Submitted to SAB 961Toward the Evolution of Dynamical Neural Networksfor Minimally Cognitive BehaviorRandall D. BeerSanta Fe Institute1399 Hyde Park Rd.Santa Fe, NM 87501beer@santafe.eduDept. of Computer Engineering and Scienceand Dept. of BiologyCase Western Reserve UniversityCleveland, OH 44106beer@alpha.ces.cwru.eduAbstractCurrent debates regarding the possible cognitiveimplications of ideas from dynamical systems the-ory and adaptive behavior research would benefitgreatly from a careful study of simple model agentsthat exhibit minimally cognitive behavior. Thispaper describes one such agent, and presents the re-sults of preliminary experiments on the evolutionof dynamical neural networks for visually-guidedorientation, object discrimination and accuratepointing with a simple manipulator to objects ap-pearing in its field of view.1IntroductionMany of the key ideas emphasized in adaptivebehavior research are beginning to have a sig-nificant impact on cognitive science. Forexample, adaptive behavior research in general,and the dynamical perspective on adaptive be-havior that is often taken in such research inparticular, have begun to significantly influencethe growing debates concerning the nature andnecessity of notions of representation and com-putation in explaining cognitive behavior(Brooks, 1991; Clark & Toribio, 1994; Beer,1995b; Port & van Gelder, 1995). Likewise, theimportant roles played by an agent�s body andits environment in the generation of its behavior,long emphasized in adaptive behavior research,parallel a renewed concern for embodiment andsituatedness in cognitive science (Suchman,1987; Lakoff, 1987; Damasio, 1994; Haugeland,1995; Hutchins, 1995). The sorts of decentral-ized and distributed control mechanisms that areutilized in adaptive behavior research are alsostrongly reminiscent of the picture of humanbrain activity that is emerging from neuroana-tomical and brain imaging studies in cognitiveneuroscience (Posner & Raichle, 1994; Gazza-niga, 1995), as well as from more detailed studiesof invertebrate nervous systems (Altman & Kien,1989). Finally, dynamical and adaptive behaviorideas are beginning to significantly impact workin developmental psychology (Rutkowska, 1994;Thelan & Smith, 1994).Despite this widespread impact on cognitivescience, most of the empirical work in adaptivebehavior research to date has focused on rela-tively simple sensorimotor behavior, such asobstacle avoidance and wall following. Whilethere are clear advantages to this strategy, andmuch is still not understood about the design andanalysis of even these simple behaviors, it is un-fortunate that so much of the discussionconcerning the cognitive implications of adaptivebehavior ideas is being carried out in the absenceof concrete models. For example, current debateon the role of representation in cognition ismostly occurring at a philosophical level, withintuition and analogy rather than the carefulstudy of concrete models leading the way. Butone of the major advantages of the adaptive be-havior approach is that, by grounding an agent�sbehavior in an environment and making farfewer a priori assumptions about the necessarydesign of its internal control mechanisms, thisapproach provides a much broader intellectualplaying field on which to explore these issuesthrough the development and analysis of con-crete models.My own recent work in this area has focusedon the use of evolutionary algorithms to evolvedynamical neural networks for controlling thebehavior of model agents and then analyzing thedynamics of the resulting agent-environmentsystems. Here, an agent�s nervous system isviewed not as an information processing system,but rather as a dynamical system which, in con-junction with the dynamics of the agent�s bodyand its environment, is capable of producing ef-fective behavior in that environment. To date,this approach has been successfully applied tochemotaxis, legged locomotion, sequential be-havior and learning (Beer & Gallagher, 1992;

2Yamauchi & Beer, 1994). The principal motiva-tion behind this work has been the developmentand analysis of simpler idealized models ofadaptive behavior for the purpose of elucidatingthe essential principles of a dynamical theory ofadaptive behavior. To this end, dynamical analy-ses have been performed on many of theseevolved circuits, and a preliminary theoreticalframework for adaptive behavior has been pro-posed (Beer, 1995a; Beer, 1995b).The goal of the work described in this paper isto begin to explore the applicability of this ap-proach to the design and analysis of morecognitive behavior. Section 2 describes a visu-ally-guided agent whose capabilities are bothrich enough to begin to explore cognitive be-havior yet simple enough to be tractable toevolution and analysis. The particular neuralnetwork model and evolutionary algorithm usedhere are described in Section 3. Sections 4-6describe the results of preliminary experimentsin the evolution of dynamical neural networksfor visually-guided orientation, object discrimi-nation and accurate pointing, respectively.Finally, related work is briefly discussed in Sec-tion 7 and Section 8 summarizes the results ofthis paper and suggests some directions for fu-ture research.2A Visually-Guided AgentWhat sorts of agents and behaviors should weattempt to study? On the one hand, the capabili-ties and behavior of the model agents that westudy must be rich enough to be cognitively in-teresting, so that they raise the sorts of issues thatwe would like to explore. For example, if wewish to explore the nature and necessity of thenotion of representation in cognitive behavior,then we must examine tasks that are sufficiently�representation-hungry� (Clark & Toribio,1994). On the other hand, these model agentsmust be simple enough to be computationallyand analytically tractable, so that we have somehope of evolving and analyzing them usingtechniques that are at most an incremental stepbeyond what is currently known to be feasible.Generally speaking, visually-guided behaviorprovides an excellent arena in which to explorethe cognitive implications of dynamical andadaptive behavior ideas. Visually-guided be-havior includes such phenomena as visualorientation, object perception and discrimination,visual attention, perception of self-motion, ob-ject-oriented action, and visually-guided motionand manipulation. However, despite this com-plexity and richness, significant progress onunderstanding the processes and neural archi-tectures underlying visually-guided behavior isbeginning to be made in cognitive neuroscience(Posner & Raichle, 1994; Gazzaniga, 1995).Furthermore, a relatively simple model agent canbe designed that supports simplified versions ofall of these phenomena.The model agent is illustrated in Figure 1.This two-dimensional agent possesses an �eye�consisting of a foveated array of distance sensors,two �motors� that produce 2D movement of theentire body, and a simple transparent 2 degree-of-freedom �arm� and opaque 1 degree-of-freedom �hand� for manipulating objects.Note that the intent here is not to model in anydepth the particular visually-guided behavior ofany real animal or robot. Rather, the goal is toexplore the space of possible dynamical organi-zations of agents that engage in minimallycognitive behavior. Thus, there is no particularneed to strive for physical realism in these ex-periments. For example, the agent�s �vision� iscertainly not intended as a serious model of theactual physics of light or photoreception. How-ever, it does raise similar issues in the perceptionof objects using a spatially-structured array ofdistal sensors. Likewise, while the agent�s handdoes not realistically model the limbs of anyanimal or robot, it does raise some of the sameissues in the visual control of manipulation.Given its sensory and motor capabilities, whatsorts of cognitively interesting behavior might

Figure 1: Basic design of a visually-guided agent.

3this agent engage in? This agent c o u l d p e r c e i v e the two-dimensional structure of objects and o r - ganize its b e h a v i o r in a c c o r d a n c e with t h e i r shapes (e.g., orienting to a novel object and d i s - c r i m i n a t i n g one object f r o m a n o t h e r ) . It c o u l d navigate around obstacles in two dimensions, de-ciding which gaps its b o d y can fit t h r o u g h a n d which it c a n n o t . It c o u l d also exhibit s i m p l e forms of object persistence ( e . g . , c o n t i n u i n g t o p u r s u e a goal object that is m o m e n t a r i l y o c - c l u d e d by a n o t h e r object). At a m o r e sophisticated level, selectively interacting w i t h one object f r o m a m o n g a set of objects raisesinteresting focus-of-attention issues. In a d d i t i o n , the fact that its h a n d is o p a q u e raises i n t e r e s t i n g issues in the discrimination of self f r o m n o n s e l f . This agent could also actively manipulate o b j e c t s in its e n v i r o n m e n t ( e . g . , b u i l d i n g simple s t r u c - tures out of the objects in its e n v i r o n m e n t ) . Finally, one c o u l d imagine g r o u p s of theseagents engaging in simple cooperative tasks, s u c h as tossing an object back and f o r t h . Thus, t h e b e h a v i o r of this agent is potentially of s o m e c o g n i t i v e interest.The r e m a i n d e r of this p a p e r describes t h r e e sets of experiments aimed at an initial e x p l o r a - tion of some of the simplest capabilities of t h e agent sketched a b o v e . Specifically, these e x - periments are designed to establish the basicsoundness and feasibility of the p r o p o s e d a g e n t , to explore how difficult it is to e v o l v e d y n a m i c a l neural network controllers for these tasks, and t o determine the neural architectures and e v o l u t i o n - ary a l g o r i t h m c o n f i g u r a t i o n s that are best s u i t e d to them.3MethodsIn all of the f o l l o w i n g e x p e r i m e n t s , the a g e n t has a circular b o d y with a diameter of 30 (in a n e n v i r o n m e n t of size 400 · 275), with an eye con-sisting of either 5 or 7 rays of m a x i m u m l e n g t h 2 2 0 u n i f o r m l y distributed over a visual angle o f p/6. An intersection between a ray and an o b j e c t causes an input to be injected into the c o r r e - s p o n d i n g s e n s o r y n e u r o n . The m a g n i t u d e of t h e injected input is inversely p r o p o r t i o n a l to t h e distance to the object. When rays are at t h e i r m a x i m u m length, no input is injected, while amaximum input of 10 is injected for rays of z e r o l e n g t h . The spatial resolution of the a g e n t� s eye is d e - termined by a n u m b e r of factors. R e s o l u t i o n obviously d e p e n d s on the n u m b e r of rays a n d the visual angle over which they are d i s t r i b u t e d . Resolution also clearly depends on how far awayan object is, since a more distant object will i n t e r - sect fewer rays. Finally, the spatial resolution o f the eye is very d e p e n d e n t on the values of t h e bias and gain parameters of the ray sensory n e u - rons. If the biases are too h i g h or too low,t h e n objects will give either a saturated response or n o response, respectively. If the gains are too low,each ray willshow very little d i f f e r e n c e in r e - sponse regardless of its length. If the gain is t o o high, each ray willessentially give a b i n a r y r e - sponse at a very narrow r a n g e of distances(which willmake the ray biases very difficult t o evolve). Whilethese issues willbe discussed i n greater detail in the p o i n t i n g experiments d e - scribed in Section 6, they are i m p o r t a n t to k e e p in mind for all of the experiments described i n this paper.The a g e n t� s behavior is c o n t r o l l e d by a c o n - t i n u o u s - t i m e r e c u r r e n t neural network witht h e following state equation:

t s q

iii jijjjijNy y w g y I i N

˙ ( ) , , = - + + ( ) + = =�1 1 K

where

y

is the state of each n e u r o n ,

t

is its t i m e c o n s t a n t ,

wji

is the strength of the c o n n e c t i o n from the j th to the ith neuron,

g

is a gain,

q

is abias term,

s ()/()x e x= + -1 1

is the standard l o - gistic activation f u n c t i o n , and

I

represents a n external input ( e . g . , f r o m a sensor). States w e r e initialized to 0 and circuits were integrated u s i n g the f o r w a r d Euler m e t h o d with an i n t e g r a t i o n step size of 0.1.The e v o l u t i o n a r y a l g o r i t h m used in the e x - periments described in this p a p e r is similar to av e r y simple e v o l u t i o n a r y strategy (B�ck &Schwefel, 1 9 9 3 ) . A p o p u l a t i o n of individuals ism a i n t a i n e d , with each i n d i v i d u a l e n c o d e d as avector of real numbers (representing the c o n n e c - tion weights

wji

, the biases

qi

and the t i m e constants

ti

,as wellas the gains

gi

of the r a y sensory neurons, with all other gains fixed to 1 ) . Initially, a r a n d o m p o p u l a t i o n of vectors is g e n - erated by initializing each c o m p o n e n t of e v e r y i n d i v i d u a l to r a n d o m values u n i f o r m l y d i s t r i b - uted over the r a n g e –1. Individuals are selectedfor reproduction using fitness proportional se-lection with linear fitness scaling with a fitnessscaling multiple of 2 (Goldberg, 1989). A se-lected parent is mutated by adding to it a randomdisplacement vector whose direction is uniformly

4distributed on the M -dimensional h y p e r s p h e r e ( K n u t h , 1 9 8 1 , p. 130) and whose magnitude is aGaussian random variable with 0 mean and v a r i - ance

s 2

. For each slot in the new p o p u l a t i o n , the child is chosen if its p e r f o r m a n c e is g r e a t e r than or equal to that of the parent, otherwise t h e parent is copied. All random numbers were g e n - erated using the r o u t i n e ran1 described in(Press et al, 1994, p. 280), which has a periodgreater than

108

 and uses a shuffling algorithmto remove low-order serial correlations.In the experiments described in this paper,search vector components were mapped to circuitparameters using linear maps from –1 to a givenrange of circuit parameter values. Unless other-wise stated, these circuit parameter ranges were asfollows: circuit biases ˛ [-5,5], time constants ˛[1,2], and connection weights ˛ [-5,5]. Becauseray sensor gain and bias ranges varied across ex-periments, they will be reported separately below.Gains were clipped to be greater than 0 and timeconstants were clipped to be greater than 1.4Orientation ExperimentsOne of the most basic capabilities required byany visually-guided agent is the ability to orientto a visual stimulus. In the first set of experi-ments to be described, agents were evolved thatcould use their vision to adjust their horizontalposition so as to catch falling objects (Figure 2). These agents had 5 rays. Their horizontal ve-locity was proportional to the sum of theopposing horizontal forces produced by eachmotor (with a constant of proportionality of 0.2).Circular objects with a diameter of 26 weredropped from the top of the environment with aninitial horizontal offset from the center of theagent in the range –70, a horizontal velocity inthe range –6, and a vertical velocity in the range[0.5,5].The performance measure to be maximizedwas:

200 1

=� d NumTrials i i NumTrials

where

d i

is the horizontal distance between thecenters of the object and the agent when theirleading edges meet on the ith trial, and NumTrialsis the total number of trials. In the first set of o r i e n t a t i o n experiments, b i - laterally symmetric feedforward networks with5ray sensory n e u r o n s and 2 m o t o r n e u r o n s wereevolved ( f o r a total of 8 parameters). All t i m e constants were fixed to 1. Ray sensor biases werein the range [-10,-5] and ray sensor gains were inthe r a n g e [1,5]. Populations of 25 individualswere evolved for 50 g e n e r a t i o n s witha m u t a t i o n variance

s

of 10. Six evaluation trials wereused (shown as dotted lines in Figure 2). N o t e that when objects reach one of the walls,t h e i r horizontal motion stops but their vertical m o t i o n c o n t i n u e s . This t u r n e d out to be a fairly simple task, a n d agents witha mean fitness of 9 9 . 3 1 % (N = 5)quickly evolved (throughout this paper, fitnesswill be reported as a percentage of the maximumattainable performance). The movement of atypical circuit on one trial is shown in Figure 3a.Note how the agent quickly orients to the objectand then tracks it as it falls. Interestingly, thesecircuits generalized poorly to 100 random trials,with mean fitness dropping to 79.60%. An ex-amination of the qualitative behavior of theseagents revealed that they were failing to respondquickly enough to objects with large horizontaland small vertical velocities.In an attempt to improve this deficiency, twoadditional evaluation trials were used (shown asdashed lines in Figure 2) and the 5 experimentswere repeated. The resulting agents had a meanfitness of 87.29% on the 8 evaluation trials, and amean fitness of 90.25% on 100 random trials.Closer examination revealed that these newagents were indeed more sensitive to objects withlarge horizontal and small vertical velocities,primarily because the mean bias of their ray sen-sors (-0.85 – 0.18 s.e.) was significantly largerFigure 2:

Experimental setup for orientation experi-ments. The agent moves horizontally. Its rays areshown in gray. Dotted and dashed lines denote the pathsof circular objects used to evaluate the agent�s perform-ance during evolution, as described in the text.

5than the mean bias of the ray sensors in the firstset of agents (-2.06

– 0.33 s.e.) (p < 0.05 usingWelch�s approximate t-test). However, theseagents still missed some of these objects becausethey would quickly pass out of the agent�s fieldof view and these agents would not pursue ob-jects that they could no longer see. An exampleof this behavior is shown in Figure 3b.Thus, these agents are faced with a simple ex-ample of an object persistence problem. Sinceboth the agent and the objects are constrained toremain within the �walls� of this environment,these agents should continue to pursue objectsthat have momentarily passed out of their fieldof view. However, because these agents are con-trolled by static feedforward networks, they arepurely reactive; they cannot organize their be-havior according to sensory stimuli that are nolonger present. Note that adding any number ofinterneurons is not going to solve this problem.Rather, what is needed is for the circuits control-ling these agents to have internal dynamics.In order to address this object persistenceproblem, a final set of orientation experimentswas run using a dynamical elaboration of thefeedforward circuit used earlier, now with evolv-able time constants and bilaterally symmetric selfand recurrent connections between the motorneurons (for a total of 12 parameters). All otheraspects of these experiments were identical to thesecond set of experiments. In this case, the re-sulting agents had a mean fitness of 99.09% onthe 8 evaluation trials and a mean fitness of96.60% on 100 random trials. An examinationof the qualitative behavior of these dynamicalagents revealed that they would indeed continueto pursue objects that had momentarily disap-peared from their field of view (Figure 3b).Similar results were obtained with circuits inwhich the ray sensory neurons and the motorneurons were fully interconnected. Thus, even inthis relatively simple task and circuit, internaldynamics can offer significant advantages to anagent.

5Discrimination Experiments

In order to selectively interact with differentobjects, a visually-guided agent must be capableof visually discriminating between them. In asecond set of experiments, agents were evolvedwhich could discriminate between circles anddiamonds and between circles and horizontallines, catching circles as in the orientation ex-periments while avoiding the other objects(Figure 4).These agents had 7 rays. The experimentalsetup was similar to that used in the orientationexperiments, with agents moving horizontally asobjects fall from above. In this case, objects fellstraight down with an initial horizontal offset inthe range

–50 and a vertical velocity of either 3or 4. Circular objects had a diameter of 30, dia-monds had sides of length 30 and lines had alength of 30.The performance measure to be maximizedwas:

i i NumTrials

AB s 2 A

B Figure 4:

Experimental setup for discrimination ex-periments. (a) The agent moves horizontally. Its raysare shown in gray. Broken lines denote the paths ofcircular (dotted) and other (dashed) objects used to evalu-ate the agent�s performance during evolution. (b)Evaluation objects used in the discrimination experi-ments.

7The best circle/line discriminator had a meanfitness of 99.26% on the 24 evaluation trials anda mean fitness of 97.85% on 100 random trials.Qualitatively, all objects were correctly classifiedduring both the 24 evaluation trials and the 100random trials.The behavior of this agent is shown in Figure6, both while catching a circle (Figure 6a) andwhile avoiding a line (Figure 6b). The strategyhere is rather different than for the cir-cle/diamond discriminator described above. Inthis case, the agent initially antifoveates both thecircle and the line, moving so that the object liesnear the opposite periphery of its field of view.The agent then pauses and, as the object nears,the agent either centers it in the case of the circleor continues to move away in the case of a line.This antifoveate-and-decide strategy was fairlytypical of the other circle/line discriminators thatevolved, although it was not universal.

6Pointing Experiments

Before a visually-guided agent can manipulateobjects, it must be capable of coordinating themovement of its manipulator with objects ap-pearing in its visual field. In a final set ofexperiments, stationary agents with a 1 degree-of-freedom transparent manipulator wereevolved to point to the centers of circular objectsappearing at arm�s length in their visual field(Figure 7).These agents had 5 rays and were unable tomove. Instead, they had a transparent manipu-lator of length 45 with 1 angular degree offreedom and an angular range of

–p/4. The an-gular velocity of the manipulator wasproportional to the sum of two opposing torques(with a constant of proportionality of 0.1). Staticcircular objects of diameter 26 appeared at arm�slength.

ABFigure 6:

Plots of the horizontal positions over timeof an evolved agent that can visually discriminate be-tween circles and lines. The path of the agent is shownas a solid line, while that of the object is shown as adashed line. (a) Path of the agent catching a circle. (b)Path of the agent avoiding a line.

ABFigure 5:

Plots of the horizontal positions over timeof an evolved agent that can visually discriminate be-tween circles and diamonds. The path of the agent isshown as a solid line, while that of the object is shownas a dashed line. (a) Path of the agent catching a circle.(b) Path of the agent avoiding a diamond.

8The performance measure to be maximizedwas the average angular accuracy of pointing,defined as:

1 1--=� q qi object i armiNumTrialsMaxEvaluationAngle NumTrials*

where

q

is the angle of the object relative tothe center of the body and

q

is the angle ofthe arm at the end of the ith trial,

MaxEvalua-tionAngle is the angular width over which objectscan appear (p/4 in these experiments), and

NumTrials is the total number of trials. A total of15 evaluation trials were used during evolution,each of duration 20 time steps, with the armcentered at the beginning of each trial.To date, these pointing experiments have em-ployed a bilaterally symmetric feedforwardnetwork with 5 ray sensory neurons projecting to3 interneurons which in turn project to two mo-tor neurons controlling the arm. In addition, themotor neurons received weighted inputs fromtwo arm angle sensors (giving a total of 18 pa-rameters). Arm angle sensors gave a linearresponse from 0 (arm centered) to 1 (arm at anextreme angle on the side opposite the sensor).Time constants were fixed to 0.75.Pointing agents with reasonably good accuracywere relatively easy to obtain by evolving popu-lation sizes as small as 50 for 25 generations witha mutation variance of 5. The pointing be-havior of a typical agent evolved with ray sensorbias

˛ [-10,0] and ray sensor gain

˛ [1,15] isshown in Figure 8b. This agent had a mean ac-curacy of 98.13% on the 15 evaluation trials anda mean accuracy of 98.06% on 100 random tri-als. As Figure 8b clearly shows, the pointingresolution of this agent is limited to a number ofdiscrete angles. The reason for this is that thisagent evolved a ray sensor response that is essen-tially binary in nature: each ray sensor gives aresponse near 1 if that ray intersects the objectand a response near 0 if it does not (Figure 8a).This sort of response function was typical of ex-periments using wider ranges of ray sensorbiases.In order to achieve higher accuracy, we mustgive more careful consideration to the ray sensorbiases and gains. Best results were obtained for aray sensor response such as that shown in Figure9a. Here, the ray sensor biases and gains havebeen chosen so that each ray sensor goes froman output of almost 0 near the center of the ob-ject to an output of almost 1 near the front,giving a maximum dynamic range. Best resultswere obtained by simply fixing the ray sensorbiases and gains to these �near-optimal� values. s 2 A_B p/8π/16- π/16- π/8 0^{π/8π/16- π/16}- π/8^0

Figure 9:

Another evolved pointing agent. (a) A plotof the response of an �near-optimal� ray sensor having abias of -9.1 and a gain of 15. (b) A plot of the final armangle as a function of the angle of a target object.

10�pointy�) detectors in these circuits? Will thenotion of distributed representation that has beendeveloped for static feedforward networks applyto agents controlled by recurrent dynamic cir-cuits which actively control their perception? Oris it most appropriate to view these circuits asmerely instantiating dynamics that, when coupledto their bodies and environments, give rise to ef-fective performance of the tasks for which theywere selected? Rather than debating competingintuitions in the abstract, experiments such asthose described here provide concrete modelswithin which such questions can be preciselyframed and answered. Accordingly, as this re-search progresses, detailed studies of theoperation of the circuits that evolve will be amajor focus of attention.

Acknowledgments

I would like to thank Melanie Mitchell and Hillel Chielfor their detailed comments on an earlier draft of thispaper. This paper has also benefited from discussionswith Andy Clark. This work was supported in part bythe Santa Fe Institute, and in part by grant N00014-90-J-1545 from the Office of Naval Research.

References

Altman, J.S. & Kien, J. (1989). New models formotor control.

Neural Computation

1:173-183.B�ck, T. & Schwefel, H. (1993). An overview ofevolutionary algorithms for parameter optimi-zation.

Evolutionary Computation

1(1): 1-23.Ballard, D. (1991). Animate vision.

ArtificialIntelligence

48:57-86Beer, R.D. (1995a). A dynamical systems per-spective on agent-environment interaction.

Artificial Intelligence

72:173-215.Beer, R.D. (1995b). Computational and dy-namical languages for autonomous agents. In(Port & van Gelder, 1995).Beer, R.D. & Gallagher, J.G. (1992). Evolvingdynamical neural networks for adaptive be-havior.

Adaptive Behavior

1(1):91-122.Brooks, R. (1991). Intelligence without repre-sentation.

47:139-159.Brooks, R. & Stein, L.A. (1994). Building brainsfor bodies.

Autonomous Robots

1:7-25.Churchland, P.S., Ramachandran, V.S. & Se-jnowski, T.J. (1994). A critique of pure vision.In C. Koch & J. Davies (Eds.),

Large-ScaleNeuronal Theories of the Brain

. MIT Press.Clark, A. & Toribio, J. (1994). Doing withoutrepresenting?

Synthese

101:401-431.Cliff, D., Harvey, I. & Husbands, P. (1993). Ex-plorations in evolutionary robotics.

AdaptiveBehavior

2(1):73-110.Damasio, A. (1994).

Descartes� Error

. Putnam.Gazzaniga, M.S., Ed. (1995).

The CognitiveNeurosciences

. MIT Press.Goldberg, D.E. (1989).

Genetic Algorithms inSearch, Optimization and Machine Learning

.Addison-Wesley.Harvey, I., Husbands, P. & Cliff, D. (1994). See-ing the light: Artificial evolution, real vision.In Proceedings SAB94, pp. 392-401.Haugeland, J. (1995). Mind embodied and em-bedded. In Yu-Houng & Jih-Ching Ho (Eds.),

Mind and Cognition

(pp. 3-38). Taipei, Tai-wan: Academia Sinica.Hutchins, E. (1995).

Cognition in the Wild

.MIT Press.Knuth, D. (1981).

Seminumerical Algorithms,

2nd Edition (The Art of Computer Program-ming, Vol. 2). Addison-Wesley.Lakoff, G. (1987).

Women, Fire and DangerousThings

. University of Chicago Press.Port, R. & van Gelder, T. (1995).

Mind as Mo-tion: Explorations in the Dynamics ofCognition

. MIT Press.Posner, M.I. & Raichle, M.E. (1994).

Images ofMind

. W.H. Freeman.Press, W.H., Teukolsky, S.A., Vetterling, W.T. &Flannery, B.P. (1994).

Numerical Recipes inC,

2nd Edition. Cambridge University Press.Rutkowska, J.C. (1994). Scaling up sensorimotorsystems: Constraints from human infancy.

2(4):349-373.Suchman, L. (1987).

Plans and Situated Ac-tions

. Cambridge University Press.Thelan, E. & Smith, L. (1994).

A Dynamic Sys-tems Approach to the Development ofCognition and Action

.Yamauchi, B. & Beer, R.D. (1994). Sequentialbehavior and learning in evolved dynamicalneural networks.

2(3):219-246.