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1 IntroductionRecent years have witnessed a growing interest in the study of neurally-driven evolved autonomousagents (EAAs). These studies, part of the �eld of Evolutionary Computation and Arti�cial Life(see [1, 2, 3, 4] for general introductory textbooks), involve agents that live in an environment andautonomously perform typical animat tasks like gathering food, navigating, evading predators, andseeking prey and mating partners. Each agent is controlled by an Arti�cial Neural Network (ANN)\brain". This network receives and processes sensory inputs from the surrounding environment andgoverns the agent's behavior via the activation of the motors controlling its actions. The agents canbe either software programs living in a simulated virtual environment, or hardware robotic devices.Their controlling networks are developed via Genetic Algorithms (GAs) that apply some of theessential ingredients of inheritance and selection to a population of agents that undergo evolution.A typical EAA experiment consists of a population of agents that are evolved using a geneticalgorithm over many generations to best survive in a given environment (see Figure 1). In general,agents may have di�erent kinds of controllers and encode also sensors and motors in the theirgenome, but we focus in this review on agents with a genome that solely encodes their controllingneural network. At the beginning of each generation, a new population of agents is generated byselecting the �ttest agents of the previous generation and letting them mate { i.e., form new agentgenomes via genetic recombination followed by mutations that introduce additional variation inthe population. The genomes formed in this process are \transcribed" to form new agents thatare placed in the environment for a given amount of time, after which each agent receives a �tnessscore that designates how well it performed the evolutionary task. This ends a generation cycle,and a new generation is initiated. Typically, this evolutionary \search" process is repeated formany generations until the agents' �tness reaches a plateau and further evolutionary adaptationdoes not occur. The result is a �nal population of best-�tted agents, whose emergent behaviorand underlying neural dynamics can now be thoroughly studied in \ideal conditions": One hasfull control on manipulating the environment and other experimental conditions. More important,one has complete knowledge of the agents behavior on one hand, and the controlling network'sarchitecture and dynamics, on the other. This scenario is illustrated below in a concrete exampleof a typical EAA navigation and foraging experiment adapted from [5].The agents in the model live in a grid arena of size 30x30 cells surrounded by walls (Figure 2).1
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Figure 1: The Paradigm of Evolutionary Autonomous Agents\Poison" is randomly scattered all over the arena (consuming this resource results in a negativereward). \Food", the consumption of which results in a positive reward, is randomly scattered ina restricted 10x11 \food zone" in the southwest corner of the arena. The agents' behavioral task isto eat as much of the food as they can while avoiding the poison. The complexity of the task stemsfrom the partial sensory information the agents have about their environment. The agents areequipped with a set of sensors, motors, and a fully-recurrent ANN controller. The neurocontrolleris coded in the genome and evolved; the sensors and motors are given and constant.The initial population consists of 100 agents equipped with random neuro-controllers. Eachagent is evaluated in its own environment, which is initialized with 250 poison items and 30 fooditems. The life cycle of an agent (an epoch) is 150 time steps, in each of which one motor action takesplace. At the beginning of an epoch the agent is introduced to the environment at a random locationand orientation. At the end of its life-cycle each agent is assigned a �tness score calculated as thetotal amount of food it has consumed minus the total amount of poison it has eaten. Simulationslast for a large number of generations, ranging between 10000 and 30000.Each agent is controlled by a fully recurrent binary neural network consisting of 15 to 50 neurons2
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Figure 2: An outline of the grid arena (southwest corner) and the agent's controlling network. Forillustration purposes the borders of the food zone are marked, but they are invisible to the agent.The agent is marked by a small arrow on the grid, whose direction indicates its orientation. TheT-shape marking in front of the agent denote grid cells which it senses; the curved lines indicatewhere in the arena each of the sensory inputs comes from. Output neurons and interneurons areall fully connected to each other.
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(the number is �xed within a given simulation run). Of these, 5 are dedicated sensory neurons,whose values are clamped to the sensory input, and have no input from other neurons. Four outputmotor neurons command the agent's motors. Network updating is synchronous. In each step asensory reading occurs, network activity is then updated, and a motor action is taken according tothe resulting activity in the designated output neurons.The agents are equipped with a basic sensor consisting of �ve probes. Four probes sense thegrid cell the agent is located in and the three grid cells immediately ahead of it (see Figure 2).These probes can sense the di�erence between an empty cell, a cell containing a resource (eitherpoison or food { with no distinction between those two cases), and the arena boundary. The �fthprobe can be thought of as a smell probe, which can discriminate between food and poison if theseare present in the cell occupied by the agent. The motor system allows the agent to go forward,turn 90 degrees in each direction, and attempt to eat. Eating is a costly process as it requires atime step with no other movement, in a lifetime of limited time-steps.Each agent carries a chromosome de�ning the structure of its N-neuron controlling network,consisting of N(N � 5) real numbers specifying the synaptic weights. At the end of a generationa phase of sexual reproduction takes place, composed of 50 reproduction events. In each of theseevents, two agents from the parents population are randomly selected with probability proportionalto their �tness (the amount of food minus poison eaten). Then, their chromosomes are crossed overand mutated to obtain the agents of the next generation. A point-crossover with probability0.35 was used, after which point mutations were randomly applied to 2% of the locations in thegenome. These mutations changed the pertaining synaptic weights by a random value between -0.6and +0.6. The resulting chromosomes de�ne two agents of the next generation. Essentially, thegenetic algorithm performs a search for the best synaptic weight values in the space of all possiblenetwork architectures that may be composed of the controlling neurons. Figure 3 shows a typicalevolutionary run. The average initial population �tness is very low (around -0.05). As evolutionproceeds better controllers emerge and both the best and average �tness in the population increaseuntil a plateau is reached.Current EAA studies have been able to successfully evolve arti�cial networks of several dozenneurons and hundreds of synapses, controlling agents performing non-trivial behavioral tasks (see[6, 7, 8, 9, 10] for recent reviews). These networks are less biased than conventional neural networksused in neuroscience modeling as their architecture is not pre-designed in many cases. They are4
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Figure 3: A typical evolutionary run: maximum, mean and standard deviation of �tness in apopulation plotted over 30000 generations of an evolutionary run. Values are plotted every 100generations. The �tness is evaluated over a single epoch for each agent and the mean is the averageof the �tness in the population (100 agents).the emergent result of a simpli�ed and idealized process that models the evolution of intelligent,neurally-driven life forms. This fundamental property naturally raises the possibility of usingthese agents as a vehicle for studying basic questions concerning neural processing. This potentialis further substantiated by two additional observations: First, Feasibility: the small size of theevolved networks, the simplicity of their environments and behavioral tasks, coupled with the fullinformation available regarding the model dynamics, form conditions that help make the analysisof the network's dynamics an amenable task. Second, Relevancy: since the networks are evolvedin biologically motivated animat environments, their analysis may potentially reveal interestinginsights into the workings of biological systems.The use of EAA models as a neuroscience research tool is a very complex and challengingscienti�c endeavor. Even the seemingly simple task of understanding the neural processing ofsmall, fully transparent EAA agents is a very diÆcult one. Furthermore, the relevance of �ndingsin EAA studies should be considered with caution (as is perhaps true regarding the relevance ofneural modeling studies in general). We should always be aware of the many simpli�cations involvedin these models; while enabling one to address systems that would be otherwise too complex toinvestigate, it may well be that interesting and even vital components of a system are missed.5



Yet, some of the results already obtained testify to the bene�cial role of EAA as a fundamentaland simple methodology of neuroscience investigation. The goal of this paper is to review theseresults, many of which have not yet been brought to the attention of neuroscientists due to thedi�erent scienti�c communities involved. The paper is further organized to answer two fundamentalquestions: 1. Do EAA studies produce results that bring new insights to neuroscienti�c issues?{ Section 2 aims to answer this question by providing a selective overview of EAA studies thatbear upon current neuroscienti�c research topics. 2. Can EAA studies lead to the developmentof new tools for neuroscience research? { Section 3 describes methods for systematic analysis ofthe evolved agents' controlling networks that may be used for understanding neural informationprocessing in both animat and biological systems. The last section returns to discuss the critiqueand the future of EAA studies in neuroscience.2 EAA studies: A Neuroscience PerspectiveEAA studies typically evolve neurally-driven computer simulated animats or robots that solve avariety of cognitive and behavioral tasks. As such, they form an intuitively appealing approachfor modeling and studying biological nervous systems. However, do current studies really begin torealize this potential? And what can be learned from these studies? Here we selectively review afew studies that explore speci�c questions that are of relevance to neuroscience. Our selection is byno means exhaustive. We begin with studies modeling simple animal systems, and proceed withmodels of evolution and learning. Finally, a description of evolutionary computation investigationsof cortical organization leads us to brie
y review and discuss various existing models of genotype-to-phenotype encodings.The task of evolving neural network controllers of detailed models of animal systems is yet toodiÆcult for the power of existing evolutionary computation systems, but a few interesting investi-gations in this direction have already been carried out. One study has evolved neural networks thatreproduce the habituation of the touch sensitive behavior of the nematode C. elegans [11]. Thisbehavior is comprised of backward movement in response to stimuli applied to the worm's head,and forward motion in response to stimulation of the tail. A comparison of data gathered from realworms and from lesion analysis of the evolved networks showed that lesioning the correspondingarti�cial and biological interneurons in both systems had similar global regulatory e�ects, resulting6



in disturbances in habituation. But a mismatch in the processing of the corresponding arti�cial andbiological sensory neurons has lead to the formulation and testing of a more re�ned EAA model,which included the simulation of developmental events during network formation. The revisedmodel succeeded in resolving the mismatch, manifesting emergent sensory neurons that play a ma-jor role in mediating touch sensation and others that play only a minor role, in a manner similar tothat observed in real worms. This new model also suggests that such a partially asymmetric neuralmechanism is responsible for motor response habituation, a prediction that remains to be tested.EAA models were also used to study the evolution and development of central pattern gen-eration for the swimming of the lamprey [12]. The evolved neural networks guide the agents'swimming by forming connections to the muscles located along both sides of the agent's body, andgenerating the coordinated oscillatory patterns required for propelling the body. These oscillatorypatterns could be modulated by varying the external excitation applied to the network, resultingin varying directions and speed of swimming. The best evolved controllers cover a broader rangesof frequencies, phase lags and speeds than the original, hand-crafted model [13]. Using the EAAapproach it was also possible to develop biologically plausible controllers with ranges of oscillationfrequency that were closer to those actually observed in the lamprey than those produced by thehand-crafted model. In agreement with the experimental �ndings of [14], these oscillations may beproduced without excitatory interneurons. Finally, the synaptic connections formed in some of theevolved agents were, at least to some extent, similar to those observed in the real lamprey [12].These results were obtained using �tness (optimization) functions that explicitly express thedesired outcome. However, interesting biological-like phenomena may emerge in EAA models evenwhen they are not modeled explicitly. The model of [5] described in detail above demonstrates thispotential, when the agents' emergent controller networks are analyzed using conventional neuro-science methods of lesioning and receptive �elds measurements. This analysis reveals a commandneuron whose �ring state triggers a switch between navigation and foraging behaviors that occursimmediately after the agent ingests food (recall that the agents are placed in a random location onthe grid and they �rst have to navigate and �nd the food zone and then remain and forage in thatzone). The �ring of this command neuron (or a few such neurons) essentially switches betweentwo evolved di�erent input-output subnetworks controlling navigation vs. foraging. These EAA�ndings closely resemble �ndings of command neurons in animals, including cray�sh [15], Aplysia[16, 17, 18], Clione [19], crabs [20, 21] and lobsters [22]. In some cases the animal behavior is7



modulated by the command neurons on the basis of certain sensory stimuli [16], and in particular,as in the EAA simulation, by food arousal [17, 18]. This activity has been shown to control avariety of motor repertoires, mainly by inducing di�erent activity patterns in the same networkby modulating neuronal activity [22, 21], again, in a manner similar to that found in the EAAstudy. Obviously, biological reality is much more complex and despite the resemblance, there aremany signi�cant di�erences. For example, chemical neuro-modulation plays an important role incommand neuron activity [23, 19], while absent from the current model (this is not, however, aninherent limitation as such neuro-modulation has been incorporated in EAA studies, e.g., [24, 25]).All together, even though biological reality is much richer than that of a simple EAA model, thesestudies demonstrate that networks emerging in EAA systems can manifest interesting biological-likecharacteristics and provide additional computational insights.We see two main motivations for studying biological systems with EAA models:� The �rst one stems from the observation that biologically relevant neural network modelsshould be studied in a comprehensive system containing not only the networks themselvesbut also the \bodies" in which they reside, i.e., the agent's sensors and motors and theenvironment in which the agent acts. As shown in various EAA studies, this embodiment isof paramount importance for providing constraints that reduce the degeneracies involved inthe neural-to-behavioral mappings [26]. Moreover, EAA agents can utilize the evolved motorbehaviors to augment their sensory processing, for example, by moving and turning aroundsuch that important objects in the environment are viewed from a �xed angle, making theirrecognition much simpler [27, 28].� The second motivation stems from the recognition that EAA studies are a natural compu-tational framework for studying the interaction between learning and evolution, two primeadaptation mechanisms occurring on di�erent time scales, but interleaved and interacting incomplex ways (see [29] for a review). A primary focus of EAA studies of learning and evolutionhas been the Baldwin E�ect which states that learning can in
uence the course of evolutioneven if learned traits are not inherited (e.g., [30, 31]). Below we review just one example ofEAA research studying this multi-faceted interplay between learning and evolution.In this study, a population of EAAs was subject to both evolutionary and learning processes[32]. Each agent's controller is composed of two subnetworks; one network guides its sensorimotor8



processing and the other is a \teacher" network. Both networks are encoded in the agents' genomeand receive the same set of inputs from the environment. The teacher network processes theseinputs to calculate desired responses that are then used to modify the synaptic connections of thesensorimotor network using a supervised learning algorithm. In a typical exploration task, thecombination of learning and evolution in these agents enables them to obtain signi�cantly higherperformance than agents with a similar genetically encoded sensorimotor subnetwork but withoutlearning, i.e., without the teacher subnetwork. The key to the success of the learning-able agentsis their ability to develop a genetically inherited predisposition for learning. This predispositionstems from the selection of initial weights at birth that guides behavior to select the right setof inputs, thus \channeling" learning in a successful direction. This power of evolution to selectspeci�c emergent learning predispositions points to the potential pitfalls of studying learning inisolation, as is done at times in conventional neural networks and connectionist models.EAA studies have been utilized to study the evolution of learning itself. Such an investigationcan span across several levels of neuroscienti�c research [33]. This is demonstrated in a studyevolving (near-)optimal neuronal learning rules in a simple EAA model of reinforcement learningin bumblebees [34]. Following the neural modeling study of [35], this EAA investigation studiedbee foraging in a simulated 3D arena of blue and yellow 
owers. During its 
ight, the bee processesvisual information about the 
ower arena it currently sees to determine its next 
ight heading.Upon landing, it receives a reward according to the nectar produced by the 
ower it has landedupon. This reward is then used by the bee as a reinforcement learning cue to modify the synapticeÆcacies of its controlling network. Unlike the study of [35] where the synaptic learning rules gov-erning these modi�cations are pre-speci�ed, the learning rules themselves (and not just the synapticweights) undergo evolution. These evolved synaptic plasticity rules include a new component ofheterosynaptic Hebbian learning [36, 37] that was not speci�ed in the previous hand-crafted solu-tion [35], giving rise to varying exploration/exploitation levels. On a higher level of description,these synaptic micro-dynamics give rise to risk aversive behavior, providing a novel, biologicallyfounded, parsimonious explanation for risk aversion. Thus, even simple EAA models are capable ofproducing complex emergent behaviors that were not speci�ed in the model in any explicit manner.Evolutionary computation optimization methods can be used to directly challenge a varietyof important open questions in neuroscience. For example, it is well known that a localized ex-citatory stimulus applied directly to the cerebral cortex can produce a surrounding peri-stimulus9



inhibitory zone (\Mexican Hat Pattern" of activity). This has long been viewed as surprising bysome because lateral intra-cortical connections within the 150-250 micron distance involved arepredominantly excitatory (asymmetric synapses; pyramidal/stellate neuron to pyramidal/stellateneuron) [38, 39, 40, 41, 42]. In this context, a recent study used a genetic algorithm to inquirewhether a neuronal circuit for cortical columns could be evolved that produces peri-stimulus inhibi-tion under the constraint that the only horizontal, inter-columnar synaptic connections permittedare excitatory ones [43]. Starting with columnar neuronal circuits having arbitrary, randomly-generated excitatory and inhibitory synaptic strengths, it proved possible to evolve, within at mosta few thousand generations, neuronal circuits that produce Mexican Hat patterns of activity (seeFigure 4). The apparent lateral inhibitory e�ects that evolved were due to the turning o� of base-line horizontal spread of excitatory activity between neurons in neighboring columns. This result isinteresting, not just because the evolutionary process discovered a novel candidate neural circuit forcerebral cortex, but more importantly because it suggests a new approach to generating hypothesesabout the nature of complex neural circuitry in general, via a simulated evolutionary process.A kind of \reverse" approach has shown that \indirect" biologically-inspired genotype-to-phenotype encoding enables the successful evolution of a variety of basic neural network archi-tectures that are assumed to participate in cortical neural processing [44]. In contrast to \direct"encodings where every gene explicitly speci�es a synaptic connection, \indirect" encodings includea program for determining the network architecture or its connections' weight values in a compactmanner. This approach serves a dual role: From a computational perspective, its aim is to �ndeÆcient genotype-to-phenotype encodings, a key to the evolution of smart agents. It provides forcompact genetic encodings of complex networks, and for �ltering out genetic changes [45]. Froma neuroscience perspective, its aim is to test di�erent hypotheses about how the architecture andoperation of various biological neural networks may be speci�ed by the genome. The work ondeveloping indirect encodings has attracted ample e�orts, focusing on a few di�erent avenues (seeBox 1) . Box1: Indirect Genotype-to-Phenotype Encodings� Grammar Rewriting encodings { which employ a set of rewriting rules that are encoded inthe genome. For example, in [46] the genome contains numerous blocks. Each block has �veelements and is interpreted as a rewriting rule that states that the �rst element in the block10



should be transcribed to a matrix composed of the next four elements in the block. Via suchan iterative decoding process a matrix specifying the network architecture is formed (and thesynaptic eÆcacies are then determined by other mechanisms, e.g., learning). Simple grammarrewriting encodings typically generate restricted tree-like network architectures, but utilizinggraph grammars one may develop more general, recurrent networks [47, 48]. The latterhave been used to develop encodings which lead to the emergence of modular subnetworks{ repetitive building blocks, mimicking cortical columnar structures. Such grammar-likeencodings generate fairly compact genomes and hence reduce the search space of possiblesolutions. A variant, [49] enables the evolution of compact target networks by including acomplexity term in the �tness function.� Developmental, Ontogenetic encodings (Geometric grammars) { where the genome expressesa program for cell division and axonal migration that determines the phenotypic neural ar-chitecture [50, 51, 52]. In these encodings the objects undergoing development are localizedon a 2-dimensional (or 3D) space, allowing for context-dependent e�ects from neighboringneurons, and the developmental program has a more biological 
avor. Yet, the genomes gen-erated are less compact than those generated by encoding graph grammars (scaling linearlywith network size) and do not strongly bias toward the evolution of modular networks. Thetemporal dimension of such ontogentic development has been studied by encoding \matura-tion times" that regulate the expression of di�erent blocks in the genome [52]. Overall, it isshown that this mechanism can successfully select genomes which dictate early maturationof functional vs. dysfunctional blocks. \Layering" ontogenesis in time delays full functional-ity to later stages in the agent's life and hence may damage its �tness, but it may enhancegenetic variation by sustaining mutations that occur in genetic blocks expressed late in matu-ration. A few developmental encodings have aimed at developing more biologically motivated\regulatory" encodings, specifying the development of a multi cellular organism [45, 53, 54].The identity of the subset of genes active in each moment in a given cell is determined bya complex interaction with the \transcription factors" it receives from the environment andfrom other cells. These models however require extensive computational resources and arestill unable to evolve agents solving complex tasks.� Compound encodings { recently, newly developed genetic encodings that 
exibly encode both11



the synaptic weights and their learning rules have been shown to be superior to direct synap-tic encodings, but these results await further corroboration in a wider set of EAA models[55, 56]. The eÆcacy of such encodings may be enhanced by self-organizing processes thatre�ne the developing networks by exploiting regularities in the environment, e.g., by incor-porating activity-based pruning in the developmental programs [57]. Their eÆcacy may befurther enhanced by EAA models that incorporate neuro-modulatory agents. Such a di�usibleagent has already been used to dynamically modulate the neurons' transfer function in a con-centration dependent manner, enabling eÆcient evolution of more compact networks thanthose obtained with direct encodings [24]. In a manner analogous to [34], neuromodulationmay be harnessed to guide learning in agents. Lastly, self organizing compression encodingsmay be used to adaptively guide search to optimal subspaces [58].Yet, �nding eÆcient indirect encodings still remains an extremely important open problem.The superiority of existing indirect encodings over direct ones has not yet been shown in a convinc-ing manner: First, due to the absence of examples of agents solving complex tasks with indirectencodings that were otherwise unsolvable with direct encodings or by hand-crafting the solutions[56]. Second, because some of these encodings do not scale up well with network size [59]. Theidea that an encoding successfully capturing some of the essential computational principles of bio-logical encodings could lead to a breakthrough in our abilities to evolve complex agents is certainlycompelling, but it remains to be seen if this can be done. If however some success will be ob-tained, then simulating such developmental processes in EAAs will probably teach us a lot aboutthe organization and functioning of biological neural networks.3 Analysis Of Neural Information Processing in EAAsThis section reviews research that analyzes the evolved controller networks. The dual goal of thisresearch is to uncover principles of neural processing in animat and biological nervous systems, andto develop new methods for their analysis.A series of studies have developed a rigorous, quantitative analysis of the dynamics of centralpattern generator (CPG) networks evolved for locomotion [60, 26]. The networks evolved are of verysmall size, composed of 3,4 or 5 neurons. A high-level description of the dynamics of these CPG12



networks was developed, based on the concept of a dynamical module: a set of neurons that havea common temporal behavior, making a transition from one quasi-stable state of �ring to anothertogether. The evolved networks can be decomposed to a varying number of multi-stable dynamicalmodules that are traversed via successive destabilizations. In some networks the dynamic modulesdo not remain �xed but change over a slow time scale. Dynamical modules give new insights to CPGoperation, describing them in terms of a �nite state machine, and enabling a rigorous analysis oftheir robustness to parameter variations. They provide one possible concrete realization of Getting'shypothesis that biological CPG's are constructed from basic dynamical \building blocks" [61, 62].Interestingly, in some cases the dynamical modules could be assigned speci�c functional roles butin others this assignment was not possible. This observation touches upon the fundamental topicof \understanding" neural processing by localizing and assigning speci�c procedures and functionsto component subnetworks, an issue we shall return to in the Discussion.Examining the variety of CPG networks evolved, it becomes evident that there is a degener-acy in the mapping between structural and functional levels [26]. That is, many di�erent networkarchitectures give rise to the same functional level of rhythmic activities and, consequently, to sim-ilar walking performance. Such degeneracies may be ubiquitous in biological systems, and shouldbe considered by neuroscientists constructing biologically realistic models of CPGs [26]: due totechnical recording diÆculties, biophysical properties of neurons are usually measured across manyindividuals, and models are constructed using values from several animals. In light of the degenera-cies pointed above, this construction of \chimera-like" model networks may be arti�cial, and maylead to the \brittleness" often observed in realistic neuronal simulations [63], where small parametervariations may lead to large changes in model dynamics. The negative �ndings of this EAA studyare of no lesser interest; some of the evolved 5-neuron CPGs were not functionally decomposable[26]. Similarly, in spite of the progress made in neuroscience in analyzing and modeling biologicalCPGs, their functional decomposition remains enigmatic [62]. This may not be surprising, since,after all, behavior rather than circuit architectures are selected for in evolution [64].The dynamic modules analysis was carried out in very small networks with a regular rhyth-mic pattern of activity and its application to signi�cantly larger EAA networks with less regulardynamics remains a daunting task. How can we analyze these latter networks? Several studieshave tried a variety of conventional neuroscience techniques to this end. Here we brie
y reviewa few of these studies, each demonstrating the use of a di�erent technique. The activity of the13



internal (hidden layer) neurons in the network as a function of a robot's location and orientationwas charted via a simple form of receptive �eld measurement in [65]. The function of these inter-mediate neurons was generally highly distributed and dependent on previous states, but a certaininterneuron playing a major role in path planning was also identi�ed. Others have systematicallyclamped neuronal activity and studied its e�ects on the robot's behavior [66] (such as inducingrotation, straight line motion or more complex behaviors like smooth tracking of moving targets,etc.). Single-lesion analysis was used to discover the \command" neurons described in the previoussection [5]. A more \procedural" kind of ablations to the network, where di�erent processes (andnot just units or links) are systematically canceled out was used recently in [67]. Overall, thesestudies have provided only glimpses of the processing in these networks. Moreover, an integrativeEAA study systematically analyzing a neural network by employing all these methods together andcomparing between them is still lacking.In Neuroscience, assessing the importance of single neurons or cortical areas to speci�c tasksis traditionally done either by assessing the de�cit in performance after lesioning a speci�c area,or by recording the activity in the area during behavior. These classical methods su�er from twofundamental 
aws [68]: First, they do not take into account the probable case that there are complexinteractions among elements in the system. E.g., if two neurons have a high degree of redundancy,lesioning of either one alone will not reveal its in
uence. Second, they are mostly qualitativemeasures, lacking the ability to precisely quantify the contribution of a unit to the performance ofthe organism and to predict the e�ect of new, multiple-site lesions. The relative simplicity and theavailability of full information about the network's structure and dynamics make EAA models anideal test-bed for studying neural processing. In this framework, a rigorous, operative de�nition forthe neurons' (or, cortical regions) contributions to the organisms performance in various tasks and anovel Functional Contribution Algorithm (FCA) to measure them have been recently presented [68].This operative de�nition permits an accurate prediction of the performance of EAA agents aftermulti-lesion damage, and yields, at least in principle, a precise quanti�cation of the distribution ofprocessing in the network, a fundamental open question of neuroscience [69, 70].To understand the concept of \contributions", conceive of an agent (either natural or arti�cial)with a controlling network of N interconnected neurons (or more generally, units) that performs aset of P di�erent functional tasks in the environment in which it is embedded. Who does What? -addressing this question, it is natural to think in terms of a contribution matrix, where Cik is the14



contribution of element i to task k, as shown in Figure 5. The data analyzed for computing thecontribution matrix is gathered by in
icting a series of multiple lesions onto the agent's network(obviously, there are quite a few di�erent ways of lesioning networks, e.g., by knocking out neurons,or by severing all incoming or all outgoing synapses from a neuron. The latter option is assumedin the FCA). After each lesion, the resulting (corresponding) performance of the agent in di�erenttasks is measured. Given this data, the FCA �nds the contribution values Cik which provide the bestperformance prediction for new, multiple-site lesions. Following the spirit of [71]), the localizationLk of task k can now be de�ned as a deviation from equipotentiality along column k (e.g., L1 inFigure 5), and similarly, Si, the specialization of neuron i is the deviation from equipotentialityalong the row i of the matrix (e.g., S2 in Figure 5).The FCA algorithm was applied to the analysis of EAA neurocontrollers evolved in [5], whichare recurrent neural networks with complex interactions among the elements, providing a preciseprediction of the e�ects of new multiple lesions [68]. This remarkable performance has been ob-tained primarily due to the utilization of a general monotone but non-linear performance predictionfunction. However, we now �nd that more complex EAA neurocontrollers cannot be accuratelydescribed using an FCA based on contributions of single units only. Precise multi-lesion predictionin these networks requires the consideration of contributions from additional, functionally impor-tant conjunctions of the basic units. These �ndings strongly suggest that the classic, conventional,thinking in neuroscience aiming to decompose the processing of various tasks to a set of individualdistinct regions is a gross oversimpli�cation. It should also be noted that the current ongoing de-velopment of more eÆcient derivatives of the FCA algorithm would not have been possible withoutthe existence of the ample body of data provided by the EAA investigations.Multi-lesion analysis algorithms like the FCA are important in neuroscience for the analysisof reversible inactivation experiments, combining reversible neural cooling deactivation with be-havioral testing of animals [72]. They can also be used for the analysis of transcranial magneticstimulation studies which aim to induce multiple transient lesions and study their cognitive e�ects(see [73] for a review). Another possible use is the analysis of functional imaging data by assessingthe contributions of each element to the other, i.e., extending previous network's e�ective connec-tivity studies employing linear models (e.g., [74]). Applying algorithms such as the FCA shouldprove useful in obtaining insights into the organization of natural nervous systems, and settling thelong-lasting debate about local versus distributed computation.15



4 DiscussionIn his illuminating treatise on the �ctional autonomous \vehicle" agents, Valentino Braitenbergstates two important observations: \.. in most cases our analysis [of a certain \type 6" arti�cialbrains] would fail altogether: the wiring that produces their behavior may be so complicated andinvolved that we will never be able to isolate a simple scheme. And yet it works.." [75]. Indeed,EAA models work and are a relevant neuroscience research tool. Yet, even the simple modelscurrently studied may be fairly complex, and their analysis forms a diÆcult challenge. But if thisis so with regard to these much simpli�ed systems, what about the task of understanding real,natural, nervous systems? The \central dogma" of addressing the latter challenge in neuro andcognitive sciences research has been the knowledge-based engineering approach. This approach aimsto analyze and conceptualize neural information processing in terms of operations that manipulaterepresentations, as exempli�ed in Marr's work on Vision [76]. The necessity and computationalvalue of such representations has, however, been seriously questioned by robotics and adaptivebehavior researchers in recent years (e.g., [77]). A very interesting review of numerous EAA studiesthat have evolved visual processing agents was recently presented [78]. Like the Braitenberg Vehiclerobots that do not need representations, all the agents in the studies surveyed in this review didnot employ representations in the conventional sense, at least as far as the researchers' analysistechniques could tell. Rather, understanding the controller's dynamics requires treating the agentand its environment as a coupled, embedded, dynamical system [78, 79]. Furthermore, there isconsiderable evidence supporting the possibility that the same is true for animals [78].Indeed, it is just the end of the beginning. Though we hope that the examples presented areconvincing, one should not underestimate the diÆculties { the most important one being that it stillremains to be seen if the EAA paradigm can generate really complex agents on the scale of animatesystems, and if so, if we will be able to analyze them. Current EAA modeling is limited in quite afew important ways: First, the vast majority of current EAA models employ simple binary neuronsand the investigation of EAAs driven by spiking networks and temporal synaptic dynamics seemsto be a necessary step if we want to make closer contact with animate neural processing. Second,even the brains of the most simple biological organisms employ hundreds and thousands of neuronswith orders of magnitude larger amounts of synapses. It is quite obvious that we shall not be ableto evolve neural controllers of this magnitude using simple direct encodings. The development of16



new genotype-to-phenotype encodings is critical to enable the evolution of smarter agents. Third,current EAA models employ very simplistic forms of embodiment, i.e., very rudimentary sensorsand motors in very elementary environments. More elaborate and realistic sensors and motorsmust be developed if we wish to really study sensorimotor processing. Moreover, these sensorsand motors should probably be co-evolved with their controllers. And �nally, as the scale andthe complexity of the evolved networks grows, the challenge of �nding new ways for analyzing theevolved networks will become more complicated. In its current nascent stage, the EAA paradigm isstill fairly limited, but a gradual, incremental approach for its further development is feasible andwithin our reach. One should also bear in mind that until now there have been many fewer EAAstudies of neuroscience questions compared with the volume of more traditional computationalneuroscience investigations.This brings us to what is perhaps the major critique of EAA in Neuroscience { the notion thatevolution may take many paths and directions, and hence the �ndings observed in EAA modelsmay not teach us anything signi�cant about biological nervous systems. As outlined throughoutthis paper, there are various reasons to believe that this is not the case, and that biologicallyrelevant principles of neural information processing may best be studied in these models. But theimportance of EAA research goes beyond that: In my mind, its primary value for neuroscienceis �rst and foremost its ability to serve as a very simple, but emergent, accessible and concrete,even if arti�cial test-bed, for thinking about neural processing principles and for developing newmethods for deciphering them. EAA is a promising way of making neuroscience modeling simpleas it should be, but not more. \Simple as it should be" may turn out eventually to be fairly orvery complex, but even if so, I believe EAA studies is one of our best bets in this quest.In summary, many avenues for further development of EAA studies await further explorationin the near future. But the combination of the results reviewed here, the clear challenges awaitingin the near future and the continuing fast growth of computing resources that open new ways formore realistic EAA modeling, make us con�dent that the study of EAAs as a neuroscience researchmethodology is a promising and timely endeavor.Acknowledgments: Supported by the FIRST grant of the Israeli Academy of Sciences. Weare grateful to Ranit Aharonov, Tuvia Beker, Naomi Gal-Ruppin, David Horn, Isaac Meilijson,17
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(a) (b)

Figure 4: a) An example initial cortical circuit prior to evolution with two excitatory and twoinhibitory nodes per column. Each node represents a small population of similar neurons. Initialsynaptic strengths were random, and di�erent evolutionary runs started with di�erent numbers ofexcitatory/inhibitory nodes. b) Diagram of an evolved cortical circuit that produces a MexicanHat pattern of activity to a point stimulus in the absence of horizontal, inter-columnar inhibitoryconnections. Only the magnitudes of inhibitory weights are shown (dotted connections); they aremultiplied by a negative gain constant when used. Connections with weights less than 20% ofthe maximum were omitted. Connections for all columns are the same. Lateral inhibition arosebecause excitation of some excitatory neurons (nodes B and C) in a stimulated column caused otherexcitatory neurons (node A) in the same column (those sending lateral excitatory connections toother columns) to turn o�, decreasing lateral excitation of adjacent columns and causing their meanactivation levels to fall. Inhibitory neurons evolved to not only inhibit intra-columnar excitatoryneurons, but to also inhibit each other in a highly speci�c, selective pattern.
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