Heterochrony and Adaptation in Developing Neural Networks

Angelo Cangelosi

Centrefor Neural and Adaptive Systems

Universityof Pl ymouth

Pl ymouth PL4 8AA (UK) angelo@soc.pl ym.ac.uk

Abstract

Thispaper discusses the simulation results of a model of bi ological devel opment for neural networks based on a regulatorygenome. The model´s results are analyzed using the framework of Heterochronytheory(McKinney and McNamara, 1991). The network development is controlled bygenes that produce elementsregulating the activation, inhibition, and delayof neurogenetic events. Thegenome can also regulate the gene expression mechanisms. An ecological task of foraging behavior isused to test the model with an evol ving population of artificial organisms.

Organisms evolve an optimal foraging behavior and the abilityto adapt to changing environments. The adaptive strategyconsists in changes of network architecture that are determined bythe regulatory rearrangment of neurogenetic events. Results showhow heterochronicchanges playan adaptive role in the evolution of neural networks.

1 HETEROCHRONY AND

DEVELOPMENT IN NEURAL

NETWORKS

In living organismsthe existence of a variable and plastic ontogenesis isstrictlyrelated to theevolution of a regulatorygenome, i.e. a genotype whose main role is to control the functioning of simple ontogenetic events.

Even though some genes directlycodifyfor structural molecules, most of the genes’ product consistsof regulatoryelements, such asenzymes. These regulatory genes act asON-OFF switches of the complex chain of biochemical events that constitute thethree main phenomena of cellular development: mitoses, cell differentiation, and migration. A regulatoryontogenetic development consists of a varietyof interactions between the growing organism and itsenvironment. The interaction acts in, and between, different levels, from the molecular level (genes, proteins, enzymes) to the cellular level (nucleus, cytoplasm), to theinter-cell level (cell assemblies, organs and tissues) and to theorganism level

(behavior). In such a regulatorydevel opment, the timing

of theevents, i.e. their temporal activation/inhibition, and their rate, i.e. the frequencyof occurrence of the phenomena, both have a strong impact. Thetemporal cooccurrence 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 isa keyfactor. The spatial interaction between cells can induce the phenomena of cell differentiation or cell migration. These classes of interactions, especiallythetemporal relations occurring during theorganism’s development, constitute the phenomenon known as heterochronic change.

Heterochrony(McKinneyand McNamara, 1991) isthe studyof the effect of changes in timing and rateof the ontogenetic development in an evolutionarycontext. In particular, heterochonic classificationsare 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 respectivel yto 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 Neotenyfor a faster and slower rate of growth (see also Gould, 1977).

Ontogenesis is complex and therefore is hard to be studied onlywith classical biological sciences. Therefore a complementarymodeling method, thesynthetic approach of Artificial Life, hasbeen proposed as a possibl e wa yfor understanding such systems ( Langton

1992). Moreover, the advantages of modeling neural and behavioral development through neural networks hasbeen repeatedlystressed ( Elman et al., 1996). Themodeling of development using neural networks has received a strong impulse in recent years. In themajorityof toda y’s development models a single developmental phenomenon is simulated, usuallyregarding the network connectivity.

Some works studythe effects of thepruning/adding of connectionsand unitsin the neural network (e.g. Ash’s

1989 work on node creation for backpropagation networks). In other models the indirect mapping of the network connectivityinto a genotype string is studied. For example Kitano (1990) uses rewriting rules to encode the weight connection matrix. Nolfi and Parisi (1995) use a more biologically-based representation of network connectivity. The simulation of the phenomenon of cell division has been studied in different works that use the recursive mapping of Lindenmayer grammars. For example, in Belew(1993) and Gruau (1994) the final topology of the network is determined bythe units’ duplications which are controlled bythe rewriting rules encoded in thegenot ype.

Thiskind of models of development hasthe limit of not dealing with an important aspect of the devel oping systems, namelythe high interaction among thedifferent developmental phenomena. In growing neural systems, the cells interact with each other, so that one cell can induce migration or death in the neighboring cells.

Moreover, aswe have said, the effect of the regulatory genes in controlling the complex events of cellular development has to be considered.

A different modeling approach isthe simultaneous simulation of many neurodevelopmental phenomena. One of such models is the work of Dellaert and Beer (1994) on the co-evolution of bodyand brain in artificial organisms.

In their work an organism isdeveloped after manycycles of cell division, differentiation and axonal growth. The design of the devel opmental events isdirectlyinspired to the biologyof development, albeit in a verysimplified wa y. This model shows that the simulation of a complex biol ogically-inspired devel opment ispossible and can be successful. However, the authors point out that adding complexityis more difficult to deal with in thiskind of model. In fact, theyuse hand-written genetic instructions to control the organism´s development.

A model of development for neural networks that includes different biological phenomena such ascell duplication and axonal growth have been tested byCangelosi, Parisi

& Nolfi (1994). Here the control of the devel oment events is not directlybased on biologically-inspired mechanisms, but uses a rewriting rules grammar. Another model of biol ogical development for neural networks had been proposed byKitano (1995). He tested a new computational model of neurogenesis based on cellular metabolitic processes. Themodel proved capable of evol ving large neural networks and of exhibiting the phenomenon of cell differentiation. Eggenberger (1997) also devel oped a system for evol ving 3D organismsusing mechanismsof gene expression. But these two models of organisms´ morphologyhave not been tested with behavior-based neural network simulations.

The model that will be presented here aims at the simultaneous simulation of many biologicall y-inspired phenomena for the development of neural networks in artificial organisms. The goal is to design a model which permitsa high level of interaction between different levels of thedeveloping system, and between the geneticallyencoded information and the environment in which the network isgrowing. For this purpose a regulatorygenome is used in which most of the genes produce elements whose role is to control the activation, inhibition, and delayof the developmental events. The phenomena occurring during neural network devel opment (cell

duplication, differentiation, migration, axonal growth and synaptogenesis) are directlyinspired bytheir real biol ogical functioning ( Purves & Lichtheim, 1985). Due mainlyto the present limitations of the simulation techniques, a high level of simplification is used, while retaining the essential features of the biological phenomenon. At present, our goal is not to obtain a completel yrealistic model of bi ological devel opment, but to simulate an adaptive behavior model of a developing system which allows a high level of interaction among its substructures, in order to studytheir role in theevolution of developing neural networks.

2 MODEL DESCRIPTION 1

The core of this model of biological devel opment for neural networks consists in the encoding of the regulatory genotype, and in the neurogenetic mechanismsthat will develop the neural networks using thegenetic information.

At thebeginning of neural development the organism’s neural system consists of a single egg cell with itsown genome and a set of 23 elementspresent in the intercellular environment (see Table 1). Some of these elementsact as RECEPTORS for extracellular signaling.

Othersare STRUCT URAL elements for the activation and execution of developmental events. Othersare pure

REGULATORY elements for the modulation of gene expression, and do not playanydirect role in the development. The structural elementscan regulate gene expression, while thereceptors cannot.

The physical environment in which the egg cell will grow consists of a 2D grid of 7*20 cells. Thegrid has a polarized orientation in theydimension. Theupper pole corresponds to the organism´smuscle tissue side, and the lower pole to the sensorytissue side. The initial intracellular elements areconsidered to be inherited from the parent organism. Their distribution, i.e. the initial amount of each element, will function asthe zygote’s pattern formation mechanism. During development, the amount of these elements, together with the other environmental conditions, will determine the activation, inhibition or delayof the devel opmental events.

Moreover, these elements act also asregulatorsof gene expression.

2.1 DEVELOPMENTAL EVENTS

Five devel opmental events occur cyclicallyduring the neural network´s growth: Cell duplication, Cell differentiation, Cell migration, Axonal growth, and

Synaptogenesis. For example, the cell duplication process

1 Rea ders who are interested in this model can download the program that is currently a vaila ble on the World Wide Web at the URL:

http://gra cco.irmkant.rm.cnr.it/angelo. In this site it is possible to download the source C files a nd the compiled progra m with graphics for

XWindows. T he data files of some of the simulations described in the paper are also a vaila ble.

consists in thereplacement of the mother cell with two newdaughter cells. Thephysical displacement of the new cells, and their differentiation (i.e. the splitting of the mother cell’s elements), is determined bythe environment available around the mother cell and bythe amount of the two elements responsible for mitosis (see Table 1). The choice of these two elements is inspired bythe role played by cyclin and the kinase enzyme, which are known to be the two mayor regulatoryproteinsfor mitosis (Marx,

1989).

NAME EFFECTS

DUP_time Cell duplication timing

DUP_posi Newcell position

MIG_pote Migration movement

MIG_pole_R Sensitivityto migration signal

MIG_subA Migration signal of type A

MIG_subB Migration signal of type B

MIG_subA_R Sensitivityto migration signal A

MIG_subB_R Sensitivityto migration signal B

DIF_sens_R Sensitivityto input tissue

DIF_moto_R Sensitivityto output tissue

AXO_adhA Adhesion molecule of t ype B

AXO_adhB Adhesion molecule of t ype B

AXO_adhA_R Sensitivityto adhesion molecules A

AXO_adhB_R Sensitivityto adhesion molecules B

SYN_trop Synaptogenesis and weight value

SYN_ach Excitatorysynapses and weight

SYN_gaba Inhibitorysynapses and weight

SYN_ach_R Receptor for excitatorysynapses

SYN_gaba_R Receptor for inhibitorysynapses

REG_A Gene regulation function

REG_B Gene regulation function

REG_C Gene regulation function

REG_D Gene regulation function

Table 1 - List of cellular elements. For each element is reported its typology and function. The name indicates the developmental events the element takes part in (first three capital letters) and its specific role (the other four letters).

Elementswith a final Rare receptors.

2.2 GENE REGULATION

An additional and basic developmental event isthe gene expression mechanism. Thegenot ype structure consists of a binary string which can be divided into 23 segments, or genes. Each genehasan operon structure, that is a

regulatoryregion, and an expression region. The regulatoryregion is used during gene expression. The element isalso constituted bya binarystring. The element is structured in a regulatoryregion and a structural region.

The element´s regulatoryregion will match the genes´ regulatorystring segment. The element whose regulatory region matches completelythe binarysequence of the inductor region will be the inductor. The element matching the inhibitoryregion will be the inhibitor.

Depending on the presence of one or both regulatory elements, the gene will be expressed or inhibited. As a result ifits expression, some complementarycopies of the structural region of the gene will be released into the intracellular environment. The number of copies is proportional to theamount of the inductor element.

2.3 NEUROGENESIS

Given this element and genotype structure, and having defined the waythe five developmental eventsfunction, the process of the neural network growth can be described as follows. An external clock signals the 10 discrete time steps. During each time step the five devel opmental events and the gene expression process are executed in sequence. Gene expression is the first mechanism to be executed. It will determine the newdistribution of elementsin the intracellular and extracellular environment. This change constitutes the major cell differentiation process. All following eventswill be a function of this differential distribution of elements. Cell division follows the genotype expression, and then cell migration happens. The axonal growth and synaptogenesis are executed in parallel. Theystart at time step 10.

Each developmental process implies a drop (cost) in the amount of elements involved. A distinction must be made concerning the metabolitic cost of the process. For example, cell division, being a moreglobal mechanism for thecell, hasa higher cost , i.e. it causes a larger decrease in the element´samount. Other processes, such as theelongation of single axonal segments, have a lower cost. The criterion for defining the process costs cannot be completel ybi ologicall yplausible. Theparametershave been chosen in such a wayto equilibrate the different processes and to facilitate the development of feedforward neural networks.

3 SIMULATION

A genetic algorithm (Holland, 1975; Goldberg, 1989) is used for evolving populations of artificial organisms. An ecological neural network ( Econet) framework is implemented ( Parisi, Cecconi & Nolfi, 1990). Organisms live in a simple 2Denvironment. Aneural network controls organism´sbehavior. The genotype of theinitial population is randomlyinitialized, and the initial distribution of elements in theegg cell is assigned at random. The100 organisms of the population are developed and tested individuallyin each generation.

After the fitness test, organismsareordered on thebasis of their fitness value. The20 individuals with the highest fitness areselected and reproduce 5 offspring each. The genetic operator is applied to thenew100 (20*5) organisms and then the cycle of development-evaluation-selection andreproduction is repeated.

In thesimulation reported here, the reproduction is agamic and the genetic operator is the single bit mutation.

An average rate of mutation of 0.4 % is used (range bet ween 0 and 0.8%). The reason for thislowmutation rate is thehigh sensitivityof a regulatorygenome to mutations. In fact theeffect of single mutationsin a model with a complex and indirect genotype-phenotype has been shown to be a critical factor for the evolution of organisms with an optimal behavioral performance

(Cangelosi, Parisi & Nolfi, 1994). In other simulations, the crossover was also used.

The feasibilityof regulatorydevelopment for adaptation to environmental changes is the hypothesis we want to test. For this reason a two-stage, two-task simulation setting is used. In thefirst evolutionarystage, the organisms are selected according to their performance in a foraging task (Food Task). The fitness formula corresponds to the number of foods collected. In the second evolutionarystage thebehavioral task is complicated bychanges in the environment. Dangersare introduced, together with food ( Food&Danger Task). This task requires that organisms adapt their food approaching strategyto a newbehavioral pattern for approaching only foods and avoiding dangers (fitness = number of collected food minus number of touched dangers). To do this, organisms need to restructure their neural network, for example byadding or readapting some sensoryand hidden neurons to thenewprocessing needs. The wayto re-adapt the neural network is bymodifying its architecture.

The first stage takes 250 generations to evolve organisms for theforaging task. After thelast generation, the best 33 organisms are selected and reproduce 3 offspring each.

The newpopulation lives in the newenvironment for another 250 generations in order to evolve a proper behavioral strategyfor the second task. In each generation, the organisms are tested for 5 epochs, that is theylive in five environmentswith different distributions of food, or food and danger elements. Once an element is reached, it disappearsand the fitness of the organism is updated. The organism is allowed to make 150 moves per epoch.

The sensoryinformation for theinput layer of theneural network istheEuclidean distance and the angle of orientation of the closest food. Theangle of orientation is the absolute angle with respect to the face of the organism. In thesecond task, another bit of information is available to signal the ^quality~ (food=0, danger=1) of the perceived element. In order to input the distance, orientation, and qualityof food, the neural network must develop the specialized type of sensor yunit. The type of input unit isdecided during the functional differentiation

that occurs once thecells reach the lower pole of the developing grid. A similar functional differentiation is used for the output units, where two types of motoneurons can develop. The binarypattern of activityof the two types of motor units will determine one of the four possibl e moves: go one cell forward ( activations: 1 1), turn 90 degrees right (0 1) or left (1 0), or do nothing (0

0).

4 RESULTS

To test therobustness of the model a large amount of data were collected. The experimental plan included the twostage two-task simulationsplusother tests with different parameters(e.g., continuous axon growth compared to discrete growth). In thispaper we will concentrate on the comparison of the two-stage results.

Within the250 generations of the first evolutionarystage the probabilityof evolving successful populationsof good foragers is quite high (p=0.87, 13 out of 15 replications).

Bywa yof example, the left side of the chart on figure 1

(from generation 1 to 250) shows the fitness curves of 3 successful populations. The data refer to the average performance of the best 20 individualsin each run. The number of generationsnecessaryto reach an optimal fitness level is variable, with an average of 128 generations, and a range from 25 to 230. Indeed, in one simulation the organismsevol ved an optimal behavior after only25 generations, maintaining thisgood performance until the 250th generation.

Figure 1: Fitness curves of 3 samplepopulationsin the two-stage two-task simulations. Thecurves refer to the average fitness of the best 20 organisms in each population.

The fitness curve ischaracterized bysudden increases followed by stable periods. Each fitness jump takes only one or veryfewgenerations. Thissudden increase corresponds to a functional change in theorganism´s behavior and in itsneural network. This is a clear case of punctuated equilibrium ( Gould, 1977). The evolutionary process does not followa continuous increase in the level of adaptation tothe environment, but it is characterized by a prolonged period of stable fitness, followed bya sudden increase in the fitness value. In the genetic algorithms and neural network literature, thisnonlinear, punctuated trend

0

0.2

0.4

0.6

0.8

1

0 50 100 150 200 250 300 350 400 450 500

Gen. 1-250: Food Task - Gen. 251-500: Food&Danger Task

Fitness is known to be associated with models using an indirect genotype-phenotype mapping ( cfr. Miglino, Nolfi &

Parisi, 1996). The regulatorygenome for a biological development used hereis an advanced form of thisclass of complex genotype-phenotype mapping.

For the populationssubjected to the second stage of evolution ( Food&Danger Task), the probabilityof evol ving an optimal behavior within the 250 generations is 0.83 (N=12). Even in this case, we observe sudden jumps of fitness in the range of one or a fewgenerations

(figure 1, generations 251-500). The average evolutionary timeneeded to achieve a significant fitness increase is 90 generations.

The behavior of the evolved organism is optimal in both evolutionarystages. The Food Task isaccomplished very well, since the good forager organisms are able to reach all theperceived food elements. In the discriminative

Food&Danger Task of the second stage, the behavioral performance is also quite optimal. In the 10 simulations, during theorganism’s lifetime an average of only2 danger elementsare touched, versus the collection of an average of 20 food elements.

5 DISCUSSION

There is a large number of variables that can be monitored during thegene regulation process and the network neurogenesis. Moreover, the model isquite complex, and it implies the co-occurrence and interaction of different factors (genetic, cellular and environmental). To make the presentation of thedevelopment data and their discussion and interpretation moreeffective, we will focus on the developmental events which occurred during theprocess of adaptation between the tasksof the two evolutionary stages. The organism’s neural networks are evolved, in the first stage, according to their performance in the foraging behavior. That is, during evolution a developmental pattern isselected that is able to produce a functional network. This network should develop at least two sensoryunitsthat can detect theposition (angle and distance) of the food, some motor units for approaching it, and a pattern of connection including or not a hidden units pathway. Because of the environmental change during the second stage, i.e. the introduction of dangers, some modifications in the neural developmental process will be necessary. A dramatic solution could be the total substitution of the alreadyevol ved neurogenetic process with a completelynewontogenesis. But the evolutionary cost of thisoperation istoo high, since the second task is related to the foraging behavior. In fact at least some of the neural structures arestill necessaryfor controlling the approaching behavior towards the foods. A completely newdevel opment would requirerebuilding even this functional structure. Instead, a more economic solution is to readapt the alreadyevol ved functional development to the newbehavioral demands of the changed environment.

The evolutionaryalgorithm can be useful to tryto evol ve some changes in the development process that will cause the re-adaptation of the organism’s neural network.

We analyzed the distribution of neurogenetic changes that allowed organisms to successfullyrestructureand readapt their neural networks for the new Food&Danger task .

Frequencydata in the 10 populations suggest that all developmental events, except themigration, were involved to readapt theontogenesisfor coping with new behavioral requests. The events related to axon growth and synaptogenesis were the onemost frequentlyused. In fact even small adjustments of theconnectivitypattern can prove ver yfunctional for the evolution of good networks.

Now we will use a theoretical schema to analyze these data. In the initial section we have introduced the

Heterochronytheoryas a framework for the comparison of different ontogenies. This framework uses the evolutionarychanges in the ontogeneticdevel opment asa meaningful criterion for classifying the role of the developmental changes and for analyzing theflux of interactions regulating ontogenesis. The heterochonic changes are the changes in the rate, onset, and offset of growth of singletraits. Our model includes a basic propertyof the biological system, that is a devel opment at the cellular level based on a regulatorygenome. Therefore we can use this framework to account for the functional role of the devel opmental changes in the neural network’s adaptation to environmental changes. For example, the distinction between global and local heterochronies can be used here. It is useful to distinguish the role of the developmental changes according to the waytheyaffect the ontogenesis. The global heterochronies include those changes that affect the veryearlystages of development, and whose consequences are significant in all organisms.

For example, a change in the first stage of cell duplication can have effects on more than onetrait or organ. The local heterochronicchanges, instead, act later and affect onlya limited part of the developing system. Global heterochronicchanges were normally non functional because theyresulted in a non-fullyconnected neural network. The functional heterochronies that we observed in the simulation were mainlylocal, since theyaffected onlysubstructures of the neural networks, such as the input unitslevel, the axon growth process in fewunits, late cell divisions, etc ... This can be explained bythe fact that the second behavioral task isclosel yrelated to the first, and so thedevelopmental changes that are necessary for adaptation must be small, i.e. local. In the case in which environmental changes required thedevelopment of completel ynew, unrelated neural structures, we would expect more global phenomena, such asa large addition of newcells to build different processing pathways.

In the10 successful two-stage, two-task populations, different examples of local heterochronicchanges were found. To explain howthese heterochronies work, and to showtheir adaptive value, we will use fewexamples. In the first case (population 6, generation 326 and following) we have a case of adaptive local Progenesis and contemporaneous cell-cell induction effect due to spatial interaction. At generation 326, all the individuals of the population maintain the strategyof reaching ever y element theysee, even if the danger elements cause a fitness decrease. This is because there isno input unit for the detection of the information of food ^quality~

(danger/food). All the cells that reach thelower sensory rowdifferentiate into detectors of the food´s orientation angle. A fewmutationsin thedescendant of the best organism were enough to cause significant changes in development. In theancestor, thetwo sensor ycells for the input of orientation originate from a common founder cell. In thedescendant, this founder cell stops duplicating at time step 6, leaving two free spots in thesensoryarea of thedeveloping grid. Thisis a case of local Progenesis, because the offset of the mitotic sequence is anticipated.

At thesame time, there isa changein the cell displacement of other cell duplication branches. In the upper side of the developmental grid, two newcells, coming from a different mitosis branch, occupythe space left free in the sensoryarea. What happens in the descendant is that at time step 7 a newl yformed cell will change position moving to the lower row. Thisnew displacement will induce a dividing cell to place one of its daughtersin the lower input area. Because of these spatial interactions, theprogenyof thiscell endsup in the two spots left free bythe Progenesis. These ontogenetic phenomena are shown more clearlyin the morphogenetic tree in figure 2. The morphogenetic tree is a graphic representation of a cell duplication tree using the two dimensionsof time and space. It facilitates the understanding of the developmental events, and their temporal and spatial interactions (see Arthur, 1984).

Another exampleof local heterochronic changes isthe rearrangement of the connectivitypattern in a different population. A prolongation ( Hypermorphosis) of one or more axon trees causes the addition of newconnections, or thelinking between distant cells. Instead, an early offset of the axonal growth ( Progenesis), localized in only fewcells, can function as a mechanism of connection pruning. At generations 309 and 310 of the population 2, we observed the simultaneous phenomena of local

Hypermorphosis and Progenesis of the axon growth. The axon starting from two hidden unitsand oneinput unit is longer in the descendant and determines the adding of newfunctional connections that were not present in the ancestor’s neural network. At the same time some connectionsare pruned in other hidden units. All these changes are the resultsof the same fewchanges in the regulatorygenome.

In later generations of thesamepopulation another interesting example or heterochronyfor temporal interaction during development was found. Achangein the temporal order of the synaptogenesis event caused the adjustment of some functional connection weights. This derived bya case of local Predisplacement between the ancestor’s and descendant´s neural devel opments. During neurogenesis manyevents happen simultaneousl y, such us the axon growth in different neurons. In our model, because implementation does not allowparallel execution of events, it isnecessaryto find a serial solution. When developmental events occur in parallel, theunits are

ordered according to theamount of the elements involved in the event regulation. This order isused for the sequential execution of the events. For example, the axonal growth at the last timestep should be executed in parallel for each neuron. Therefore thesystem orders the cells according to the amount of the axon potentiality element. The growth of the first axonal segment starts from the cell with the highest element amount to that with the lowest level. Then the second axonal segment is grown using the same order, and so on. Theweight of a connection isa function of the distribution of many intracellular elements, such asthe trophic element in the cell receiving thesynapses (see Table 1). The order in which an axon reaches the target cell´s bodyis relevant to the strength of the connection. Earlier connections will have higher weight values because of the greater availabilityof elementsin the two connecting cells. If an axon reaches a cell after some delay, it has less chance of establishing a strong connection.

Figure 2: Morphogenetic trees for theneural network development of the best organism in population 6

(ancestor in generation 326 and descendant in generation

327). See text for explanation.

Thisis the phenomenon that occurs during generations

326 and 327 of the population 2. In fact, two cells that connect to the same target neuron switch the order in which their axon reaches the target unit. The cell that

DESCENDANT time

X

ANCESTOR

Local

Progenesis

Spatial interaction

Input area

Output area

Hidden area

Input area

Output area

Hidden area

Legend:

cells final cell division continuation of cell division

X connected earlyin the ancestor´sneural network, in the descendants´ network will connect later, and therefore its connection strength is lowered (from -1.47 to -1.43). At the same time, the cell that in the ancestor’s network connected later, nowanticipates the synapse causing a weight increase (from -1.50 to -1.54). This phenomenon, the onlyrelevant change occurred in the development of the two organisms, determinesa significant improvement in the Food&Danger behavior. Because of these weight changes, thedescendant organism isbetter adapted to the environment. In fact itsfitness increases significantly because the organism stops before it approaches the danger elements. In the ancestor it was not able to avoid reaching the danger. Thechanges in the temporal order of the axon growth ( Predisplacement of axons) is the mechanism that explainsthis significant adaptive change, and as we explained, it depends on theintracellular amount of structural elements actingas axon potential.

Among the observed adaptive ontogenetic changes, the phenomena of the single or multiple connection weight adjustment, depending on changes in thedevelopment course, are found frequentlyin the simulations. Another common developmental change isthe differentiation of some sensor ycells from detectors of theelement position, to detectors of the food/danger quality. This is because in the behavioral task it is essential to evolve and use this information on theperceived element in order to choose bet ween the approaching and avoiding strategy.

6 CONCLUSIONS

The simulation results suggest that themodel is robust enough, at least for the classof problems required bythe simulated behavioral tasks. Through genetic algorithm it is possible to evol ve populationsof organisms with optimal task performance. In similar models with complex genotype-phenot ype mapping (e.g. Cangelosi et al, 1994) the probabilityof evol ving optimal behavior was much lower. In the present work, even though the model is based on a regulatorygenotype for thecontrol of complex biol ogical development, functional neural networks areeasilyselected and evol ved.

Another important conclusion suggested from the analysis of heterochronic changes, is that the introduction of a model of bi ological devel opment based on a regulatory genome isa good resource for adaptation. Data analyses showed the adaptive role of mechanismsof neural plasticityin response to thebehavioral requestsof a changing environment. With a classical neural network training algorithm, such as a back-propagation method, or even a genetic training method for fixed architectures, the re-training of a neural network to accomplish new behavioral requests would require almost a complete reinitialization of the learning process. The introduction of development, instead, provides a different approach by allowing the adaptive mechanismsof ontogenesis to evol ve newfunctional structures. The introduction of a flexible model of development could prove useful in overcoming some of the limitations of current

connectionist models, such as the scaling problem. Here the quantitative advantage for a devel opmental-based model is not immediate or obvi ous for small-scale problems, such as the foraging tasks. However is our feeling isthat there could be benefits in larger scale problems. The resources of developmental mechanisms could help overcoming some of the limitations of current neural network models.

Further testing and enhancements of thismodel could take different directions. Afirst approach could be trying out its suitabilityfor problems of greater complexity. It would requirethe use of some analytical method to assess and quantifythe objective advantages of utilizing a developmental-based model versus fixed-architecture models. A second direction could regard thesimulation of evolutionarytheories and phenomena. The data reported showthe possibilityof studying some interesting heterochronyphenomena. Therefore, thesimulation of a specifi c and well known example of Heterochronycould promote a fuller understanding of the evolutionary mechanismsof natural selection. Moreover, a final direction could use this simulation method to study biol ogical development and themechanisms of gene regulation.

Acknowledgments

Thisresearch was carried out in the Department of

Cognitive Science of the Universityof California at San

Diego. The author whishes to thank theInstitution for their hospitalityand in particular Jeff Elman who also contributed to this research.

References

W. Arthur (1984). Mechanisms of Morphological

Evolution . NewYork: Wiley.

T. Ash (1989). Dynamic node creation in backpropagation networks. Technical Report ICS8901,

Universityof California at San Diego.

R.K. Belew (1993). Interposing an ontogenetic model bet ween genetic algorithms and neural networks. In J.

Covan (ed.), Advances in Neural Information Processing

(NIPS5 ) . San Mateo, CA: Morgan Kaufmann.

A. Cangelosi, D. Parisi , and S. Nolfi (1994). Cell duplication and migration in a genotype for neural networks. Network , 5 , 497-515.

Dellaert, and R. Beer (1994). Co-evolving bodyand brain in autonomous agent using a developmental model.

Technical Report (Ces94-16). Cleveland: Case Western

University.

P. Eggenberger (1997). Evolving morphologies of simulated 3d organismsbased on differential gene expression. In P. Husbands & I. Harvey, Proceedingsof the fourth european conference on Artificial Life ,

Cambridge, MA: MIT Press.

J.L. Elman, E. Bates, M.R. Johnson, A. Karmiloff-Smith,

D. Parisi, and K. Plunkett (1996). Rethinking Innateness:

A connectionist perspective in development . Cambridge,

MA: MIT Press.

D.E. Goldberg (1989). Genetic Algorithms in Search,

Optimization, and Machine Learning . Reading, MA:

Addison-Wesley.

S.J. Gould (1977). Ontogeny and Phylogeny . Cambridge,

MA: Harvard UniversityPress.

F. Gruau (1994). Genetic Micro Programming of Neural

Networks. In K.E. Kinnear (ed.), Advances in Genetic

Programming . Cambridge, MA: MIT Press, Bradford

Books.

F. Gruau (1995). Automatic definition of modular neural networks. Adaptive Behavior , 3 , 151-183.

J.J. Holland (1975). Adaptation in Natural and Artificial

Systems . Ann Arbor, Michigan: Universityof Michigan

Press.

H. Kitano (1990). Designing neural networks using genetic algorithmswith graph generation system.

Complex Systems , 4 , 461-476.

H. Kitano (1995). Asimple model of neurogenesis and cell differentiation based on evolutionarylarge-scale chaos. Artificial Life , 2 , 79-99.

C.G. Langton (1992). Artificial life. In L. Nadel & D.L.

Stein (eds.) 1991 Lectures in Complex Systems . Reading,

MA: Addison-Wesley.

J.L. Marx (1989). The cell cycle coming under control.

Science , 245 , 252-255.

M.L. McKinney, and K.J. McNamara (1991).

Heterochrony: the Evolution of Ontogeny . NewYork:

Plenum Press.

O. Miglino , S. Nolfi , and D. Parisi (1996). Discontinuity in evolution: howdifferent levels of organization imply pre-adaptation. In R.K. Belew & M. Mitchell (eds.),

Plastic Individuals in Evolving Populations . Reading,

MA: Addison-Wesley, SFI Series.

S. Nolfi and D. Parisi (1995). Evol ving artificial neural networks that develop in time. In F. Moran, A. Moreno,

J.J. Merelo & P. Chacon (eds.). Advancesin Artificial

Life . Berlin: Springer

D. Parisi , F. Cecconi , and S. Nolfi (1990). Econets: neural networks that learn in an environment. Network , 1 , 149-

168.

D. Purves, and J.W. Lichtheim (1985). Principles of

Neural Development . Sunderland, MA: Sinauer Ass.