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AbstractThis paper presents a general approach for employing lesion analysisto address the fundamental challenge of localizing functions in a neuralsystem. We describe the Functional Contribution Analysis (FCA) whichassigns contribution values to the elements of the network such that theability to predict the network's performance in response to multi-lesionsis maximized. The approach is thoroughly examined on neurocontrollernetworks of evolved autonomous agents. The FCA portrays a stable setof neuronal contributions and accurate multi-lesion predictions, which aresigni�cantly better than those obtained based on the classical single lesionapproach. It is also utilized for a detailed synaptic analysis of the neuro-controller connectivity network, delineating its main functional backbone.The FCA provides a quantitative way of measuring how the network func-tions are localized and distributed among its elements. Our results ques-tion the adequacy of the classical single lesion analysis traditionally usedin neuroscience, and show that using lesioning experiments to deciphereven simple neuronal systems requires a more rigorous multi-lesion anal-ysis.
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1 IntroductionOne of the fundamental challenges in understanding a nervous system is to char-acterize how its various functions are localized and distributed among the systemelements. These elements may be single neurons, neuronal assemblies or even corticalareas, depending on the scale on which one chooses to analyze the system. Evensimple nervous systems are capable of performing multiple and unrelated tasks, oftenin parallel. Each task recruits some of the elements of the system, and often the sameelement participates in several tasks. This poses a diÆcult challenge when one at-tempts to identify the roles of the network elements, and to assess their contributionsto the di�erent tasks.The localization of speci�c tasks in a nervous system is conventionally done inNeuroscience either by recording the activity of the system elements during behavior,or by measuring the de�cit in performance after lesioning speci�c elements. Obviouslyinferring signi�cance from recording unit activity during behavior is problematic be-cause correlation of neuronal activity with performance does not necessarily identifycausality. For example, it is possible that some areas raise their activity while agiven task is performed not because they signi�cantly contribute to the processingof that task, but rather because they are activated by other regions that do playan important role in this task processing. To try and uncover the units and regionswhose activation really underlies a speci�c function or behavior, neuroscientists havetraditionally adopted a system analysis approach, where the normal operating modesof a system are studied by lesioning and perturbing its processing in many possibleways. These abnormal manipulations are aimed to provide one with deeper insightsinto the system's normal, regular, operation.Albeit, the vast majority of lesion studies in neuroscience have been single lesionstudies, in which only one network component is abolished at a time (e.g. [Squire,2



1992; Farah, 1996]). Such single lesions are very limited in their ability to reveal thesigni�cance of elements which interact in complex ways. A straightforward conceptualexample demonstrating this is when two elements have a high degree of redundancywith respect to the processing of a function to which they equally contribute. Then,lesioning either element alone will not reveal its true signi�cance, since no reductionin the performance of that function will occur. The problematic and limited valueof single lesion analysis has already been widely noted in the neuroscience litera-ture [Sprague, 1966; Farah, 1990; Sitton, Mozer and Farah, 2000; Young, Hilgetagand Scannell, 2000]. One classical example discussed is that of the paradoxical lesion-ing e�ect [Sprague, 1966]. In this paradigmatic case, lesioning area A alone is harmfulbut lesioning area A given that area B is lesioned is bene�cial, hence the apparent\paradox". Importantly, it demonstrates that looking at a single lesion alone maybe misleading, as the bene�cial in
uence of an area depends on the general state ofthe system. Last but not least, current lesioning studies in neuroscience have yieldedmostly qualitative measures, lacking the ability to precisely quantify the contributionof a unit to the performance of the system and, perhaps even more importantly, topredict the e�ect of new, multiple-site lesions.Addressing these challenges, this paper presents a Functional Contribution Analy-sis (FCA). The FCA framework gives a rigorous, operative de�nition for the neurons'contributions to the system's performance in various tasks, and an algorithm to mea-sure them via multi-lesion analysis. Acknowledging that single lesions are insuÆcientfor localizing functions in neural systems, the FCA framework assumes an existingdata set of multiple lesions to a neural system and their corresponding system per-formance scores in a given set of tasks. The FCA uses these data to calculate theelements' contributions to the various tasks, yielding an accurate prediction of theperformance of a neural system when a new, untested, multiple lesion damage is in-
icted upon it. Thus, the FCA harnesses the full power of the lesion approach both3



to learn about the localization of functions in the intact, unperturbed network, andto predict its response to damage.Although still infrequent, multiple lesion studies are now being performed in anincreasing frequency in neuroscienti�c studies of reversible inactivation [Lomber andPayne, 2001]. However, these data are still of fairly limited magnitude. Hence, thedevelopment and study of the FCA method was primarily done in a theoretical mod-eling framework, that of neurally-driven evolved autonomous agents (EAAs) [Ruppin,2002]. EAA agents are software programs living in a simulated virtual environmentthat autonomously perform typical animat tasks like gathering food, navigating, evad-ing predators, and seeking prey and mating partners. Each agent is controlled by anarti�cial neural network \brain". This network receives and processes sensory inputsfrom the surrounding environment and governs the agent's behavior via the activationof the motors controlling its actions. It is developed via genetic algorithms that applysome of the essential ingredients of inheritance and selection to a population of agentsthat undergo evolution. In recent years, much progress has been made in �nding waysto evolve EAAs which successfully cope with diverse behavioral tasks [Floreano andMondada, 1996; Scheier, Pfeifer and Kunyioshi, 1998; Kodjabachian and Meyer, 1998;Floreano and Mondada, 1998; Gomez and Miikkulainen, 1997], employing networkscomposed of several dozen neurons and hundreds of synapses (see [Meyer and Guillot,1994; Kodjabachian and Meyer, 1998; Yao, 1999; Guillot and Meyer, 2000; Guillotand Meyer, 2001] for recent reviews).EAAs are a very promising model system for studying neural processing and de-veloping methods for its analysis (see [Ruppin, 2002] for a detailed discussion of thisissue). They are less biased than conventional neural networks used in neurosciencemodeling as their architecture is typically not pre-designed, but emergent. Theirpotential is further substantiated by their feasibility: the small size of the evolvednetworks, the simplicity of their environments and behavioral tasks, coupled with4



the full information available regarding the model dynamics, form conditions thathelp make the analysis of the network's dynamics an amenable task. Furthermore,numerous EAA studies have already shown that networks emerging in EAA systemscan manifest interesting biological-like characteristics and provide additional compu-tational insights [Cangelosi and Parisi, 1997; Ijspeert and amd D. Willshaw, 1999;Aharonov-Barki, Beker and Ruppin, 2001].Identifying the importance of elements of a system to varying tasks is often used asa basis for claims concerning the degree of localization versus distribution of computa-tion in that system (e.g. [Wu, Cohen and Falk, 1994]). The distributed representationapproach hypothesizes that computation emerges from the joint interaction betweennumerous simple elements [McClelland, Rumelhart and the PDP Research Group,1986; Hop�eld, 1982]. The local representation hypothesis suggests that activity insingle neurons represents speci�c and well-de�ned concepts (the grandmother cellnotion) or performs speci�c computations (see [Barlow, Bartholemew, Bremner andBrunk, 1972]). This fundamental question of distributed versus localized computationin nervous systems has attracted ample attention (spanning from Lashley's seminalpaper [Lashley, 1929] to today's ongoing controversies [Downing, Jiang, Shuman andKanwisher, 2001; Haxby, Gobbini, Furey, Ishai, Schouten and Pietrini, 2001; Cohenand Tong, 2001]. However, there seems to be a lack of a precise and rigorous de�nitionfor these terms [Thorpe, 1995]. The ability of the FCA to quantify the contributionof elements to tasks yields, as a \by-product", a precise determination of the level ofdistribution of processing in the network.This paper presents a new tool for localizing functions in biological and arti�cialneural networks, and introduces a quantitative approach for studying the long de-bated issue of local versus distributed computation in the brain. It capitalizes on theavailability of full information that makes EAA models a good test-bed for studyingneural processing. The paper is organized as follows: section 2 describes the func-5



tional contribution approach, and provides the necessary de�nitions. In section 3 weapply the FCA to evolved neurocontrollers, demonstrating its capabilities to unravelthe underlying neuronal contributions. We examine the implications of the type oflesioning method employed, and show the FCA's superiority over the classical neuro-science single lesion approach. Section 4 studies the localization of di�erent tasks withthe FCA, and section 5 shows that the FCA can be utilized for a detailed synapticanalysis of the underlying network connections. Our results and their implicationsare discussed in section 6.2 The Functional Contribution ApproachThe FCA aims to compute the localization of a task from a series of multi-lesionexperiments. In each such experiment, a lesioning con�guration speci�es which of theagent's neurocontroller units (be they neurons, synapses, or any higher-order module)is lesioned. Given this lesion, the agent is run in the environment in which it wasevolved, and its performance (i.e., its �tness or any other well de�ned performancemeasure) is measured. The FCA uses this data to compute a contribution vectorc = (c1; :::; cN), where ci is the contribution of element i to the task in question, andN is the number of elements in the network. The goal of the FCA is to assign thecontribution values which provide the best prediction of the agent's performance interms of Mean Squared Error (MSE) under all possible multi-site lesions.2.1 De�nitionsSuppose that a multi-lesion experiment is performed where a set of elements in thenetwork is lesioned and the neurocontroller network then performs a certain task.The result of this experiment is described by the pair fm; pmg where the lesion con-�guration vectorm has mi = 0 if element i was lesioned and 1 if it was left intact, and6



pm is the corresponding performance of the lesioned network, divided by the baselineperformance of the fully intact network. For a system of N elements there are 2Nsuch possible multi-lesion experiments, i.e., 2N possible lesioning con�gurations m.The underlying idea of our de�nition is that the contributions of the units are thosevalues which allow the most accurate prediction of performance following lesions ofany degree to the system. Within the FCA framework, given a con�guration m oflesioned and intact units, the predicted performance ~pm of the network is the sum ofthe contribution values of the intact units (m � c), as evaluated by a non-decreasingfunction f ,~pm = f(m � c) : (1)The function f is a non-decreasing piecewise polynomial. It is non-decreasing to re-
ect the notion that bene�cial elements (those whose lesioning results in performancedeterioration) should have positive contribution values, and that negative values in-dicate elements that hinder performance.Given these de�nitions, we seek to �nd the pair fc; fg, which minimizes the meansquared prediction errorE = 12N Xfmg (~pm � pm)2 : (2)The vector c which minimizes this error is the contribution vector for the task tested,and the corresponding f is its adjoint performance prediction function. Since multi-plying c and dividing f by the same scalar maintains the prediction, we arbitrarilynormalize c such that PNi=1 jcij = 1. Thus, the optimal contribution vector c andits accompanying performance prediction function f minimize the MSE of predictedversus actual performance, over all possible lesioning con�gurations.7



The FCA is related to two known modeling and prediction methods, that of Gen-eralized Linear Modeling and that of Projection Pursuit Regression. The GeneralizedLinear Model (GLM, see [McCullagh and Nelder, 1989]) approach can be succinctlyde�ned by the relation g(~pm) = m � c, where g is the transfer function akin to theperformance prediction function f in the FCA formulation (if g = f�1 the aboveequation reduces to Eq. 1). In GLM, the contribution vector c can be computed viaa closed formula, and hence results in a much faster and deterministic computationthan that performed within the FCA (see section 2.2). However, GLM cannot beused to predict performance since in general g is not reversible; many lesioning con-�gurations can lead to the same performance (e.g., complete failure of the agent).Projection Pursuit Regression (PPR, see [Huber, 1985]) has a formulation very simi-lar to the FCA. PPR approximates the response surface g by a sum of ridge functionsg(x) �Pkj=1 fj(cj �x), which, together with the projection directions cj are found inan iterative, greedy manner, minimizing the distance from a target random variable.The FCA is hence a special case of PPR in which k = 1 and f is non-decreasing.Using only one ridge function and a non-decreasing f enables one to preserve theintuitive meaning of c as the contribution values vector.2.2 The FCA AlgorithmThe contribution vector c and the prediction function f for a task are computed usinga training set of lesioning con�gurations and their corresponding performance levelsin the task at hand. The FCA is a gradient descent search algorithm which iterativelyupdates f and c until it reaches a local minimum of the training error E 0E 0 = 1n Xm2M[f(m � c)� pm]2; (3)where M is the training set and n is its size. The steps of the FCA are:8



1. Choose a random initial normalized contribution vector c for thetask, and compute f as in step 4.2. Compute c. Using the current f compute new values of c by per-forming a gradient descent on the error E 0 (Eq. 3), searching for cvalues that minimize E 0 using the current f .3. Re-normalize c, such that PNi=1 jcij = 1.4. Compute f . Given the current c, perform isotonic regression onthe pairs fm � c; pmg in the training set. Use a smoothing spline onthe result of the regression to obtain a new f .Steps 2 through 4 are repeated a �xed number of times.In [Segev, Aharonov, Meilijson and Ruppin, 2002] an algorithm for the eÆcientselection of the training set in FCA is presented. This Adaptive Lesion Selectionalgorithm is based on active learning [Cohn, Ghahramani and Jordan, 1995; Engel-brecht and Cloete, 1999], and selects the next lesioning con�guration based on theinformation contained in the current set of con�gurations. It is shown to considerablyreduce the required training set size. For simplicity, throughout most of the paper,the training set used is the full con�guration set. However, utilizing the adaptive al-gorithm (or even random selection), a relatively small training set suÆces to achievelow MSE on the test set (see, e.g., sections 3.3 and 5).2.3 Experimental ProtocolThe FCA algorithm is stochastic, and as such is dependent on both the initial condi-tions and the random choices made in the gradient descent step. To reduce stochas-ticity, each of the MSE values reported in this paper is a mean of 10 FCA runs. Asingle run consists of 10 trials, each of which is initialized with a di�erent random9



contribution vector. The result of the trial with the lowest MSE on the training setis chosen for that run. We note, however, that the sensitivity to initial conditionsis rather small in most cases. For each initial condition, the FCA executes a �xednumber I of iterations of updating f and c (see section 2.2). Throughout the paper,I = 150, except for the analysis of agent S22 where I = 300. All FCA results pre-sented are mean and standard deviation of 10 FCA runs (i.e. a total of 10� 10 initialcondition choices). The MSE values are normalized by dividing them by the varianceof the agent's performances pm in the test set. Thus, a normalized MSE of q meansthat the FCA explains a fraction R2 = 1 � q of the variance. That is, if one wouldpredict for any con�guration a performance level equal to the mean performance ofthe agent, then the normalized MSE would equal 1, corresponding to R2 = 0.3 FCA of Evolutionary NeurocontrollersUsing evolutionary simulations, Aharonov et. al. [Aharonov-Barki, Beker and Rup-pin, 2001] have previously developed autonomous agents controlled by fully recurrentarti�cial neural networks. High performance levels were attained by agents perform-ing simple life-like tasks of foraging and navigation. In [Aharonov-Barki, Beker andRuppin, 2001], classical neuroscience methods were used to analyze the evolved neu-rocontrollers. Here the FCA is developed and studied in this environment and isapplied to the analysis of EAA neurocontrollers, demonstrating several aspects of theapproach.3.1 The EAA EnvironmentThe agents live in a virtual grid arena of size 30 � 30 cells surrounded by walls(Figure 1, after [Aharonov-Barki, Beker and Ruppin, 2001]). \Poison" is randomlyscattered all over the arena (consuming this resource results in a negative reward).10



\Food", the consumption of which results in a positive reward, is randomly scatteredin a restricted 10 � 10 \food zone" in a corner of the arena. The agent's goal is to�nd and eat as many food items as possible during its life, while ignoring the poisonitems. The agents are equipped with a set of sensors, motors, and a fully-recurrentneurocontroller. The neurocontroller is coded in the genome and evolved; the sensorsand motors are given and constant.The initial population consists of 100 agents equipped with random neurocon-trollers. Each agent is evaluated in its own environment, which is initialized with 250poison items and 30 food items. The life cycle of an agent (an epoch) is 150 timesteps, in each of which one motor action takes place. At the beginning of an epochthe agent is introduced to the environment at a random location and orientation. Atthe end of its life-cycle each agent is assigned a general performance score (�tness)calculated as the number of food items minus the number of poison items it consumes,divided by 30, so that the maximum possible �tness is 1. Since the agent's lifetimeis short, this is practically an unattainable score. Simulations last for a large num-ber of generations, ranging between 5000 and 30000. All the details concerning thesimulations and genetic methods are given in [Aharonov-Barki, Beker and Ruppin,2001].The agent's neurocontroller consists of 10 to 22 internal recurrently connectedMcCulloch-Pitts binary neurons (the number of neurons is �xed within a given sim-ulation experiment). In addition to the internal neurons, the agent has �ve inputneurons connected to the �ve basic sensors, collectively called the somatosensor (seeFigure 1, after [Aharonov-Barki, Beker and Ruppin, 2001]). Four of these sensors en-code the presence of a resource (food or poison, without distinction between the two),a wall, or an empty cell in the cell the agent occupies and in the three cells directly infront of it. The �fth sensor is a \smell" sensor which can di�erentiate between foodand poison underneath the agent, but gives a random reading if the agent is in an11
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Figure 1: An outline of the grid arena and the agent's neurocontroller. For illustrationpurposes 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 itsorientation. The T-shape marking in front of the agent denote grid cells which itsenses. The output neurons control four motors: move forward, turn left or right,and open mouth. Eating can take place only when the agent stands still and itsmouth is open. Output neurons and interneurons are fully connected to each other.
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empty cell. In some simulations agents were equipped with an extra position sensorreturning the location ((x; y) coordinates) of the agent in the arena. Four out of theinternal neurons are motor neurons. They initiate movement forward, a turn left orright, and control the state of the mouth { open or closed (see caption). In eachstep a sensory reading occurs, network activity is then updated (network updatingis synchronous), and a motor action is taken according to the resulting activity inthe designated output neurons. Importantly, eating only takes place if the agent isneither moving nor turning. Thus, eating is a costly process requiring a time stepwith no other movement, in a lifetime of limited time steps. The task is especiallydiÆcult when the position sensor is not provided, because only partial and local sen-sory information about the environment is available to the agent. Thus navigatingto the foodzone must rely only on the local environment and not on global positioncues. As shown previously ([Aharonov-Barki, Beker and Ruppin, 2001]), algorithmsemploying no memory are quite poor in this task.In [Aharonov-Barki, Beker and Ruppin, 2001] two types of agents were studied: anSP-type agent possessing both a somatosensor and a position sensor, and an S-typeagent possessing a somatosensor only. For both types of agents the most successfulstrategy relied upon a switch between two behavioral modes { exploration and grazing.The exploration mode consists of moving in straight lines, ignoring resources in thesensory �eld which are not directly under or in front of the agent, and turning atwalls. The grazing mode, on the other hand, consists of turning to resources to theright or left in order to examine them, turning at walls, and maintaining the agent'slocation on the grid in a relatively small, restricted region. In both modes the agentconsumes food items that it �nds. The exploration mode is mostly observed whenthe agent is out of the food zone, allowing it to explore the environment and �nd thefood zone. Inside the food zone, however, the agents almost always display grazingbehavior, which results in eÆcient consumption of food.13



Examining the networks of successful agents equipped with a position sensor (SP-type) has revealed an important common feature [Aharonov-Barki, Beker and Ruppin,2001]: certain interneurons have a position-sensitive response. One of these neuronstypically �res outside the food zone and remains quiescent inside the food zone andin its close vicinity. Clamping this \position-sensitive cell" and measuring the behav-ioral mode of the agent has revealed that it acts as a command neuron. When thiscommand neuron is active the agent assumes an exploration behavior, regardless ofwhere it is in the environment, whereas clamping it to a silent state results in grazingbehavior. Thus, the place-dependent activity map of the command neuron serves asan accurate predictor of the agent's behavior; where the map values are low the agentwill graze, and where they are high it will explore. In the following sections we applythe FCA to one such agent, whose network consists of 10 neurons (SP10).Similar to the SP case, also in agents possessing only the somatosensor, and lackinga position sensor (S-type), at least one neuron whose activity is place-dependent wasidenti�ed. We study such agents in subsequent sections, one whose network consistsof 22 neurons (S22), and another with a 10 neuron network (S10). These commandneurons emerge even though no explicit information about location is available toS-type agents. Moreover, their activity is not locked to the absolute position in thearena, but rather to the location of the food zone, which may vary at di�erent exper-iments [Aharonov-Barki, Beker and Ruppin, 2001]. Aharonov et. al. have previouslydemonstrated that this computational ability is based on a spontaneously emergingstochastic memory mechanism. The \knowledge" of location is actually a form ofmemory of the time elapsed since the last eating event [Aharonov-Barki, Beker andRuppin, 2001]. As will become clear from the analysis below, this memory mechanismrelies on feedback from the motor neurons, supplying information about eating eventsof the agent.As discussed above, the FCA approach requires a well de�ned quantitative mea-14



sure for performance on each task analyzed. We consider three tasks throughout thework. First, the general survival task of maximizing �tness as de�ned above. Further,we consider two subtasks which correspond to the two emergent behaviors of success-ful agents, exploration and grazing. Exploration performance, pe, is measured byrandomly placing the agent in the arena and measuring the number of steps t elapsedbefore the agent reaches the food zone for the �rst time. If the agent fails to reachthe food zone in less than 1000 steps, t is set to 1000. The exploration performanceis computed bype = T � tT � �b=St=T ; (4)where �b is the number of poison items consumed before reaching the food zone,S = 30 is the total number of food items in the arena, and T = 150 is the originalnumber of steps in an epoch. The �rst term is concerned with the speed of reachingthe food zone, and becomes negative for t > T . The second term penalizes poisonconsumption which should be avoided in any behavioral mode, and is normalized tobe consistent with the general performance normalization. Grazing performance, pg,is measured by placing the agent in the arena for T time steps. Denote by s the totalnumber of food sources eaten, and by �a the number of poison items consumed afterreaching the food zone for the �rst time, then,pg = (s� �a)=S(T � t)=T ; (5)where t is measured as before. The numerator is consistent with the general perfor-mance normalization, and the denominator normalizes by the time spent inside thefood zone.
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3.2 Selecting The Lesioning MethodAn important determinant of a lesioning analysis is the manner in which the lesioningitself is performed. We have studied two main lesioning methods, biological lesioningand stochastic lesioning. Biological lesioning refers to the classical method employedin most neuroscience lesioning experiments, where the lesioned component is ablatedor cooled, i.e., completely silenced. In our model, accordingly, in biological lesioninga lesioned neuron is deactivated completely by cutting all its output connections tothe rest of the network. In contrast, Stochastic lesioning is performed by making the�ring pattern of the lesioned component random rather than by completely silencingits output. That is, at every time step a lesioned neuron �res with probability equalto its overall mean �ring rate in normal behavior, independent of its input �eld. Thisensures that the lesioning does not e�ect the mean �eld of other neurons, a�ectingonly the information content received from the lesioned neuron1. In both methods,when lesioning motor neurons, we do not alter the activity transmitted to the motorsthemselves. This enables us to isolate the role of the motor units in the computationof the recurrent controller networks (i.e. their contribution to other neurons), withoutcompletely immobilizing the agent.Before advancing to study the FCA in depth as described further on in this paper,we ran a few experiments to gauge the accuracy of FCA analysis obtained with bothlesioning methods. Figure 2A compares the test MSE obtained by the FCA on thecontroller of agent S10 in the general, grazing and exploration tasks discussed insection 3.1, once employing biological lesioning (black bars) and once using stochasticlesioning (light bars). As is evident, the MSE obtained from biological lesioningis signi�cantly poorer than that obtained when using stochastic lesioning. Indeed,as panels B and C demonstrate, the contribution values of the neurons computed1Similarly, in the synaptic analysis, a lesioned synapse transmits a stochastic version of thepre-synaptic activity. 16
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Figure 2: Comparison of biological and stochastic lesioning A: MSE obtained bythe biological versus stochastic lesioning for agent S10 in the general, grazing andexploration tasks. B,C: Contribution values obtained using biological lesioning (B)and stochastic lesioning (C) for agent S10 in the general �tness task.by both lesioning methods di�er, showing that the poorer prediction capability ofbiological lesioning stems from a real di�erence in the signi�cance assigned to thesystem elements.These results testify to the crucial importance of selecting the lesioning method.Speci�cally, they demonstrate that the classical ablation (biological) lesioning con-ventionally used in animal lesioning experiments might be questionable. A possibleexplanation for this phenomenon is that when a neuron is silenced it transfers otherunlesioned neurons into a regime in which they cannot \�re" as their mean �eld isfar below threshold. Thus, the e�ective part of the network which is lesioned is muchlarger than what was intended, and considered \lesioned" by the FCA. This results ina situation where lesions percolate to other network elements, disabling and isolatingspeci�c elements, and creating dispersed e�ective lesions. Stochastic lesioning alsospreads the damage from lesioned neurons to neighboring neurons, but to a muchlesser extent. As a result, biological lesioning is much more diÆcult to analyze, be-cause the di�erence between the direct lesioning con�guration used by the FCA andthe e�ective one is much larger, causing FCA-like algorithms to be erratic and less17



accurate.Biological lesioning is hence not �t for accurate lesion analysis (at least, in theFCA framework, which is fairly general and employs multi-unit lesions) even in verysimple neurocontrollers. In view of these results, we have chosen to employ stochasticlesioning in the rest of the paper. This method is de�nitely superior for the analysisof animat agents. We shall return to discuss these two lesioning methods from aneuroscience perspective in section 6.3.3 FCA of Agents' PerformanceWe consider �rst the performance obtained in the general task, i.e., maximizing �tnessby consuming food and avoiding poison. We study the three agents described insection 3.1, the two S-type agents (S10 and S22) and the SP-type agent (SP10). Weapply the FCA to these neurocontrollers by performing lesioning experiments andtesting the performance levels of the agents. For each agent, a small training set waschosen using the adaptive algorithm (section 2.2) or a random selection, and the FCAwas applied 10 times (section 3.2). The result of the FCA is the contribution vector cand the performance prediction function f . The prediction capability of the FCA ismeasured by computing the MSE on a test set consisting of all 210 con�gurations inS10 and SP10, and of 30,000 random con�gurations in S222. The normalized MSE onthese test sets were all below 0.07, demonstrating that the FCA succeeded in �ndinga pair fc; fg, which brings the error in Eq. 2 to a very low value even when trainedon a very limited subset of the 2N con�guration space.Figures 3A, 3C and 3D depict the contribution vectors computed for the threeagents. Each sub-�gure depicts the mean and standard deviation of the contributionsof the di�erent neurons of the agent, over the 10 runs of the FCA. Importantly, the2Since obtaining the full 222 con�guration set is impossible, we chose a large enough set suchthat almost any randomly chosen set of that size results in practically the same error.18
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Figure 3: Contribution values of the agents' neurons. The mean and standard de-viation of the contribution values computed by the FCA are plotted in each panel(vertical axis). A. Agent S10. FCA trained on 45 lesioning examples obtained bythe Adaptive Lesioning algorithm. B. The corresponding ten performance predictionfunctions. The x-axis is m � c, y-axis is the predicted performance f(m � c) (Eq. 1).C. Agent SP10. FCA trained on 45 lesioning examples obtained by the AdaptiveLesioning algorithm. D. Agent S22. FCA trained on 99 random lesioning examples.The inset in panels A,C and D depicts one performance prediction function. Neurons1-4 (on the horizontal axis) are the motor neurons (see Fig. 1).FCA converges to similar minima of the error in all runs, yielding consistent mea-sures of the contributions. As expected from previous receptive �eld analysis of theagents [Aharonov-Barki, Beker and Ruppin, 2001], we �nd that the command neu-rons (neuron 5 in S10, neuron 6 in SP10, and neuron 8 in S22) receive signi�cantand positive contributions in all three agents. Interestingly, in the two S-type agents,some of the motor neurons (neurons 1 through 4) receive high contribution values,19



testifying to the importance of the recurrency from the output units3. This is consis-tent with the notion that the feedback from the motor units is required for signalingeating events, enabling the agents to switch to and remain in grazing mode. In SP10,where location information is available to the agent, this recurrent connection fromthe motor neurons is not signi�cant. The inset in each panel plots the performanceprediction function obtained by the FCA. All ten performance prediction functionslook similar (as can be seen for the case of S10, in Figure 3B), so one was chosen forclarity of exposition. The similar form of the prediction functions again testi�es tothe convergence of the FCA to similar minima of the prediction error.3.4 Comparison to the Single Lesion ApproachAn important aspect of the FCA is the integration of information obtained frommultiple lesions, going beyond the limited information available in single lesions alone.Here, we compare the FCA approach to the single lesion approach using the evolvedagents. To study the signi�cance of using multiple lesions, we compute the nullhypothesis, i.e. we calculate the contribution values relying only on the performancelevels obtained when single units are lesioned. The contribution of neuron i is takento be the decrease in the performance due to lesioning that neuron alone, normalizedas before4. The black bars in Figure 4(A) depict the contributions computed fromsingle lesions for the general performance of agent S10. The light bars describe thecontributions computed by the FCA, using all possible lesioning con�gurations. Asevident, the contributions assigned by the FCA di�er signi�cantly from those obtainedwith knowledge of single lesion results.3Recall that under lesioning, the motor actions governed by an output neuron are kept intact,and only the information transfer to the rest of the network is disturbed.4ci = (1� pi)=(PNi=1 j1� pij), where pi denotes the performance when neuron i is lesioned alone.
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Figure 4: Comparison between the single lesion approach and the FCA on agent S10.A: Contribution values obtained by the two methods. B: Predicted versus actualperformance on the test set using single lesions information. C: Predicted versusactual performance on the test set using the FCA.Do the contribution values computed by the FCA using multiple lesions describethe system more accurately than those inferred from single lesions? The obviouscriterion is the prediction ability. In principle, the single lesion approach implies alinear prediction function, which would lead to very inaccurate performance predic-tions. Thus, to obtain a fair comparison, we take the contribution vector found bythe single lesion analysis, and optimally �t its corresponding prediction function tothe test set. This ensures that any di�erence in prediction capabilities stems froma di�erence in the contributions themselves. Panels B and C of Figure 4 comparethe predicted versus actual performance, using single lesions (B) and the FCA (C).Clearly, single lesions do not reveal the true contributions of the neurons, testifying21



to the existence of some form of interaction between the e�ects of the di�erent unitson the network function.Figure 5 compares the test MSE obtained for several agents and tasks using singlelesion information (black bars) and using the FCA derived contributions (light bars).These results demonstrate again that in some agents and tasks complex interactionsexist, yielding suboptimal contributions when considering only single lesions. Theinformation from multiple lesions in such networks is indeed essential for revealing thetrue contributions of the network elements. The more complex, possibly non-linearinteractions are modeled well by the FCA, because although being a linear model,it is generalized by the non-linear prediction function5. However, obviously manyforms of interactions cannot be modeled with the basic FCA. A classical exampleof such an interaction was given by Sprague in the neuroscience literature [Sprague,1966], showing that de�cits in orienting towards a stimulus, resulting from largecortical visual lesions, can be reversed through additional removal of contralateralareas. This has been known as the Sprague e�ect, or paradoxical lesioning [Hilgetag,Lomber and Payne, 2000; Lomber and Payne, 2001]. To address these challenges wehave generalized the FCA to include high-dimensional context-dependent interactions.This non-linear generalization is based on the usage of compound elements, which arespeci�c combinations of a few simple elements. A preliminary discussion of the high-dimensional FCA appears in [Segev, Aharonov, Meilijson and Ruppin, 2002], and amore thorough treatment will be given in a separate paper. Note that for agent SP10,single lesion information suÆces to achieve very accurate contributions, testifying tothe simpler functional organization of the network6.5A simple example of such non-linear interactions is a two unit system which functions per-fectly unless both units are lesioned. The basic FCA models such a case by assigning both units acontribution value of 0.5, with f(0) = 0 and f(0:5) = f(1) = 1.6However, it still may be that localization of a speci�c task in this agent requires an FCA analysis.
22
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Figure 5: Comparison of MSE obtained by the single lesion approach and the FCA.Train and test sets are the full 210 con�guration set for S10 and SP10. For S22, thetraining set is a 5,000 con�guration set, and the test set consists of 20,000 con�gura-tions. All predictions used an optimally �tted prediction function to the test set (seetext). In most tasks the standard deviation of the MSE is too small to be seen.4 Localization of Several TasksIn the previous section we have discussed the results of applying the FCA to theoverall performance measure of the agent, its �tness. We showed how the FCA canbe used to �nd the contribution of each neuron to the task of maximizing the �tness.However, as discussed in section 3.1, the EAAs perform two additional subtasks {grazing and exploration. In this section, we show how the FCA can be used tolocalize these tasks in parallel.Consider an agent with a neurocontroller network of interconnected neurons thatperforms a set of K di�erent functional tasks. Addressing the question of whichelements contribute to which tasks, it is natural to think in terms of a contributionmatrix, where Cik is the contribution of element i to task k, as shown in Figure 6.The elements studied may be neurons, synapses or any higher-order module.As before, the data analyzed for computing the contribution matrix is gathered by23
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CN1...C21C11Task 1
CN2...C22C12Task 2
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� � �

CNK...C2KC1KTask K ! S2#L1Figure 6: The Contribution Matrix. The network consists ofN elements and performsK di�erent functional tasks. The entry Cik is the contribution of element i to task k.in
icting a series of multiple lesions onto the agent's neurocontroller network. Undereach lesion, the resulting performance of the agent in di�erent tasks is measured.Given this data, the FCA �nds the contribution values Cik that provide the bestperformance prediction on average for all possible multi-site lesions (the kth columnof the matrix is the contribution vector of task k as described in section 2). Followingthe spirit of [Lashley, 1929], the localization Lk of task k can now be de�ned as adeviation from equipotentiality along column k (e.g., L1 in Figure 6), and similarly,Si, the specialization of neuron i is the deviation from equipotentiality along row i ofthe matrix (e.g., S2 in Figure 6).More formally, Lk is the standard deviation of column k of the contribution matrixdivided by the maximal possible standard deviation,Lk = std(C�k)p(N � 1)=N2 : (6)Note that Lk is in the range [0; 1] where Lk = 0 indicates full distribution and Lk = 1indicates localization of the task to one neuron alone. Similarly, if neuron i is highlyspecialized for a certain task, Ci� will deviate strongly from a uniform distribution,
24



and thus we de�ne Si, the specialization of neuron i, as
Si = 8>>>><>>>>: 2 � std(jCi�j) if the number of tasks, K, is even2�std(jCi�j)p(K2�1)=K2 otherwise: (7)

Note that Si uses the absolute value of the contributions to re
ect the intuition thatthe specialization of the unit is determined more by the magnitude of its contributionthan by its sign. Again, Si = 1 indicates maximal specialization of neuron i. Wenote, however, that in principle other measures can be de�ned. The important pointis that the contribution matrix enables one to de�ne such quantitative measures tocapture qualitative notions.We concentrate on one agent (S10), and consider the two tasks which correspondto the two emergent behaviors of successful agents, exploration and grazing as de�nedin section 3.1. The FCA is performed separately for each task yielding a contributionvector and a prediction function for the task. Figure 7 depicts the contributionvalues computed by the FCA for the two tasks. As evident, the localization of thetwo tasks within the network di�ers quite considerably. Notably, neuron 10 which isan interneuron, contributes positively to grazing behavior, but hinders exploration.A B
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Figure 7: Contribution values for Grazing and Exploration. A: Grazing task. B: Ex-ploration task. 25



Given these data, we can now construct the contribution matrix of the agent, de-picted in Table 1, along with the measures of localization and specialization computedfrom it. Since the size of the evolved neurocontrollers was set arbitrarily, there area number of neurons which do not participate in any task the agent performs, andhence the e�ective size of the network, considering only neurons with non-vanishingcontributions, is smaller. This should be taken into account when considering tasklocalization in the network. Thus, the e�ective localization ~Lk of the di�erent tasksperformed by the agent (Table 1), is computed only on the non-vanishing neurons(neurons 1,2,3,5 and 10 in this agent), after normalizing the sum of their absolutevalues of contributions to 1. In this agent, exploration is more localized than graz-ing. Note that even though interneuron 10 has contribution values of similar absolutemagnitude as neuron 5, its specialization is double that of the latter, as it contributespositively to grazing behavior while actually hindering exploration.N Grazing Exploration Si1 0.1696 0.5034 0.33382 0.2916 0.2344 0.05713 0.0878 0.1324 0.04454 0.0000 0.0000 0.00005 0.2228 0.0740 0.14886 0.0015 0.0006 0.00097 -0.0001 0.0001 0.00028 0.0007 0.0001 0.00069 0.0001 0.0001 0.000110 0.2257 -0.0547 0.2804Lk 0.3684 0.5323~Lk 0.1698 0.4691Table 1: Localization and specialization in agent S10. Each entry to the table is thecontribution of the corresponding neuron to each of the two subtasks { grazing andexploration. The internal part of the table is thus the contribution matrix (see Fig. 6)of agent S10. The localization, Lk, e�ective localization, ~Lk, and specialization, Si,are displayed for each task and neuron. 26



5 Synaptic AnalysisThe FCA is not limited to a speci�c level of analysis, and thus the same networkcan be studied concomitantly on the neuronal and synaptic level. In this section weapply the FCA to agent S10 analyzed above, to determine the contribution valuesof its synapses, and hence, the underlying structure of its synaptic network. Theneuronal analysis presented above revealed that �ve out of the ten neurons are sig-ni�cant. Thus, as a �rst step we consider a reduced network consisting of only thesigni�cant neurons and their synapses. Recall, however, that insigni�cance of a mo-tor neuron testi�es only to the insigni�cance of its outgoing synapses, and not tothe insigni�cance of its activity insofar as it controls the motor. Thus, the reducednetwork of agent S10 contains the six indispensable neurons (the four motor neurons,neuron 5 and neuron 10), and all the synapses connecting them (excluding the outgo-ing synapses from neuron 4, which has a vanishing contribution value). The reducednetwork has a total of 30 synapses7. The agent driven by this reduced network stillattains a very high level of performance, 0.36, which is 90% of the performance ob-tained by the original agent, driven by the fully connected intact neurocontroller. Thenext step is to use the FCA to �nd the backbone of the network, i.e., the signi�cantsynapses within the reduced neurocontroller.Applying the FCA for this synaptic analysis, with a training set consisting of2000 randomly chosen con�gurations, the normalized MSE on a randomly chosentest set of 20000 con�gurations is 0.05. The training set is extremely small relativeto the full con�guration space (230 con�gurations). Nevertheless, the FCA managedto reach a fairly low test error, testifying to the potential scalability of the method.Figure 8A depicts the synaptic contribution values obtained by the FCA. The right7We consider here only the internal network and not the synapses coming from input neurons,as lesioning those synapses causes a degree of damage which basically causes a total malfunctioningof the agent. 27
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Figure 8: Comparison of synaptic contributions computed by the FCA and the synap-tic weights. A: The FCA computed contributions of the synapses and neurons (rightrow) of the reduced network. B: The weights of the reduced network synapses, nor-malized such that the sum of the absolute values of these weights is 1. Neurons 1, 2,3, 5 and 10 are recurrently connected. Neuron 4 is the motor neuron (controlling themouth) whose outgoing synapses are insigni�cant.
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part of the �gure (marked \Neuron") depicts the contribution values of the neuronsof the agent S10, as computed by the FCA on the neuronal level. Figure 8B depictsthe weight values of the agent's neurocontroller, normalized such that the sum ofthe absolute values of the synaptic weights is 1, also accompanied by the neuronalcontributions computed by the FCA. Evidently, the network structure emerging fromconsidering the synaptic contributions (panel A) di�ers quite signi�cantly from thatinferred directly from the synaptic weights (panel B) (correlation of 0.31).Is the synaptic signi�cance obtained by the FCA more accurate than that derivedfrom the raw synaptic weights themselves? To answer this question we lesion thesynapses incrementally and measure the deterioration of the agent's performance.Figure 9 depicts the performance of the agent as a function of the number of lesionedsynapses for three methods of incremental lesioning starting from the intact reducednetwork of the 30 internal synapses. In the �rst lesioning experiment we use thesynaptic contribution values computed by the FCA and lesion by ascending order ofsigni�cance. The graph depicts the mean and standard deviation using contributionvalues from ten di�erent FCA runs. In the second lesioning experiment we use theabsolute weight as a measure of importance and lesion by ascending order of theabsolute value of the weights. In the third experiment we lesion incrementally bychoosing the next synapse to be lesioned randomly. The graph depicts the mean andstandard deviation of 100 such choices.As evident, the FCA is much better at identifying the signi�cant synapses of thenetwork. For example, leaving only 15 synapse in the entire internal network, i.e. 15%of the total internal network and 50% of the reduced network, salvages 80% of theoriginal performance level. In contrast, using the weights as a signi�cance measureto choose the 15 important synapses leaves only 50% of the original performance8.8Using the actual weight value and not the absolute value achieves even lower performance onall levels of synaptic lesioning. 29



Not surprising, choosing 15 synapses randomly completely destroys the agent's per-formance. In summary, the FCA proves very reliable in identifying the signi�cantnetwork backbone and can be used to select synapses for pruning a neural network.
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Figure 9: Agent performance as a function of lesioning degree. Performance of agentS10 as a function of the number of synapses lesioned, for three di�erent methods ofincremental synaptic pruning. The performance is given relative to the performanceof the original fully intact network. All methods start from the reduced network con-sisting of 30 synapses, i.e. 70 internal synapses lesioned. By contribution: For each often FCA runs, synapses are incrementally lesioned by ascending order of their con-tribution value. Line depicts mean and standard deviation of measured performancelevels over the ten runs. By absolute weight: Performance levels following lesioning byascending order of absolute synaptic weights. Random: Mean and standard deviationof performance levels over 100 random orders of synaptic lesions.Using the FCA computed synaptic contributions, a minimal e�ective connectivitycan be inferred, to simplify the analysis of the network. This is especially importantfor fully recurrent networks where understanding the structure becomes a dauntingtask. Looking at Fig 8A, one observes that there are nine synapses with relativelylarge contribution values, compared to the rest. Figure 10A depicts the network30
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Figure 10: Network backbone. A. The nine synapses of the internal network with thelargest contribution values. B. Similarly for the largest synaptic weights (by absolutevalue). Dashed lines denote negative values. The thickness of the lines scale withtheir absolute value, and are normalized to have the same sum in each panel.formed by these nine largest synaptic contributions, and correspondingly Fig 10Bdepicts the nine synapses with largest weight values (in absolute value). Althoughpart of the resulting backbone is similar, there are two important di�erences. First,although the synaptic weights imply that the connections into neuron 4 are important,the FCA correctly reveals that this is not the case. Second, the FCA analysis clearlyshows the central role of the command neuron (neuron 5), a feature of the networkmuch less apparent when considering the synaptic strengths. The functional role ofthe command neuron in these networks has been studied in detail in [Aharonov-Barki,Beker and Ruppin, 2001]. Examining the network backbone of Figure 10A one canpostulate that the synapse from neuron 1 (forward step) to neuron 2 (left turn) isresponsible for the move and turn behavior observed in grazing mode. Moreover, thesynapses from the turn motor neurons (2 and 3) to the command neuron (neuron 5)is clearly important, as expected from previous analysis.As discussed above the network functional connectivity emerging from the FCAanalysis is more accurate in terms of being able to predict the network performance.31



Note, that although only nine synapses receive a high contribution value (Figure 8),the performance of the network with only these synapses intact is still rather low(Figure 9). This is because other synapses are important in certain combinations,improving the performance if they are intact9. However, the nine high contributionsynapses are strongly bene�cial in many lesioning con�gurations, and are hence pickedup by the basic FCA.6 DiscussionThis paper presents a functional contribution analysis that addresses the fundamentalchallenge of localization of function in neural networks. The FCA is based on theassignment of contribution values to the basic elements of the network, such that theability to predict the network's performance in response to multi-lesions is maximized.The algorithm is thoroughly examined in an EAA environment. The results showntestify that:� In the recurrent yet simple EAA neurocontrollers studied here, the basic ver-sion of the FCA suÆces to portray a stable set of contributions and yield fairlyaccurate multi-lesion predictions. These are signi�cantly better than those ob-tained with a single lesion analysis method. The FCA may be eÆciently trainedon a relatively small subset of all possible multi-lesion con�gurations. It canbe used to localize several subtasks that the agent performs, and compute thecorresponding localization and specialization indices.� FCA analysis on the synaptic level testi�es to the potential scalability of theapproach for larger systems. It also presents an important method for synapticpruning and visualizing the e�ective \backbone" of the network architecture.9High-dimensional FCA is necessary to reveal these combinations.32



These results should be viewed as an encouraging but �rst step in the attemptof understanding neural information processing in neural systems. Several importantissues and limitations of the current FCA arise subsequently to this work, and de-serve considerable attention in the future. First and foremost, the accurate analysisof complex networks requires high-dimensional descriptions involving compound el-ements that are composed of several basic units (neurons or synapses) that interacttogether. Such high-dimensional analysis is essential, for example, for an accurateaccount of subnetworks displaying the \paradoxical lesioning" e�ect. Second, theFCA makes one think about the \correct" or \best" way to perform the lesions inthe network. Our results indicate that the conventional way of lesioning currentlyemployed in neuroscience, that is, completely silencing the lesioned unit(s), is essen-tially inadequate for general multi-lesion studies. In this study we have focused onstochastic lesioning, but is it the best one possible? Lastly, the FCA provides impor-tant and useful information about function localization and the true e�ective networksize, but it does not otherwise advance our understanding of how neural informationprocessing takes place. The way in which information is represented, encoded andmanipulated on the neural, assembly and network levels, remains an open question.The FCA has potential signi�cance beyond the scope of EAAs. Multi-lesion anal-ysis algorithms like the FCA will become an essential tool in neuroscience for theanalysis of reversible inactivation experiments, combining reversible neural coolingdeactivation with behavioral testing of animals. These methods alleviate many ofthe problematic aspects of the classical single lesioning technique (ablation), enablingthe acquisition of reliable data from multiple lesions of di�erent con�gurations (fora review see [Lomber, 1999]). If the underlying network of brain regions studied issimple enough, then perhaps the \biological" ablation method of lesioning currentlyemployed in these experiments will suÆce. However, our study suggests that if thesenetworks are more complex, ablation lesions may result in excessive perturbations of33



the system and fail to reveal its normal operation (the problematic nature of analyz-ing lesioning data due to this excessive lesioning has also been discussed in [Young,Hilgetag and Scannell, 2000]). If that will turn out to be the case, then other lesioningmethods that cause smaller perturbations (much alike stochastic lesioning) should beemployed.FCA-like algorithms could also be used for the analysis of transcranial magneticstimulation studies which aim to induce multiple transient lesions and study theircognitive e�ects (see [Walsh and Cowey, 2000] for a review). They could also possiblybe used for studying the functional eÆcacy of synaptic projections on di�erent com-ponents of the neuronal dendritic tree, in parallel to recent studies examining thisquestion with other methods [London, Shribman, Hausser, Larkum and Segev, 2002].In both cases, stochastic lesioning may prove to be the preferred lesioning method em-ployed both experimentally and in the FCA analysis. Another potentially interestingapplication is the analysis of functional imaging data. One direction is to assess thecontributions of each element to others, i.e., extending previous network's e�ectiveconnectivity studies employing linear models (e.g., [Friston, Frith and Frackowiak,1993]) with high-dimensional FCA. The second direction involves the application ofthe FCA to the meta-analysis of functional imaging data. This will require develop-ment and study of a continuous version of the current binary FCA representations,where results of various activation studies of similar tasks are viewed as di�erent\multiple-lesion" probes of the task in hand.Finally, the FCA studied in this paper has focused on studying each task sep-arately, and then assembling this information and presenting it in a contributionmatrix. The latter, however, could serve as an object of further elaborate analysisbeyond the computation of localization/specialization indices. This analysis couldinvolve a singular value decomposition of the contribution matrix, reducing it to alower dimension and revealing possible hidden similarities in the localization of di�er-34
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