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Abstract- In order to optimise unconstrained, large neu-
ral network structures with evolutionary algorithms indi-
rect encodings have been proposed. However, if the evolu-
tionary process is combined with network learning, which
is sensible both with respect to technical applications in
dynamical environments and to the biological paragon, a
way has to be found to combine learning with the evo-
lutionary optimisation of such large structures. Utilising
the development of neural systems during ontogeny seems
a logical starting point for the realization of a step by step
learning in networks. Furthermore, the combination of
network growth during the developmental phase with an
incremental problem complexity might allow the optimi-
sation of large network structures together with learning.
In this paper we will propose a model to simulate such a
combined approach and apply it to the problem of time
series modelling. By introducing several measures for the
transfer of information from one developmental step to
the next, we will be able to quantitatively analyse the be-
haviour of our proposed model.

1 Introduction

The determination of the structure of neural systems holds
the key not only to their successful application in several do-
mains, but also to a better understanding of information pro-
cessing in neural systems. However, structure optimisation
of neural networks is a formidable task, even if we consider
only a few neurons, the number of possible connectivity pat-
terns becomes astronomically high. Therefore, it seems log-
ical to utilise evolutionary algorithms for this task. The £rst
approaches [1, 2] used a direct encoding of the network struc-
ture and together with some improvements in the genetic op-
erators, they are still among the most feasible methods, when
our aim is to design one particular neural network of moder-
ate size for one speci£c problem. In order to be able to op-
timise large network structures, i.e., in order to achieve good
scaling of the algorithm, the idea of an indirect encoding of
neural systems was introduced by Kitano [3] and by Gruau
[4]. At £rst these networks were restricted to binary connec-
tions between the neurons. If such restrictions are removed,
the problem arises that for large neural networks it is very dif-
£cult to achieve successful learning in particular if no speci£c

topology is £xed apriori1.
Of course in nature, there is a constant interaction between

genetically speci£ed information relating to the formation
of the neural structure, which might even include the initial
speci£cation of synaptic strength [5], and information gener-
ated due to learning or spontaneous activity patterns [6, 7].
During this ontogenetic and epigenetic developmental phase
of the neural system, all information sources act together in
a very intrinsic way. Several systems have been proposed on
how the ontogenetic phase can be used for the formation of
arti£cial neural structures [8, 9, 10]. Often these approaches
are coupled to a Lamarckian type of evolution where learned
behaviour is transferred to the next generation. Besides not
being “biological”, Lamarckian evolution has also received
some criticism with respect to the robustness of solutions
[11]. On the other hand, analysis with regard to the optimi-
sation of the learning capability of neural systems has shown
that a kind of averaged Lamarckian evolution can be bene-
£cial even in dynamic environments [12]. In order to solve
the above mentioned problem of learning in large neural sys-
tems, the developmental phase of the network structure can
be exploited to utilise the information learned and stored in
the connection weights in an earlier developmental step to
achieve a better starting point for the network after further
growth. A model to study such an interaction between learn-
ing and evolution by transferring connection weights from
smaller networks (developmental step i) to larger structures
(developmental step i + 1) after learning was proposed by
Sendhoff and Kreutz [13]. In this model, however, the task
during the whole developmental phase of the network re-
mained the same. Firstly, this is certainly not the case in bi-
ological systems, where the task complexity grows with the
ability of the neural structure, and secondly, it seems that also
for technical applications, a combined growth process would
be bene£cial. In this paper, we will describe an extension of
the model which incorporates such a combined growth pro-
cess and apply it to the modelling of a chaotic time series.

The paper is organised as follows: In the next section we
will describe our idea of a combined growth process and in
Section 3, we will outline the model, which will be applied to
the task of time series modelling in Section 4. We will discuss
our £ndings in Section 5.

1With respect to structure optimisation there is no reason why a multi-
layer topology should be forced on the neural structure.



2 Evolution, development and learning

The interaction between evolution and learning is intrinsic
both for natural as well as for arti£cial systems. Firstly,
the capability of the network to adapt to changing environ-
ments, i.e, to learn, is the product of evolution. Although
this has hardly been addressed in the context of arti£cial sys-
tems, it nevertheless is very important in particular for tech-
nical applications in dynamic environments, see e.g. [12].
On the other hand, learning in¤uences the survival and re-
production probabilities and therefore indirectly, as opposed
to the direct Lamarckian inheritance, the course of evolution
– the so-called Baldwin effect. Introducing a developmen-
tal phase, this interaction between evolution and learning2

becomes even more complicated because both information
sources for the structure formation overlap. In the neurobi-
ological context such analysis has also recently received in-
creasing interest [14], because it can be argued that in order
to understand the architecture and the function of the brain
it is inevitable to look at both its phylogenetic and ontoge-
netic design process [5]. With respect to arti£cial systems,
the introduction of a developmental phase might be the key
to the ef£cient optimisation of large neural structures includ-
ing learning. The main two ideas behind the model proposed
in this paper are as follows, see also Figure 1:

• The evolutionary optimisation of a growth process of
the neural network, while transferring the weights from
smaller neural networks to a speci£c part of larger neu-
ral networks in each step. The network learns a speci£c
task in each of these developmental steps about which
information is stored in the connection weights.

• The complexity3 of the problem which the network
learns in each developmental step grows with the net-
work size which is assumed to scale with its potential
performance. The biological counterpart is the obser-
vation that learning occurs in speci£c patterns, i.e., ac-
tively tasks are searched for which are just achievable.

In the next section we will introduce a speci£c model which
incorporates these two properties. However, beforehand, it
should be noted that of course one major task remains and
that is the decomposition of the problem into sub-problems
which the network can learn and about which information
can be meaningfully transferred from one developmental step
to the next. The long-term aim has to be to achieve such a
problem decomposition in a self-organised manner; research
in the area of active learning of neural networks might be a
sensible starting point [15]. In the application in Section 4
this problem decomposition has been done manually and we
will come back to this point in the discussion.

2In the framework of biological systems, we refer to learning to describe
all phenomena which relate to the formation of the neural structure/synaptic
strength and which are not purely genetic based.

3The notion of the complexity of a task is not well de£ned and somewhat
arbitrary, here we will understand it in the context of “dif£cult to learn for a
standard arti£cial neural network”, see Section 4.

neural development

problem complexity

evolutionary optimisation

Figure 1: Schema of the combined approach of neural devel-
opment with incremental problem complexity and intermedi-
ate weight transfer from one developmental step to the next.

3 Outline of the model

In order to analyse the potential of intermediate learning and
subsequent transfer of information in the form of the con-
nection weights, we need a model which incorporates the
genotype phenotype map as a developmental process in the
evolutionary optimisation. The recursive encoding method of
neural networks, which is described in more detail in [16], is
based on the grammar encoding by Kitano [3]. In addition
to the speci£cation of the structure, an initialisation of the
weights is possible which is “hidden” in the developmental
process.

3.1 The recursive encoding scheme

In the recursive encoding, the connection matrix of a feed-
forward network without a layered structure is developed in
different stages. The elements of the connection matrix de-
£ne the initial weights between neurons; in the case of a zero
element the neurons are not connected. Since the matrix is
feed-forward, only the upper triangular part is needed for the
speci£cation of the network. The diagonal elements de£ne
the threshold values for each neuron. The developmental pro-
cess of the matrix is speci£ed by a mapping from a £rst vec-
tor SC (small chromosome) with integer elements to a second
vector LC (large chromosome), also with integer elements. In
each step, each element of the connection matrix is replaced
by a 2 × 2 matrix of new elements. In Figure 2 the growth of
the connection matrix is shown. The following notation will
be used for the recursive encoding:
ak

µν element at position (µ, ν) of the connection matrix
in the kth recursion step. If the element is non
zero, it represents the initial weight between
neuron µ and ν (ak

µν ∈ {0, . . . , Nsym}).
R the number of recursion steps
k the recursion step, (k = 1, . . . , R)
Nsym maximum integer number permitted in (SC , LC)
N(ak

µν) the index of the £rst element in SC ,
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Figure 2: Scheme of the recursive development of the connec-
tion matrix up to a size of 8 × 8. In each step, each element
is replaced by a 2 × 2 matrix via the mapping SC → LC .
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Figure 3: One element is replaced by four elements in the
recursion step via the small chromosome SC → large chro-
mosome LC mapping.

which is identical to ak
µν

dSC
dimension of the vector SC (small chromosome)

dLC
dimension of the vector LC (large chromosome)

si, li elements of the vector SC and LC

At each recursion step k, the index N(ak
µν) of the £rst

element in SC , which is identical to the connection ma-
trix element ak

µν , is determined; for example, index
N(ak

µν = 7) = 3 in Figure 3 (a). The element is then re-
placed by the four elements at the positions

(
4 · (N(ak

µν) − 1) + 1, 4 · (N(ak
µν) − 1) + 2,

4 · (N(ak
µν) − 1) + 3, 4 · (N(ak

µν) − 1) + 4
)

(1)

in the large chromosome LC . Figure 3 (a) shows the replace-
ment of an element ak

µν = 7 by the four elements (3, 6, 9, 1)
at the positions (9, 10, 11, 12). Should ak

µν not be identical to
any element of SC , it is replaced by four so-called terminal
symbols (in the notation of integer strings, the most conve-
nient choice is zero). The terminal symbol (zero) denotes that
no connection exists between neuron µ and ν. The terminal
symbol is in turn always replaced by another four terminal
symbols in a recursion step. Finally, the connection matrix is
simpli£ed by deleting all neurons which do not contribute to
the network output. Thus, the main components of the recur-
sive encoding are:

• In each step, each element of the connection matrix is
replaced by a 2×2 matrix whose elements are speci£ed
by equation (1).

• If the element is not identical to any entry of SC , the
elements of the 2 × 2 matrix are given by (0, 0, 0, 0).

• In each step, 0 is replaced by (0, 0, 0, 0).

• R steps are carried out.

In its simplest form the recursive encoding devel-
ops a connection matrix from a vector SC with ele-
ments si ∈ {1, . . . , Nsym} and a vector LC with elements
li ∈ {1, . . . , Nsym} with the described mapping. The con-
nection matrix is then translated into a neural network in the
following way. If aR

µν = 0, neuron µ and neuron ν are not
connected. All other integer values aR

µν ∈ {1, . . . , Nsym}
are mapped to an interval [−δ, δ]. The activation function
tanh(x) is used for all neurons.

This scheme has been successfully applied to network op-
timisation for time series predictions by Sendhoff and Kreutz
[17, 16]. Furthermore, extensions of the basic scheme to
guarantee certain properties of the encoding, like complete-
ness, have been proposed, i.e. additional negative integers are
introduced, which map to the zero symbol after the replace-
ment process [16].

3.2 Utilising pre-learned weights in the recursive encod-
ing

In order to be able to transfer learned weights from neural
structures in earlier developmental steps to larger neural net-
works in later steps, it is necessary to extend the replacement
scheme. Each connection matrix during development (i.e. all
three matrices in Figure 2) represents a neural network at dif-
ferent ontogenetic stages which can learn speci£c tasks. In or-
der to transfer information in this scheme it must be possible
to include the network connection matrix after simpli£cation
and after the learning process at step (k − 1) in the connec-
tion matrix at step k. Two different methods can be used to
achieve this; see Figure 4. Firstly, in each step the connec-
tion matrix is built in the original form using the basic recur-
sive encoding method described in the last section including
the initial weight speci£cation. In addition, the network ma-
trix from the previous ontogenetic stage is copied to the up-
per left part of the new matrix. Therefore, replacing some of
the genetically determined initial weights by the pre-learned
weights of the previous ontogenetic stage. Alternatively, the
network matrix is split up into four parts of equal size, which
are copied to the four edges of the connection matrix at step
k. In this way, the network grows in the middle, which means
that input and output neurons and their connections are not
changed during the growth process. Only hidden neurons
are added in the developmental phase. The differences both
with respect to performance and to the qualitative behaviour
of the interaction measures, between the schemes Figure 4
(left) and (right) are however marginal. In Section 4 only
the left scheme will be used. Using one of these replacement
schemes in the developmental process an overlap between the
learning process (connection matrix which is copied from the
last growth step) and the genetically determined structure and
weight initialisation is therefore realized. Thus, it is possi-
ble to let each network at each developmental step learn a



Figure 4: The extension of the matrix replacement scheme of
the basic recursive encoding to include learning of networks
represented by matrices of earlier developmental steps. Left:
The original replacement scheme is used to build the matrix at
step k, however the network connection matrix with learned
weights from step (k − 1) are copied to the 1st quadrant of
the new matrix. Right: The four quadrants of the network
matrix from step (k − 1) are copied to the upper left, lower
left, upper right and lower right section of the new matrix.

sub-problem and transfer the information gained at this step
to the next-level network structure, as described in Section 2
and depicted in Figure 1. The £nal network is then trained
for the problem, which we aimed to solve initially. In Section
4 we will propose how the problem of time series modelling
can be decomposed in sub-problems with incremental com-
plexity and analyse the model outlined in this section.

3.3 Measuring the impact of pre-learned weights during
development

In the last section we introduced the model for transferring
pre-learned weights on a sub-problem to the network struc-
ture of the next developmental phase. In order to analyse to
what extent this information from learning a problem with
lower complexity can be used in the next step, it is neces-
sary to de£ne appropriate measures. In each developmental
step, the network has to carry out sub-tasks. The network
is trained for 75 cycles4 and after each replacement step the
trained weights are transferred to a part of the enlarged net-
work of the next step. Therefore, after each developmental
step the structure and the weights of the network are deter-
mined partially by the trained network of the last step and
partially by the genetic information contained in the vectors
(chromosomes) (SC , LC). If the matrix is not simpli£ed, i.e.,
no neurons are removed, one quarter of the matrix originates
from the previously trained network and three-quarters from
the replacement rules of the step, although in the experiments
this relation can be very different. The matrix is forced to
grow, i.e., replacement schemes in which the network does
not expand in later steps, due to the deletion of neurons, are
removed from the population. In this way, the border case,
i.e., the network at step (k + 1) is identical to the one from
step k, cannot occur. Since both the overall network structure

4One cycle corresponds to the presentation of all training and/or test pat-
tern.

and the problem have changed, it is by no means clear to what
extent the enlarged network at step (k + 1) will bene£t from
the fact that part of its weights from network k have already
been learned for a somewhat simpler version of the problem.
The evolution-learning interaction was analysed by studying
the relative in¤uence of the pre-learned weights (from step k)
on the prediction error of the network at step (k + 1), both
before (head start, HS) and after (£nal relation, FR) learn-
ing. Eva

wt(c) refers to the network error (standard RMSE) after
cycle c with weight transfer and Eva

nt (c) to the network error
after cycle c without weight transfer on the validation data set.

HS =
Eva

nt (c = 0)
Eva

wt(c = 0)
(2)

FR =
Eva

nt (c = 75)
Eva

wt(c = 75)
(3)

Additionally, the “weight difference relation” (WD) between
the pre-learned and the genetically determined weights was
recorded. The weight difference relation takes the relative
changes of the weights induced by the learning process into
account. In order to calculate these measures, each individ-
ual had to be trained once with weight transfer from previous
steps and once without weight transfer. The following nota-
tion will be used:

• Mlearn contains all index tuples of the connection ma-
trix which refer to weights transferred from the previ-
ous network.

• Mgene contains all index tuples of the connection ma-
trix determined by the recursive encoding method.

• dM is the dimension of the connection matrix
dt

M is the dimension of the transferred matrix.

• aµν and aL
µν are the matrix elements (weights) before

and after learning, respectively.

Now, the weight difference relations can be de£ned as fol-
lows:

WD1 =
card(Mgene)
card(Mlearn)

∑
(µ,ν)∈Mlearn |aµν − aL

µν |∑
(µ,ν)∈Mgene |aµν − aL

µν |

WD2 =
dM

dt
M

card(Mgene ∪Mlearn)
card(Mlearn)
∑

(µ,ν)∈Mlearn |aµν − aL
µν |∑

(µ,ν)∈Mgene∪Mlearn |aµν − aL
µν |

4 Experiments with Lorenz time series

4.1 Time series prediction and modelling

Time series prediction with arti£cial neural networks is a well
established £eld. Usually the task is to forecast future val-
ues, e.g. one or several time steps ahead, of a series where
knowledge about past states can be used to teach the neu-
ral network. Chaotic time series for example from numerical



solutions of the Lorenz or the Mackey-Glass equations have
frequently been used as benchmark problems. From excellent
prediction results of a trained neural network, it can however
not be deduced that the dynamics of the underlying system
has been learned, indeed in most cases this is unlikely. For
chaotic time series successful learning of the underlying dy-
namics can be quanti£ed by measuring invariant properties
of the attractor of the neural network and comparing them to
the original system, e.g. the Liapunov spectrum and the frac-
tal dimension. Learning the dynamics is dif£cult for purely
feed-forward neural networks [18]. The learning algorithm
usually has to be modi£ed to include an iteration task in or-
der to achieve good results and the network topology has to
be expanded to allow recurrent connections [19, 20, 21].

The iteration task can be seen as a step towards successful
modelling of the time series. The neural network receives the
system state �x(t) at time t as input and iterates for m time
steps. During the iteration, the network uses the prediction
�̂x(t0 + n∆t) of the systems state as input for the prediction
at step n + 1, �̂x(t0 + (n + 1)∆t). The iteration task is dif-
£cult, since there are two sources of error. Firstly, during the
iteration the model itself constitutes a dynamical system. If
the dynamic of the model is very different the predicted orbit
will rapidly depart from the true orbit. For example, if the
network has a £x-point dynamic it might only need a few it-
erations to reach this point. This effect can be seen in poorly
trained networks for larger iteration times. Secondly, due to
the irregularity of the system, the errors of the model in each
time step will be ampli£ed even if it perfectly captures the
dynamic of the original system.

In the following experiments we will use the Lorenz time
series [22]:

dx(t)
dt

= −y(t)2 − z(t)2 − a x(t) + aF (4)

dy(t)
dt

= x(t) y(t) − b x(t) z(t) − y(t) + G (5)

dz(t)
dt

= b x(t) y(t) + x(t) z(t) − z(t). (6)

The differential equation system (4–6) was solved numeri-
cally with the Runge-Kutta 4th order method with an integra-
tion step ∆t = 0.05 for N + 1 = 10000 time steps for the
parameter setting (a = 0.25, b = 4.0, F = 8.0, G = 1.0).
The attractor dimension for this setting is dA ≈ 2.5.

The iteration task for m = 5 constitutes the £nal task
which the neural network has to ful£l after development ter-
minates (the model is denoted by �M , the error of the model
is denoted by En for each data point at time (t0 + n∆t) and
is a function of the predicted state �̂x(t0 + (n + 1)∆t) and of

parameter value parameter value
learning rate 0.0009 mom. factor 0.75
max. dSC

50 max. Nsym 50
weight interval [1.0,−1.0] max. R 7
max. train. time 120 sec.
µ 20 λ 80
pm(SC) 2 · (dSC

)−1 pc(SC) 0.75
pm(LC) 2 · (dLC

)−1 pc(LC) 0.75
pm(C) 0.05 pc(C) 0.05
pm(input) 0.33 pc(input) 0.75

Table 1: Parameter values for the experiments for the £ve step
iteration of the Lorenz time series with the recursive encoding
method and back-propagation learning. pm and pc denote
the probabilities for mutation and crossover for the different
chromosomes, SC , LC , the coding C and the input weights
input.

�x(t0 + (n + 1)∆t).):

�̂x(t0 + ∆t) = �M(�x(t0)) (7)

→ E1(�̂x(t0 + ∆t), �x(t0 + ∆t))
�̂x(t0 + 2∆t) = �M(�̂x(t0 + ∆t))

→ E2(�̂x(t0 + 2∆t), �x(t0 + 2∆t))
...

...
�̂x(t0 + m ∆t) = �M(�̂x(t0 + (m − 1)∆t))

→ Em(�̂x(t0 + m ∆t), �x(t0 + m ∆t))
�̂x(t0 + (m + 1)∆t) = �M(�x(t0 + m ∆t))

→ Em+1(�̂x(t0 + (m + 1)∆t),
�x(t0 + (m + 1)∆t))

...
...

�̂x(t0 + N ∆t) = �M(�̂x(t0 + (N − 1)∆t))

→ EN (�̂x(t0 + N ∆t), �x(t0 + N ∆t))

The m = 5 iteration task can now be decomposed in the fol-
lowing way. After each developmental step the number of
iterations is increased by one starting from m = 1, which is
the usual prediction task. Therefore, the number of develop-
mental steps is £xed during evolution by the number of iter-
ations of the £nal network (here m = 5). Thus, incremental
problem complexity will be realized in our example by in-
crementing the number of iterations required from the neural
network in each developmental step. The underlying assump-
tion is that information stored in the connection weights of
the neural network about the k iteration task can be exploited
by the neural structure of the next developmental step for the
(k + 1) iteration task.



4.2 Experiments for the incremental time series iteration
during network growth

In this section, we analysis the interplay between learning
and evolution during the developmental phase for the case
whereby the networks must perform different tasks (different
number of iterations) during their growth process.

In the developmental step k, the k step iteration task
is learned by the resulting network with standard back-
propagation. All parameters of the back-propagation and the
evolutionary algorithm are summarised in Table 1. A deter-
ministic (µ, λ) selection scheme with one elitist was used to-
gether with speci£c mutation and crossover operators, which
are described in detail in [16]. As mentioned in the previ-
ous section, the number of evaluations of networks was £xed
to £ve and encoding schemes with a shorter developmental
phase were removed from the population.

The most important measure with respect to performance
FR is shown in Figure 5. It is noted that the £nal error re-

0 10 20 30 40 50 60 70
0.8

1

1.2

1.4

1.6

1.8

2

2.2

epochs

best network

average

FR

Figure 5: The £nal error relation FR for the best network and
for the population average.

lation between neural networks, where information from pre-
viously learned problems with lower complexity is transfered
to the next developmental step, and neural networks, where
the initial weights are solely determined by the evolutionary
algorithm, is larger than 1.0 both on average and for the best
network. For the best network a factor of two is reached dur-
ing evolution whereas on average only a factor of just above
1.2 is realized with a slight upward tendency during evolu-
tion. This indicates, that the pre-learned weights for the k
iteration problem indeed carry information about the (k + 1)
iteration problem and that this knowledge can be exploited
even though the network structure changes considerably. This
interpretation is supported by the observation of the values for
HS both for the population average, Figure 6, and for the best
network, Figure 7.

The transfer of the pre-learned weights from the k iteration
task reduces the initial error for the (k +1) iteration task by a
factor of four for the best network and by a factor of three on
average. Furthermore, selection pressure seems to be towards
a network structure and initial weight setting which support
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Figure 6: The population average of the measures HS and
WD1, WD2 during evolution.
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Figure 7: The measures HS and WD1, WD2 for the best
network during evolution.

the integration of information from pre-learned weights into
the larger network structure. For the best network the val-
ues for HS develop from just over 1.5 to a maximum of four,
which is then again slightly reduced. The values of the weight
difference relations WD1,WD2 for the best network show
that this initial bene£t before the new training of the network
also results in a larger change of the genetically determined
weight values during the learning process compared to the
weights from the previously trained network. However, it
should be noted that this only applies to the best network, for
the population average the weight changes during re-learning
are roughly the same, see Figure 6. Another interesting ob-
servation is that the best network is not strictly the one which
also exhibits the best performance for the lower order itera-
tion task, as shown in Figure 8. During the £rst epochs the
average error decreases, whereas in later stages of the optimi-
sation it can also increase.

All of the aforementioned results indicate that an incre-
mental problem complexity during development can indeed
be exploited by the neural network to achieve better initial and
overall performance compared to networks where no weight
transfer occurs. Of course this comparison is a little mis-
leading, because in either case we forced the network struc-
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Figure 8: The average error for all networks in the develop-
mental process with their variance for the £ve step iteration
problem.

ture to grow for (m = 5) developmental steps. Therefore,
the results should also be compared to the optimisation of
neural networks for the £ve step iteration problem without
any constraints on the developmental process. These experi-
ments have been carried out in [16]. If we compare the £nal
performance of the respective networks, we observe that the
best networks in this experiment exhibited lower performance
than the best networks in [16] for the £ve step iteration task.
There are several possible explanations for this observation.
Firstly, the network size of the best network of the £ve step
iteration problem tends to be considerably smaller than that
of the one step prediction problem [16]. Thus, although the
incremental approach might be sensible, it does not neces-
sarily correspond to an incremental solution with regard to
larger networks required for more dif£cult problems. This is
supported by the observation that the effective growth in one
developmental phase is kept very small by the evolutionary
optimised encoding scheme for this task. In the best network,
there are developmental steps where only one neuron is effec-
tively added. This is possible due to the deletion process.

Therefore, with respect to an overall performance increase
the iteration of the time series problem in the form used here,
might not be the best example. It would be more appropriate
to choose a task where more complex problems clearly cor-
respond to larger networks. In such a case it would even be
possible not to £x the number of network evaluations and to
simply add a regularisation term in the £tness evaluation to
reward the network for solving more dif£cult problems. Of
course, this is closely connected to the question of achieving
the most suitable problem decomposition for such an incre-
mental learning approach. As we argued in Section 2, the
£nal goal must be a self-organised approach.

5 Summary and Discussion

In this paper we suggested to combine the evolutionary op-
timisation of ontogenetic neural networks with learning in-
creasingly complex problems during the different develop-

mental steps. We proposed a model in order to quantita-
tively analyse the in¤uence of pre-learned weights for prob-
lems of lower complexity on the initialisation of larger neu-
ral networks, which were in turn trained for more complex
problems. There are two main results. Firstly, transferring
weights in between networks which have different structures
and which have to solve different (although hierarchically or-
ganised) problems, can be bene£cial for both the overall and
the initial network performance. Furthermore, the evolution-
ary optimisation aims at organising the developmental pro-
cess in such a way that the exploitation of pre-learned weights
is maximised. On the other hand the performance of the best
network from the experiments presented in this paper is lower
than the one optimised without any constraints, which was
described in [16]. The reason is that one assumption inher-
ent in the incremental approach does not seem to be ful£lled,
namely that a problem with higher complexity can be learned
better by larger neural networks. This does not seem to be
the case for the problem decomposition proposed for the time
series modelling task. Indeed the resulting network sizes in
[16] are smaller than the one which are forced in this experi-
ments due to £xing the number of developmental steps which
are kept variable in [16].

It is interesting to note that the process of modelling a sys-
tem using an incremental approach for both the model and
the dif£culty of the task has also been used successfully for
the non-parametric estimation of densities in statistics. In the
“method of sieves” (see the work by Geman [23] and ref-
erences therein) the optimisation of the density estimation is
carried out for a subset of the parameter space. Iteratively, the
size of the subset increases with the sample size. Thus, the
number of free parameters of the model is increased together
with the number of available data. In the method of iterative
training and further development of the neural network struc-
ture, which has been proposed in this work, the exploitation
of the available data also increases with the number of free
parameters determined by the network size. In this approach,
the way in which this interaction is organised is determined
by the evolutionary optimisation.

The direction of future research is governed by the ques-
tion of how a self-organised problem decomposition during
the developmental phase can be achieved and whether the
strict growth of the network should be relaxed in order to bet-
ter cope with problems where a decrease of the network size
can be sensible even at later developmental steps.
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