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Abstract

This paper discusses the simulation results of a
model of biological development for neural
networks based on a regulatory genome. The
model's results are analyzed wusing the
framework of Heterochrony theory (McKinney
and McNamara, 1991). The network
development is controlled by genes that produce
elements regulating the activation, inhibition,
and delay of neurogenetic events. The genome
can also regulate the gene expression
mechanisms. An ecological task of foraging
behavior is used to test the model with an
evolving population of artificial organisms.
Organisms evolve an optimal foraging behavior
and the abilty to adapt to changing
environments. The adaptive strategy consists in
changes of network architecture that are
determined by the regulatory rearrangment of
neurogenetic events. Results show how
heterochronic changes play an adaptive role in
the evolution of neural networks.

HETEROCHRONY AND
DEVELOPMENT IN NEURAL
NETWORKS

of the events, i.e. their temporal activation/inhibition, and
their rate, i.e. the frequency of occurrence of the
phenomena, both have a strong impact. The temporal co-
occurrence of two or more events can prove essential for
allowing the activation of a biological phenomenon. Even
the spatial relation between sub-structures of the
developing organism is a key factor. The spatial
interaction between cells can induce the phenomena of
cell differentiation or cell migration. These classes of
interactions, especially the temporal relations occurring
during the organism's development, constitute the
phenomenon known as heterochronic change.
Heterochrony (McKinney and McNamara, 1991) is the
study of the effect of changes in timing and rate of the
ontogenetic development in an evolutionary context. In
particular, heterochonic classifications are based on the
comparison of ontogenies that differ for the onset of
growth, the offset of growth and the rate of growth of an
organ, or a trait or other biological instances. These three
kinds of change correspond respectively to the following
couples of heterochonic phenomena: Predisplacement and
Postdisplacement for an anticipated and postponed growth
onset, Hypermorphosis and Progenesis for a late and early
offset, and Acceleration and Neoteny for a faster and
slower rate of growth (see also Gould, 1977).

Ontogenesis is complex and therefore is hard to be
studied only with classical biological sciences. Therefore
a complementary modeling method, the synthetic

In living organisms the existence of a variable and plastigpproach of Artificial Life, has been proposed as a

ontogenesis is strictly related to the evolution of apossible way for understanding such systems (Langton

regulatory genome, i.e. a genotype whose main role is tp992). Moreover, the advantages of modeling neural and

phenomena of cellular

development: mitoses,

its environment.

control the functioning of simple ontogenetic events.pehavioral development through neural networks has been
Even though some genes directly codify for structuratepeatedly stressed (Elman et al., 1996). The modeling of
molecules, most of the genes' product consists afevelopment using neural networks has received a strong
regulatory elements, such as enzymes. These regulatdmipulse in recent years. In the majority of today's
genes act as ON-OFF switches of the complex chain efevelopment models a single developmental phenomenon
biochemical events that constitute the three mains simulated, usually regarding the network connectivity.
celsome works study the effects of the pruning/adding of

differentiation, and migration. A regulatory ontogeneticconnections and units in the neural network (e.g. Ash's
development consists of a variety of interactions betweemggg work on node creation for

the growing organism and

backpropagation

. ( _ : Thenetworks). In other models the indirect mapping of the
interaction acts in, and between, different levels, from th@etwork connectivity into a genotype string is studied. For
molecular level (genes, proteins, enzymes) to the cellulasxample Kitano (1990) uses rewriting rules to encode the

level (nucleus, cytoplasm), to the inter-cell level (cellweight connection matrix. Nolfi and Parisi (1995) use a
assemblies, organs and tissues) and to the organism levgbre biologically-based

(behavior). In such a regulatory development, the timing

representation of network



connectivity. The simulation of the phenomenon of cellduplication, differentiation, migration, axonal growth and
division has been studied in different works that use theynaptogenesis) are directly inspired by their real
recursive mapping of Lindenmayer grammars. Fomiological functioning (Purves & Lichtheim, 1985). Due
example, in Belew (1993) and Gruau (1994) the finamainly to the present limitations of the simulation
topology of the network is determined by the unitstechniques, a high level of simplification is used, while
duplications which are controlled by the rewriting rulesretaining the essential features of the biological
encoded in the genotype. phenomenon. At present, our goal is not to obtain a

This kind of models of development has the limit of notcompletely realistic model of biological development, but

dealing with an important aspect of the developin 0 simulatg an adaptive.behavior m_odel of_a developi'ng
systems, namely the high interaction among the differe ystem which "’.IHOWS a high level ofllntera_ctlon among Its
developr'nental phenomena. In growing neural SyStemgubstructures, in order to study their role in the evolution
the cells interact with each other, so that one cell caﬁhc developing neural networks.

induce migration or death in the neighboring cells.

Moreover, as we have said, the effect of the regulatory MODEL DESCRIPTION !

genes in controlling the complex events of cellular

development has to be considered. The core of this model of biological development for

neural networks consists in the encoding of the regulatory

A d||ff(te_rentfmodel|ng agpro?ch |stt|heh S|multaneoous enotype, and in the neurogenetic mechanisms that will
simulation of many neurodevelopmental pneénomena. ©n evelop the neural networks using the genetic

of such models is the work of Dellaert and Beer (1994) Okhformation

the co-evolution of body and brain in artificial organisms. '

In their work an organism is developed after many cycleét the beginning of neural development the organism's
of cell division, differentiation and axonal growth. The neural system consists of a single egg cell with its own
design of the developmental events is directly inspired tgenome and a set of 23 elements present in the
the biology of development, albeit in a very simplified intercellular environment (see Table 1). Some of these
way. This model shows that the simulation of a complexelements act as RECEPTORS for extracellular signaling.
biologically-inspired development is possible and can bé&thers are STRUCTURAL elements for the activation
successful. However, the authors point out that addingnd execution of developmental events. Others are pure
complexity is more difficult to deal with in this kind of REGULATORY elements for the modulation of gene
model. In fact, they use hand-written genetic instructionexpression, and do not play any direct role in the
to control the organism’s development. development. The structural elements can regulate gene

A model of development for neural networks that incIudes?XpreSSlon’ while the receptors cannot.

different biological phenomena such as cell duplicationThe physical environment in which the egg cell will grow
and axonal growth have been tested by Cangelosi, Parig@nsists of a 2D grid of 7*20 cells. The grid has a
& Nolfi (1994). Here the control of the develoment eventspolarized orientation in the y dimension. The upper pole
is not directly based on biologically-inspired mechanismsgorresponds to the organism’s muscle tissue side, and the
but uses a rewriting rules grammar. Another model ofower pole to the sensory tissue side. The initial
biological development for neural networks had beerintracellular elements are considered to be inherited from
proposed by Kitano (1995). He tested a newthe parent organism. Their distribution, i.e. the initial
computational model of neurogenesis based on cellul@mount of each element, will function as the zygote's
metabolitic processes. The model proved capable gfattern formation mechanism. During development, the
evolving large neural networks and of exhibiting theamount of these elements, together with the other
phenomenon of cell differentiation. Eggenberger (1997nvironmental conditions, will determine the activation,
also developed a system for evolving 3D organisms usinghibition or delay of the developmental events.
mechanisms of gene expression. But these two models bforeover, these elements act also as regulators of gene
organisms’ morphology have not been tested witlexpression.

behavior-based neural network simulations.

The model that will be presented here aims at th&.1 DEVELOPMENTAL EVENTS

simultaneous simulation of many biologically—inspireq Five developmental events occur cyclically during the
phenomena for the development of neural networks ipeyral  network’s growth: Cell duplication, Cell
artificial organisms. The goal is to design a model Wh'd'ljifferentiation, Cell migration, Axonal growth, and

permits a high I_eveI of interaction between different |?V3|55ynaptogenesis. For example, the cell duplication process
of the developing system, and between the genetically-

encoded information and the environment in which the
network is growing. For this purpose a regulatory genome
is used in V.VhICh most of the g.ene.s prc.)du_cga. elemen{#;t is currently available on the World Wide Web at the URL:
whose role is to control the activation, inhibition, andpp:/igracco.irmkant.rm.cnr.iangelo. In this site it is possible to
delay of the developmental events. The phenomen@wnioad the source C files and the compiled program with graphics for

occurring during neural network development (cellXWindows. The data files of some of the simulations described in the
paper are also available.

eaders who are interested in this model can download the program



consists in the replacement of the mother cell with twaegulatory region, and an expression region. The
new daughter cells. The physical displacement of the nevegulatory region is used during gene expression. The
cells, and their differentiation (i.e. the splitting of theelement is also constituted by a binary string. The element
mother cell's elements), is determined by the environmens structured in a regulatory region and a structural region.
available around the mother cell and by the amount of th€he element’s regulatory region will match the genes’
two elements responsible for mitosis (see Table 1). Theegulatory string segment. The element whose regulatory
choice of these two elements is inspired by the role playegtgion matches completely the binary sequence of the
by cyclin and the kinase enzyme, which are known to banductor region will be the inductor. The element
the two mayor regulatory proteins for mitosis (Marx, matching the inhibitory region will be the inhibitor.

1989). Depending on the presence of one or both regulatory
elements, the gene will be expressed or inhibited. As a
NAME EFFECTS result if its expression, some complementary copies of the
. L structural region of the gene will be released into the
DUP_time Cell duplication timing intracellular environment. The number of copies is
DUP_posi New cell position proportional to the amount of the inductor element.
MIG_pote Migration movement

2.3 NEUROGENESIS

Given this element and genotype structure, and having
defined the way the five developmental events function,

MIG_pole R  Sensitivity to migration signal
MIG_subA Migration signal of type A

MIG_subB Migration signal of type B the process of the neural network growth can be described
MIG_subA_R  Sensitivity to migration signal A as follows. An externall clock signals th_e 10 discrete time
o A ) steps. During each time step the five developmental
MIG_subB_R  Sensitivity to migration signal B events and the gene expression process are executed in
DIF_sens_R Sensitivity to input tissue sequence. Gene expression is the first mechanism to be

DIE to R Sensitivity t tout ti executed. It will determine the new distribution of
—moto_ ensitivity to output issue elements in the intracellular and extracellular
AXO_adhA Adhesion molecule of type B environment. This change constitutes the major cell
; differentiation process. All following events will be a

AXO_adhB Adhesion molecule of type B ; P st

- o ) yp function of this differential distribution of elements. Cell
AXO_adhA_R  Sensitivity to adhesion molecules A division follows the genotype expression, and then cell
AXO_adhB_R Sensitivity to adhesion molecules B Migration  happens.  The axonal growth and

. . synaptogenesis are executed in parallel. They start at time

SYN_trop Synaptogenesis and weight value

step 10.
SYN_ach Excitatory synapses and weight Each developmental process implies a drop (cost) in the
SYN_gaba Inhibitory synapses and weight amount of elements involved. A distinction must be made

SYN ach R Receptor for excitatory synapses concerning the metabolitic cost of the process. For
- = example, cell division, being a more global mechanism

SYN_gaba_R  Receptor for inhibitory synapses for the cell, has a higher cost, i.e. it causes a larger
REG A Gene regulation function decrease in the element’s amount. Other processes, such
- . ) as the elongation of single axonal segments, have a lower
REG_B Gene regulation function cost. The criterion for defining the process costs cannot be
REG_C Gene regulation function completely biologically plausible. The parameters have

been chosen in such a way to equilibrate the different
processes and to facilitate the development of
feedforward neural networks.

Table 1 - List of cellular elements. For each element is
reported its typology and function. The name indicates th
developmental events the element takes part in (first thre SIMULATION
capital letters) and its specific role (the other four letters) A genetic algorithm (Holland, 1975; Goldberg, 1989) is

Elements with a final R are receptors. used for evolving populations of artificial organisms. An
ecological neural network (Econet) framework is
implemented (Parisi, Cecconi & Nolfi, 1990). Organisms
live in a simple 2D environment. A neural network

2.2 GENE REGULATION controls organism’s behavior. The genotype of the initial
An additional and basic developmental event is the gengopulation is randomly initialized, and the initial

expression mechanism. The genotype structure consists @ftribution of elements in the egg cell is assigned at
a binary string which can be divided into 23 segments, oiandom. The 100 organisms of the population are
genes. Each gene has an operon structure, that isdaveloped and tested individually in each generation.

REG D Gene regulation function




After the fitness test, organisms are ordered on the badisat occurs once the cells reach the lower pole of the
of their fithess value. The 20 individuals with the highestdeveloping grid. A similar functional differentiation is
fithess are selected and reproduce 5 offspring each. Thised for the output units, where two types of motoneurons
genetic operator is applied to the new 100 (20*5)an develop. The binary pattern of activity of the two
organisms and then the cycle of development-evaluatiortypes of motor units will determine one of the four
selection and reproduction is repeated. possible moves: go one cell forward (activations: 1 1),

In the simulation reported here, the reproduction i urn 90 degrees right (0 1) or left (1 0), or do nothing (0

agamic and the genetic operator is the single bit mutatiort/”

An average rate of mutation of 0.4 % is used (range

between 0 and 0.8%). The reason for this low mutatiopy RESULTS

rate is the high sensitivity of a regulatory genome to

mutations. In fact the effect of single mutations in aTo test the robustness of the model a large amount of data
model with a complex and indirect genotype-phenotypavere collected. The experimental plan included the two-
has been shown to be a critical factor for the evolution o$tage two-task simulations plus other tests with different
organisms with an optimal behavioral performanceparameters (e.g., continuous axon growth compared to
(Cangelosi, Parisi & Nolfi, 1994). In other simulations, discrete growth). In this paper we will concentrate on the
the crossover was also used. comparison of the two-stage results.

The feasibility of regulatory development for adaptationWithin the 250 generations of the first evolutionary stage
to environmental changes is the hypothesis we want tidie probability of evolving sicessful populations of good
test. For this reason a two-stage, two-task simulatioforagers is quite high (p=0.87, 13 out of 15 replications).
setting is used. In the first evolutionary stage, theéy way of example, the left side of the chart on figure 1
organisms are selected according to their performance in(iom generation 1 to 250) shows the fitness curves of 3
foraging task (Food Task). The fitness formulasuccessful populations. The data refer to the average
corresponds to the number of foods collected. In th@erformance of the best 20 individuals in each run. The
second evolutionary stage the behavioral task igumber of generations necessary to reach an optimal
complicated by changes in the environment. Dangers afféness level is variable, with an average of 128
introduced, together with food (Food&Danger Task). Thisgenerations, and a range from 25 to 230. Indeed, in one
task requires that organisms adapt their food approachirggmulation the organisms evolved an optimal behavior
strategy to a new behavioral pattern for approaching onligfter only 25 generations, maintaining this good
foods and avoiding dangers (fitness = number of collectegerformance until the 250th generation.

food minus number of touched dangers). To do thi
organisms need to restructure their neural network, f
example by adding or readapting some sensory al ©8
hidden neurons to the new processing needs. The way 4 os
re-adapt the neural network is by modifying it
architecture.

1
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Fitness

0.4

0.2
The first stage takes 250 generations to evolve organis o4 ; ; : ; ; ; ; ; |
for the foraging task. After the last generation, the best 3 0 5 100 150 200 250 300 350 400 450 500
organisms are selected and reproduce 3 offspring ea Gen. 1-250: Food Task - Gen. 251-500: Food&Danger Task
The new population lives in the new environment fo
another 250 generations in order to evolve a proper
behavioral strategy for the second task. In each
generation, the organisms are tested for 5 epochs, that i
they live in five environments with different distributions

of food, or food and danger elements. Once an element is
reached, it disappears and the fithess of the organism is
updated. The organism is allowed to make 150 moves per
epoch.

igure 1: Fitness curves of 3 sample populations in the
wo-stage two-task simulations. The curves refer to the
average fithess of the best 20 organisms in each
population.

The fitness curve is characterized by sudden increases
The sensory information for the input layer of the neurafollowed by stable periods. Each fitness jump takes only

network is the Euclidean distance and the angle ofne or very few generations. This sudden increase
orientation of the closest food. The angle of orientation igorresponds to a functional change in the organism’s
the absolute angle with respect to the face of théehavior and in its neural network. This is a clear case of
organism. In the second task, another bit of information ipunctuated equilibrium (Gould, 1977). The evolutionary

available to signal the “quality” (food=0, danger=1) of theprocess does not follow a continuous increase in the level
perceived element. In order to input the distancepf adaptation to the environment, but it is characterized by
orientation, and quality of food, the neural network must prolonged period of stable fithess, followed by a sudden
develop the specialized type of sensory unit. The type dhcrease in the fitness value. In the genetic algorithms and
input unit is decided during the functional differentiation neural network literature, this nonlinear, punctuated trend



is known to be associated with models using an indirediVe analyzed the distribution of neurogenetic changes that
genotype-phenotype mapping (cfr. Miglino, Nolfi & allowed organisms to successfully restructure and readapt
Parisi, 1996). The regulatory genome for a biologicatheir neural networks for the new Food&Danger task .
development used here is an advanced form of this clagsequency data in the 10 populations suggest that all
of complex genotype-phenotype mapping. developmental events, except the migration, were
jpvolved to readapt the ontogenesis for coping with new
ehavioral requests. The events related to axon growth
‘f?nd synaptogenesis were the one most frequently used. In

is 0.83 (N=12). Even in this case, we observe sudde ct even small adjustments of the connectivity pattern

jumps of fitness in the range of one or a few generation%an prove very functional for the evolution of good
(figure 1, generations 251-500). The average evolutionaﬁ}etworks'

time needed to achieve a significant fithess increase is 99ow we will use a theoretical schema to analyze these
generations. data. In the initial section we have introduced the

The behavior of the evolved organism is optimal in botmet%ri?f‘;?g?ﬂy g?\?grérﬁzsa fr_;_"‘g?:w?rg;nfg\:vé?s cgsrggarl%oen
evolutionary stages. The Food Task is accomplished ve : genies. .
well, since the good forager organisms are able to rea volutionary changes in the ontogenetic development as a

all the perceived food elements. In the discriminativéﬂeamngfu' criterion for classifying the role of the

Food&Danger Task of the second stage, the behavior:gfevelOp.mental charjges and for :_:malyzmg the flux Qf
performance is also quite optimal. In the 10 simulationsnteractions regulating ontogenesis. The heterochonic

; L hanges are the changes in the rate, onset, and offset of
during the organism's lifetime an average of only 2 dange‘:f‘éowth of single traits. Our model includes a basic

elements are touched, versus the collection of an averagroperty of the biological system, that is a development at

of 20 food elements.

the cellular level based on a regulatory genome. Therefore

we can use this framework to account for the functional
5 DISCUSSION role of the developmental changes in the neural network's

) ) _adaptation to environmental changes. For example, the

There is a large number of variables that can be monitorefistinction between global and local heterochronies can
during the gene regulation process and the networke used here. It is useful to distinguish the role of the
neurogenesis. Moreover, the model is quite complex, angevelopmental changes according to the way they affect
it implies the co-occurrence and interaction of differenthe ontogenesis. The global heterochronies include those
factors (genetic, cellular and environmental). To make th@hanges that affect the very early stages of development,
presentation of the development data and their discussigthd whose consequences are significant in all organisms.
and interpretation more effective, we will focus on theror example, a change in the first stage of cell duplication
developmental events which occurred during the procesgan have effects on more than one trait or organ. The local
of adaptation between the tasks of the two evolutionariieterochronic changes, instead, act later and affect only a
stages. The organism's neural networks are evolved, in tfighited part of the developing system. Global
first stage, according to their performance in the foragingeterochronic changes were normally non functional
behavior. That is, during evolution a developmentabecause they resulted in a non-fully connected neural
pattern is selected that is able to produce a functiongletwork. The functional heterochronies that we observed
network. This network should develop at least twoin the simulation were mainly local, since they affected
sensory units that can detect the position (angle anghly substructures of the neural networks, such as the
distance) of the food, some motor units for approaching ifnput units level, the axon growth process in few units,
and a pattern of connection including or not a hidden unitgate cell divisions, etc... This can be explained by the fact
pathway. Because of the environmental change during that the second behavioral task is closely related to the
second stage, i.e. the introduction of dangers, somfst and so the developmental changes that are necessary
modifications in the neural developmental process will bgor adaptation must be small, i.e. local. In the case in
necessary. A dramatic solution could be the totalyhich environmental changes required the development
substitution of the already evolved neurogenetic processf completely new, unrelated neural structures, we would
with a completely new ontogenesis. But the evolut|onar3éxpect more global phenomena, such as a large addition

cost of this operation is too high, since the second task i§ new cells to build different processing pathways.
related to the foraging behavior. In fact at least some of

the neural structures are still necessary for controlling th)?1 the 10 successful two-stage, two-task populations,

For the populations subjected to the second stage
evolution (Food&Danger Task), the probability of
evolving an optimal behavior within the 250 generation

approaching behavior towards the foods. A completelglifferent examples of local heterochronic changes were
new development would require rebuilding even thigound. To explain how these heterochronies work, and to

functional structure. Instead, a more economic solution ig"OW their adaptive value, we will use few examples. In
to readapt the already evolved functional development € first case (population 6, generation 326 and following)
the new behavioral demands of the changed environmetf€ have a case of adaptive local Progenesis and
The evolutionary algorithm can be useful to try to evolvecontemporaneous cell-cell induction effect due to spatial

some changes in the development process that will caufgeraction. At generation 326, all the individuals of the
the re-adaptation of the organism's neural network. population maintain the strategy of reaching every



element they see, even if the danger elements causeoalered according to the amount of the elements involved
fitness decrease. This is because there is no input unit far the event regulation. This order is used for the
the detection of the information of food “quality” sequential execution of the events. For example, the
(danger/food). All the cells that reach the lower sensoraxonal growth at the last time step should be executed in
row differentiate into detectors of the food’'s orientationparallel for each neuron. Therefore the system orders the
angle. A few mutations in the descendant of the bestells according to the amount of the axon potentiality
organism were enough to cause significant changes ilement. The growth of the first axonal segment starts
development. In the ancestor, the two sensory cells for tHeom the cell with the highest element amount to that with
input of orientation originate from a common founderthe lowest level. Then the second axonal segment is
cell. In the descendant, this founder cell stops duplicatingrown using the same order, and so on. The weight of a
at time step 6, leaving two free spots in the sensory ara@nnection is a function of the distribution of many

of the developing grid. This is a case of local Progenesismtracellular elements, such as the trophic element in the
because the offset of the mitotic sequence is anticipatedell receiving the synapses (see Table 1). The order in
At the same time, there is a change in the cellvhich an axon reaches the target cell's body is relevant to
displacement of other cell duplication branches. In theéhe strength of the connection. Earlier connections will
upper side of the developmental grid, two new cellshave higher weight values because of the greater
coming from a different mitosis branch, occupy the spacavailability of elements in the two connecting cells. If an
left free in the sensory area. What happens in thaxon reaches a cell after some delay, it has less chance of
descendant is that at time step 7 a newly formed cell wikkstablishing a strong connection.

change position moving to the lower row. This new

displacement will induce a dividing cell to place one of its_—

daughters in the lower input area. Because of these spat| .. o I
interactions, the progeny of this cell ends up in the tW{ i cei dision
spots left free by the Progenesis. These ontogenet| contnuation of ce diision
phenomena are shown more clearly in the morphogenel
tree in figure 2. The morphogenetic tree is a graphi
representation of a cell duplication tree using the twi
dimensions of time and space. It facilitates the
understanding of the developmental events, and the
temporal and spatial interactions (see Arthur, 1984). ANCESTOR

Output
-1 area

—| area

Another example of local heterochronic changes is th
rearrangement of the connectivity pattern in a differen
population. A prolongation (Hypermorphosis) of one or
more axon trees causes the addition of new connectior] v
or the linking between distant cells. Instead, an earl
offset of the axonal growth (Progenesis), localized in onl
few cells, can function as a mechanism of connectio
pruning. At generations 309 and 310 of the population 2
we observed the simultaneous phenomena of loc
Hypermorphosis and Progenesis of the axon growth. Th
axon starting from two hidden units and one input unit ig tocal | area
longer in the descendant and determines the adding \ - - Progenesis

new functional connections that were not present in th DESCENDANT

ancestor's neural network. At the same time som
connections are pruned in other hidden units. All thes
changes are the results of the same few changes in {
regulatory genome. v

i area

Spatial “--=---
intefaction
-

In later generations of the same population anothe time
interesting example or heterochrony for temporal
interaction during development was found. A change in

the temporal order of the synaptogenesis event caused therigure 2: Morphogenetic trees for the neural network
adjustment of some functional connection weights. This  development of the best organism in population 6

derived by a case of local Predisplacement between thgancestor in generation 326 and descendant in generation
ancestor's and descendant’s neural developments. During 327). See text for explanation.

neurogenesis many events happen simultaneously, such . . )

us the axon growth in different neurons. In our modeI,Th'S is the phenomenon thgt occurs during generations
because implementation does not allow parallel executioa2® and 327 of the population 2. In fact, two cells that
of events, it is necessary to find a serial solution. Whefonnect to the same target neuron switch the order in
developmental events occur in parallel, the units arWhich their axon reaches the target unit. The cell that




connected early in the ancestor’s neural network, in theonnectionist models, such as the scaling problem. Here
descendants’ network will connect later, and therefore itthe quantitative advantage for a developmental-based
connection strength is lowered (from -1.47 to -1.43). Atmodel is not immediate or obvious for small-scale
the same time, the cell that in the ancestor's networgroblems, such as the foraging tasks. However is our
connected later, now anticipates the synapse causingfeeling is that there could be benefits in larger scale
weight increase (from -1.50 to -1.54). This phenomenorproblems. The resources of developmental mechanisms
the only relevant change occurred in the development afould help overcoming some of the limitations of current
the two organisms, determines a significant improvememeural network models.

in the Food&Danger behavior. Because of these weig
changes, the descendant organism is better adapted to
environment. In fact its fithess increases significantly:
because the organism stops before it approaches t
danger elements. In the ancestor it was not able to avo,
reaching the danger. The changes in the temporal order
the axon growth (Predisplacement of axons) is th

urther testing and enhancements of this model could take
flerent directions. A first approach could be trying out
ts suitability for problems of greater complexity. It would
quire the use of some analytical method to assess and
antify the objective advantages of utilizihng a
velopmental-based model versus fixed-architecture
odels. A second direction could regard the simulation of
%Volutionary theories and phenomena. The data reported
Ahow the possibility of studying some interesting
heterochrony phenomena. Therefore, the simulation of a
Among the observed adaptive ontogenetic changes, thspecific and well known example of Heterochrony could
phenomena of the single or multiple connection weighpromote a fuller understanding of the evolutionary
adjustment, depending on changes in the developmeniechanisms of natural selection. Moreover, a final
course, are found frequently in the simulations. Anothedirection could use this simulation method to study
common developmental change is the differentiation obiological development and the mechanisms of gene
some sensory cells from detectors of the element positionegulation.
to detectors of the food/danger quality. This is because in
the behavioral task it is essential to evolve and use thi&
information on the perceived element in order to choose
between the approaching and avoiding strategy. This research was carried out in the Department of
Cognitive Science of the University of California at San
Diego. The author whishes to thank the Institution for
6 CONCLUSIONS their hospitality and in particular Jeff Elman who also
é;[ontributed to this research.

and as we explained, it depends on the intracellul
amount of structural elements acting as axon potential.
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