concept consists in the realisation of an artificial
environment that lives in parallel to the process and that asynchronously communicate with it, in order to dynamically
control and optimise it. We suppose to always measure from the process its current regulations and performance. In this
way measurements are composed by both process variables and performance. The system continuously gets
measurements from the process and provides the process back with the control actions.
The main blocks of the evolutionary control are the alife environment and the performance model. The first one is an
artificial environment composed by individuals able to find the optimal solutions. The second one is a model of the
process performance used by the alife environment in order to provide its individuals with a fitness value. These blocks
are described in the following paragraphs.
The final control actions are the average between the best solution achieved by the alife environment and the current
regulations. This because we wish smooth transitions among different states.
Each time a new measurement is acquired the performance model is updated with it (continuous learning) and a new
individual, representing the new experimented/observed process condition, is inserted in the artificial environment. In
this way the system is continuously updated, it follows the process not-monitored changes and drives the evolution
towards better performances. Of course at beginning the system is not able to give any suggestion but it only learns
from the process measurements. The artificial environment starts being active and gives its suggestions when the
performance model is trained.

Figure 1: Scheme of the evolutionary control approach

4. THE ALIFE ENVIRONMENT

In this paragraph we will describe the artificial life environment for the dynamic selection of the best control
configurations. This environment derives from the Artificial Society approach illustrated in Annunziato et al. [5]
inserting several extension (energy, filament, control) explained in the following. This approach has been tested for the
optimisation of a static well known problem, the Travelling Salesman Problem, in which it has reached the optimal
value for the 30, 50 and 75 towns [5]. In the following, the program parameters or keyword definitions are typed in
italic.  The alife context is a two-dimensional lattice (life space) divided in nxm cells (reference values: 200x200). The
life space is empty at the beginning of the evolution. In the metaphor of the artificial life, this lattice represents a flat
physical space where the artificial individuals (or autonomous agents) can move around. During the single iteration (life
cycle) all the living individuals move in the space. One individual is initially constituted by one single cell, but it can
grow along life composing a moving wire. The length of the wire depends on an individual energy. Every life cycle,
the individual moves in the life space, can interact with other individuals, and can reproduce generating another
individual (see fig. 2).
We suppose to carry out periodically a set of measurements (measurement cycle), to calculate the current value of the
process performance and to provide such an information to the control system. The performance is the target of the
control we want to optimise and it is  derived from measurements.

control actions

measurements

 Artificial Life environment
(alife)

Performance
Model

Process

Evolutionary
Control

Control
best
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At every cycle of measurement, a new individual is built on the base of the measured values and inserted in the
environment with a starting value of energy (inlet energy). A measurement cycle corresponds typically to several life
cycles (10-1000). This individual is considered as the ancestor of a new family or lineage. All the offspring generated
by this individual are marked with the same code of lineage.

Figure 2: The Alife environment

The data structure of the individual is composed by three blocks: the genotype, the  information and the status. The first
one includes a collection of behavioural parameters regarding dynamics, reproduction and interaction. These parameters
don't change during the individual life. The information block includes a series of parameters related to the process to
control: the regulation and measurement values; these variables don't change during the individual life. The status
parameters include dynamics and structural parameters (position, direction, curvature, wire description), age, energy
and performance values, These parameters change during the individual life. The performance is continuously updated
using an external problem-specific model. This is due to the possible changes in the unknown variables of the process
not represented in the genotype. For this reason the performance variable is located in the status block. In table I the
main process variables are reported and in the following paragraph such parameters will be explained.

Genotype Status Information Environment,
Population & Control

Irrationality Age Regulations Xsize
Dynamic model x, y, dir, curv Measurements Xsize
Fecundity Wire description Ysize
Lineage Energy Border type
Generation level Performance Measurement period
Average Lifetime Inlet Energy
Birth Energy Max individuals
Fighting energy Random initial seed
Reproduction model
Genome mutation
Mutation rate, intensity
Interaction model
Marriage Probability

a) individual description        b) global environment

Table I:. parameters involved in the alife environment

4.1 DYNAMICS

The agent movement is the result of the composition of a deterministic component and a random component in order to
define the curvature of the individual trajectory in the 2D lattice. The reciprocal importance of the two components is
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regulated by a parameter named irrationality. High values of this parameter cause a totally random movement; low
values cause a totally deterministic movement. Several models for the deterministic component have been
experimented. This model is important to give the individuals the chance of a local development (spiral trajectories) or a
strong mixing of the overall population (quasi-straight trajectories). The spiral trajectories have given the best results in
the experimentation. In the spiral model the trajectory curvature evolves slowly in time generating  large and small
trajectories.  The irrationality parameter and the model type are recorded in the genotype; the x, y co-ordinates (float),
the current direction and curvature are recorded in the status block.
The dynamics of the individuals are also influenced by the space size (xsize and ysize) and the border type. The border
can be open, closed or toroidal. The last has given the best results. In this configuration, when an individual touches a
side of the space it enters from the other side.
The dynamics parameters and the other probabilistic models in the alife environment are affected by the random
sequence that is identified by its random initial seed. The short term evolution of the population can be influenced by
the initial seed, but after a while, the results are substantially independent by this choice. All these parameters are
recorded in a environment table of parameters.

4.2 REPRODUCTION

Both aploid and diploid reproduction models have been implemented. Reproduction can occur only if the individual has
an energy greater than a specific amount named birth energy. During reproduction, an amount of energy (birth energy)
is transferred from the parent(s) to the child. In the aploid reproduction a probabilistic test for self reproduction is
performed at every life cycle. The fecundity probabilistic parameter is recorded in the genotype. In the diploid model
the reproduction is subjected to the event of meeting and marriage of two individuals. Only if the two meeting
individuals derive by the same ancestor, a marriage can occur.
The information block contains process data in terms of regulations and measurements. These values identify the
control configuration pointed by the individual. The block of data is divided in two identical sections: individual
features and ancestor features. In the individual features section, the actual values of the individual are recorded. In the
ancestor section the values of its original ancestor are recorded. During reproduction, the ancestor section of
information is copied in the corresponding section of the child. Only the specific section of the individual is subjected to
change in the copying. In this way all the offsprings of an ancestor are only one-generation level in respect to the
ancestor. The rule can be relaxed accepting more than one generation level.
The reason for this position is related to the learning-adaptivity consideration and it will be explained in par. 6.
In the aploid reproduction, a probabilistic-random mutation occurs on the regulations in relation to a mutation average
rate and mutation maximum intensity. All the mentioned parameters (lineage, fecundity, birth energy, mutation rate and
intensity) are recorded in the genotype.  In the diploid reproduction a crossover mechanism combines the regulations
values proportionally to the performance value of the two parents. The application of the mutation mechanism on the
genotype can change radically the individual behaviour  and can increase a lot the possibilities to optimise the search
strategy over time and situations. At the moment the mechanism has been applied to the dynamics and reproduction
parameters (fecundity and irrationality). In the experimental results this introduction has increased the performance of
the environment. Other important parameters for genotype mutation are the mutation rate and intensity. When the
system is far from the optimum, high values for these parameters are necessary to speed up the environment to recovery
the performance. When the system is close to the optimal low values are necessary to locate the control at the optimal
maximum.
The performance value of the ancestor has been derived from the measurements, but during reproduction we change
regulations through mutations or crossover mechanisms. In this case we don't know the actual performance of the child
we have built anymore. In order to solve this problem we need a performance model. This is a problem-specific external
model. The inputs of this model are the new regulations and the output is the evaluated performance (see fig. 1). This is
an important task we will explain in detail in par. 5.
Due to the reproduction cost in terms of energy, the value of inlet energy is important to establish the initial diffusion of
the lineage. This parameter is related only to the ancestor individuals. Its value, combined with the periods of
measurement cycle determine the amount of the energy admitted in the environment.
Finally reproduction is limited by a maximum number of individuals in the space. In order to avoid population
saturation this number is chosen quite higher than the natural fluctuations in the population dynamics.

4.3 LIFE, INTERACTION AND SELECTION

At every life cycle, several updates are performed. The individual performance is updated with the mentioned external
model; age is increased and wire description (length, position of the wire nodes) is updated. For their transitory nature
these parameters are recorded in the status block. When the age reaches a value close to the average lifetime (genotype),
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the probability of natural death increases. The ageing mechanism is very important to warrant the possibility to lose
memory of very old solutions and follow the process evolution. This mechanism takes into effect the ageing of the
process models due to the changes of non-monitored variables. Furthermore the value of the average lifetime
determines the amount of the energy outgoing from the environment.
Another mechanism of death occurs when the individual reaches the null energy. The energy can be lost for
reproduction or for interaction with other individuals. When an individual collides with the body (wire) of another
individual an interaction occurs. During this interaction, the two individuals compare their lineage. If they have the
same lineage, they fight and selection occurs among mutations of solutions derived from the same measurements. If
they have different lineage they ignore the interaction because they derive from different process configuration and
selection is meaningless.  In the scheme of fig. 3 the whole interaction-reproduction mechanism for aploid and diploid
reproduction are reported.
In case of fight, the winner is the individual characterised by a greater value of performance. The loser transfers an
amount of energy (fighting energy) to the winner. In this way, a high performance individual increases its energy along
life lengthening its wire. This effect causes an increase of its probability to meet other individuals and fight again
pushing a selection mechanisms of the best individuals in terms of performances. A low value of fighting energy is
preferred to give the individual more chances to survive during fights. All the mentioned parameters are recorded in the
genotype.
In the case of diploid reproduction model the two meeting individuals compare their regulations. If the difference is
small, a marriage and reproduction can occur otherwise they fight. An alternative to this decision mechanism
(interaction model) is based on a generic marriage probability. The following graph summarise the interaction model in
case of aploid or diploid reproduction.

Figure 3: Interaction-Reproduction scheme for aploid and diploid models
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5. THE PERFORMANCE MODEL

The task of the performance model is to provide the newly generated individuals of the alife environment with a
performance. The current implementation has three main blocks described in the following figure.

Figure 4: Performance model scheme

The performance evaluator has in input the values of the control parameters and returns an estimate of the
corresponding value of the fitness function. The control parameters are discretized and the values we obtain are
intended to be the performance table indexes. In figure 5 we show the situation with two control parameters indexing
the X and Y axis of the table. We have three possible cases, depending on this discretization of the input parameters:

Figure 5: Performance evaluation

1. If the input refers to a cell in which we have already inserted a measure then we will consider that quantity as
the estimate of the performance we are looking for;

2. If the input refers to an empty cell we use an a priori model of the process then we’ll use a neural network.
Initially we only implemented these two cases, but we realised that the number of empty cells was too big with respect
to the filled ones. In this case we should have too often referred to the a priori model which is a static and not precise
representation of the phenomenon.

3. Consequently we introduced an interpolation mechanism, according to which if we point to an empty cell, we
have to search for an already measured value in the neighbourhood, within a fixed range. If we find a filled cell
we interpolate the neural prediction related to the starting empty cell with that value; otherwise we consider as
performance estimate the neural prediction. In particular we stated as interpolation rule the following:

( ) ( )( ) NNdKMdK f ⋅−+⋅ 1 (1) 

in which fM  is the measure found in the neighbourhood of the empty cell, NN is the neural estimate of the
starting point performance and K(d) is a weight coefficient, exponentially depending on the distance
between fM  and NN.

The neural model has as input the set of regulations and as output the performance. We have to point out that the neural
network we used can be replaced by any kind of a priori model of the system, and, as it will be raised from the
preliminary results, it’s not important the accuracy of the model itself.
The performance map has a twofold task. On one hand it is, as we already said, the long-term memory of the control
system; on the other hand, it allows the continuous updating of the reference model and so it lets the control system

RReegguullaattiioonnss
mmeeaassuurreemmeenntt

nneeuurraall
pprreeddiiccttiioonn

iinntteerrppoollaattiioonn

Performance
map

Neural
Network

Performance
evaluator

measurements

fitness
estimation

control
parameters

eunite 2001 48 www.eunite.org



itself to evolve in parallel with the process. So it roughly represents an internal knowledge of the real system. The
process of updating of the performance map is rather simple. When there is a new measurement, as we said above, this
is inserted in the table in the cell which the discretization of the parameter set refers to. This happens regardless of the
previous filling of that particular cell.

6. ADAPTIVITY AND CONTROL

In this paragraph a few considerations about adaptivity, learning and control of the proposed methodology are
discussed. In par. 5 we described the performance map of the performance model.
The updating of the whole map occurs by a long refresh time; on the other hand the updating  of the most visited zones
occurs by a short refresh time. We consider this mechanism as a focus of attention concept. The best individuals
selected by the environment determine the zones of the map where the focus currently is. Any control action chosen by
the control system corresponds to a displacement in the performance map towards the new estimated optimal point. The
dynamics of this displacements are very important and they can be discussed in two different cases.
• The first is when the control is moving around a local maximum. In this case the displacement range depends on:

the mutation size, the interpolation extent of the performance estimation (see figure 5) and  the number of allowed
generation levels (ngl) for reproduction (see par. 4). For ngl greater than one it can occur the risk to reach zones of
the performance map very far from the known ones (filled cells), where the performance estimation might be
highly imprecise (see figure 5).

• The second is when the system decides to move from a local optimum to another one. The effectiveness of the
choice is continuously checked during the path by the continuous updating provided by the focus of attention
mechanism.

Some remarks concerning the ageing strategy can be done. If the average expected lifetime (ael) is high then bio-
diversity will tend to decrease and adaptivity to external disturbances will be severely affected. On the other side if the
ael  is too short then the optimal solutions will be lost too early and the system will be unstable. Then in general the best
value for the ael is a compromise between the two.
The last comment is on the performance updating of the individuals. In fact in order to enhance adaptivity to process
disturbances, at every life cycle the performance value of all individuals is updated according to the current situation of
the process.

7. THE REFERENCE PROCESS: THE CHUA’S CIRCUIT

Since it is not possible and suitable to test our approach on real plants we chose to carry out a simulator of a complex
process. In [5] we studied combustion processes based on the Kuramoto [7] equation in a stationary environment
without the need of taking care of adaptivity issues. To investigate adaptivity in non stationary environments we chose
to study one of the most widely known dynamical systems and we developed a simulator for it: the Chua’s circuit [11].
The Chua’s circuit is usually considered as a paradigm for the study of the onset of chaotic phenomena. This is due
principally to two factors: the possibility to obtain a wide range of chaotic behaviours, which are characteristic of a
generic non-linear dynamical system, together with the simplicity of design and making of the real device. Accordingly
to these properties, the Chua’s circuit is held up as a benchmark for a lot of experiments on dynamical systems. The
general scheme of the circuit is given in the figure below.    

Figure 6: The general scheme of the Chua’s circuit

The circuit consists of two blocks: a conventional linear oscillation circuit , composed by the inductor L (together with
its associated resistance r), the resistor R and the capacitors C1 and C2; a piecewise linear resistance, constituted by the
non-linear load of the oscillator RNL (Chua’s diode),  whose current-voltage characteristic is the following:

C1C2

iL

R

r

L
v1v2

RNL

+ +
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Figure 7: The current-voltage characteristics of the Chua’s circuit

To write circuit equations we choose as the dynamical variables [v1, v2, iL], and as a consequence of Kirchhoff’s laws
we have

( ) ( )112
1

1
1 vfvv
Rdt

dvC −−=
(2) 

( ) Livv
Rdt

dvC +−−= 12
2

2
1 (3) 

2vri
dt
diL L

L −−=
(4) 

where ( )1vf  is the conductance for the effective non-linear resistance and can be written as follows:

( ) ( )( ) ( )( )EvEvmmFvFvmmvmvf −−+−+−−+−+= 11121101101 2
1

2
1 (5) 

where E is the breakpoint voltage of the Chua’s diode and F corresponds to its breakdown.
We suppose now that the loss of energy due to the inductor (by means of its internal resistance r) is not remarkable and
consequently we can consider 0≅r  in (4). To obtain a dimensionless version of the resulting Chua’s circuit we scale
voltages by E, and times by C2R.

E
vx 1=  ,        

E
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Using the above parameters, the system becomes:
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where m and f depend on the Chua’s diode breakdown and
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In this way we’ve got three ordinary differential equations, whose parameters are strictly related to the component parts
of the circuit. The aim we were going to attain in this work was an optimal parametric control and hence we only have

m0

m1

m0

m1
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to properly set the value of the variable component parts of the circuit. Then, the aim of the approach consists in setting
to the optimal value the four control parameters α, β , a  and  b (9)

7.1 FITNESS DEFINITION

In order to apply the evolutionary control technique to the dynamical system we have chosen, we need to set a criterion
for fitness function definition. Since we want to carry out a parametric control. This means that the fitness function has
not to depend on the initial conditions, but only on the dynamical state of the system, that is on its parameters. The
internal energy of the system, which is proportional to the quadratic distance of the generic point of phase space from
the origin, fulfils this requirement. Consequently, we let the system evolve in time enough to consider the dependence
on initial conditions extinguished and then we computed the RMSE of the signal. Then we defined the following fitness
function to maximise:

( )
θ

βαθβα |),,,(|1,,, barmseba −−=ℑ
(10) 

Where θ is a threshold RMSE reference value and rmse(α, β, a ,b) is the RMSE of the signal referring to the current
values of the parameters α,β, a and b.

7.2 NEURAL MODEL

The implementation of the performance model described in par. 5 needs a neural network. In the case of  the Chua’s
system a standard multi-layer feed forward neural network has been utilised. Inputs of the network are the four control
parameters α, β , a  and  b (9) defining the circuit and the output is the previously defined fitness. To train such network
we generated 5000 points by letting uniformly vary the four parameters. The accuracy as RMSE of the neural model is
about 4%.

8. EXPERIMENTAL RESULTS

We carried out two classes of experiments using as reference process the Chua’s system. The first one was intended to
demonstrate the system is able to effectively conduct the process to the optimal performance, without any need of a
priori modelling. In the second block of experiments we considered one parameter (α) of the process as an unknown
disturbance varying in time, giving rise to a dynamic performance function, and we demonstrated that the system is able
to compensate the performance drops due to the changes of fitness landscape.

8.1 EXPERIMENTS WITH AN A-PRIORI MODEL

As we said above, we demonstrated the control system is able to drive the process to optimal performance aside the a
priori modelling we consider in the performance model. In order to do this we introduced a random increasing noise
(10%, 50%, 100% of the nominal best value of the performance) on the neural prediction and then we compared the
resulting performance trend with the one we have in the case of  precise network. In fig. 8 we traced the consequent
graphics, where the red line represents the performance in the case of noisy neural network. The most relevant result is
that the optimal performance is reached even in the case of 100% random error on the neural prediction, even if we lose
something in efficiency.

Figure 8: Increasing random error on the neural prediction
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Hence we arranged another experiment, in which we took the neural network off. In such a way the performance model
is only the performance map. The results we found are graphed in fig. 9.

Figure 9: Adaptation without the a-priori modelling

Once again we have to notice that the process is driven to the optimal performance, even if we need a higher number of
control actions to fill the performance map and build a first rough model of the process. Consequently it comes out that
the on-line updating of the performance map itself suffices to conduct the dynamical system to the performance
required.
For this reason we don’t necessary need any kind of a priori modelling of the system we have to optimise. This
consideration will be the starting point for the next block of experimentation.

8.2 ADAPTIVITY TO VARYING DISTURBANCES WITHOUT THE A-PRIORI MODEL

The second part of experimentation we carried out was intended to point out the adaptivity of our system.
Just to take a step in the direction of a real application, we made two hypothesis:

• we have partial information of the process we want to optimise; we only know (and consequently control) a
finite number of the parameters of the dynamical system; in the case of the Chua’s circuit we suppose to
act only on the values of β, a, b and by considering α free to vary in time, unknown as noise, whose effect
produces unpredictable changes in the performance landscape;

• we have no model for the dynamical non-linear process; this hypothesis is a direct consequence of the first
class of the carried out experimentation, which brought us to the consideration that the control system drives
the process to the optimal condition without any need of a priori modelling (see fig. 9).

Hence the performance model is just represented by the performance map, which, owing to the first hypothesis, is a
three-dimensional table and the value in each cell changes in time.
As we said above, we have a dynamic performance landscape, and so the optimal parameter configuration has to be
dynamical as well. The control system we introduce is able to adapt in time the optimal suggested control rules,
compensating the performance drops, and driving the process to the new best fitness.
We checked this behaviour by arranging a random discrete mutation in time on α , giving the behaviour graphed in fig.
10. The corresponding evolution of the process performance, without any kind of control, would be the one traced in
red in fig. 11. As we can see, even if we start from an optimal situation, the first variation of the unknown parameter
throws the performance down to an unacceptable efficiency of the process. This bad behaviour remains more or less the
same, until α comes back to the initial value. With the introduction of the evolutionary control, the performance of the
system follows the blue line, overtraced in fig. 11. It’s clearly visible the improvement in process efficiency.
The performance is again subject to drops due to the unknown disturbance, but the control system is effective in
recovering the optimal value, showing its main characteristic of adaptivity.
In this experimentation the average performance for the uncontrolled situation is 0.5033 while in the controlled case it is
0.842 achieving a 34% improvement on the average performance.
This first result surely improves the process performance, continuously pushing it to the optimum, but one could except
on the jaggedness of the fitness curve. In a real system, in fact, this would probably bring to unstableness situation
placing in a critical condition the whole dynamical system.

50 100 150 200 250 300 350 400 450 500 550 600
0.4

0.5

0.6

0.7

0.8

0.9

1

C o n t r o l   A c t i o n s

P
e
r
f
o
r
m
a
n
c
e

eunite 2001 52 www.eunite.org



Figure 10: variation of the α parameter

Figure 11: The evolutionary control at work

We argued that this instability was due to the finiteness of life of the individual in the artificial environment. In fact it
could happen that the best individual dies (while fighting or because of ageing) and so the artificial environment is
called to cyclically make a new selection and to propose the new best individual to the simulator. In the time elapsed
before finding the new optimal control rules, the performance of the process undergoes sudden variations.
This observation has been verified by the next experimentation, in which we set to infinity the average life of the
individuals in the artificial environment. This position doesn’t cut completely the dynamics of the artificial
environment. In fact the individuals will keep on dying, owing to losses of energy due to fighting and their performance
is continuously updated in the evolution (see par. 4). We only want to cancel the natural death mechanism not to lose
the best individuals. In fig. 12 we compare the previous graph with the one we found in the above mentioned situation.

Figure 12: Stability vs. Adaptivity

As we can see in the upper graphic, in the case of infinite life, the performance of the system is much smoother than the
one with finite life.
However we have also to notice that in the former case, on the occasion of the first performance drop, we need a higher
number of control actions to recover the optimal condition. This is due to the lower adaptivity that the artificial
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environment shows when there is a change in the performance landscape. In fact, whenever there is an alteration in the
performance function, the artificial environment has to update itself. This procedure principally consists in renewing the
individuals in such a way that their fitness is related to the new condition. Naturally, if the individuals have a finite
average life this operation will be faster.
That’s the reason why we have to choose a compromise between the reactivity of the system and its required stability.
We finally tried to increase the disturbance frequency. In particular we let the same variations on α, reducing the period
of commutation of a 10-factor. In this case we have the result shown in the graph below.

Figure 13: Increasing the disturbance frequency

As we can see, the control system seems not to be able to readily recover the optimal condition. This is due to the
quickness of performance landscape’s changes. We can say that the performance model doesn’t succeed in adapting to
the variations, because of lack of the necessary time of updating.

8. DISCUSSION

The system we curried out at this stage has several drawbacks and limits.
In any dynamical system it is essential to keep track of the dynamics of the system and to know in which dynamical
state the system is. The dynamical state is identified by the dynamic behaviour that is determined by the differential
equation system, by the parameters values in which the system is operating and by the initial conditions. This could be
very important in chaotic systems where sensibility to initial conditions is very high. In these systems parameters
defining the dynamics of the system have to be inserted in the control processing in order to completely describe the
state of the process. At present this part has been implemented [5] but not still well tested. So, the current
experimentation didn’t take into account this problem which will be faced in the future work. The basic idea is to apply
new advances on chaotic analysis [1] and in particular last developments on dynamics invariants [3].
The current implementation of the performance model can be remarkably improved. The first problem is the updating
strategy of the performance model when new measurements are acquired. In the performance map new values overwrite
the old ones without taking care of the past history. The second consideration concerning the performance model  is that
the performance map has a dimensionality problem. How we discretize the map is important because a too rough
discretization might severely affect the effectiveness of the system. On the other side a too fine discretization might
enlarge too much the space to allocate and handle the map. This problem is obviously much more remarkable when new
parameters, i.e. dynamic invariants, have to be added increasing the dimensions of the map. A multi-resolution
approach is probably the way to solve this problem.

9. CONCLUSIONS

The ideas proposed in this work are aimed to curry out a new approach, based on artificial life (alife) environments, for
on-line adaptive optimisation of complex processes. The basic features of the proposed approach are: no intensive
modelling (continuos learning directly from measurements) and capability to follow the system evolution (adaptation to
environmental changes). In our proposal the process knowledge is directly developed by the system through
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measurements observations. The driving process is the dynamic building of a model on the basis of the observations of
the effects that the regulation actions have on the system performance. The essence of this approach could be
synthesised by the following sentence: "not control rules but autonomous structures able to dynamically adapt and
generate optimised-control rules".
We tested the proposed methodology on a very well known and widely studied dynamical system: the Chua’s circuit. It
has the advantage to be a pretty simple system to implement and it has a wide range of chaotic regimes depending on
the value of the parameters defining the circuit. On this testbed we defined a fitness function to maximise.
Experimentation concerned the on-line optimisation of Chua’s circuit in different regimes. We supposed not to know
the equations describing the circuit, so we have been working on the rough signal generated by a simulator of the circuit
and our system builds an internal model by implementing continuos learning. To test the adaptive capability of the alife
environment we considered one parameter affected by unknown changes and then we let the alife environment to try to
adapt itself to the new condition. Experimental results showed the system is able to dynamically adapt to slow
environmental changes by recovering and keeping the optimal condition.  In our experimentation we achieved a 34%
improvement of the average performance. Moreover we saw the system doesn’t necessarily need an a priori
performance model because it develops a growing into model through continuos learning.
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