The Emergence of Representation inAutonomous Embodied AgentsMark H. Bickhard 1Cognitive Science17 Memorial Drive EastLehigh UniversityBethlehem, PA 18015610-758-3633mhb0@lehigh.eduhttp://www.lehigh.edu/~mhb0/mhb0.htmlA problem of action selectionemerges in complex � and even not socomplex � interactive agents: What to donext? The problem of action selectionoccurs equally for natural and for artificialagents � for any embodied agent. Theobvious solution to this problem constitutesa form of representation � interactiverepresentation � that is arguably thefundamental form of representation. Morecarefully, interactive representation satisfiesa criterion for representation that no othermodel of representation in the literature cansatisfy, or even attempts to address: thepossibility of system detectablerepresentational error. It also resolves andavoids myriad other problematics ofrepresentation, and integrates or opens thedoor to many additional mental processesand phenomena, such as motivation.Autonomous Agents andInteraction SelectionIn sufficiently simple interactivesystems, there may be only one thing to do,and it is simply done all of the time.Slightly more complex would be the case inwhich multiple actions or interactions arepossible, but only one of them is triggered inany possible combination of system stateand input. With only minimal interactivecomplexity, however, there will beconditions in which multiple interactions arepossible, and a simple triggering of one ofthose possibilities will be insufficient. Thiswill occur, for example, if the system-environment circumstances have notoccurred before, or have occurred too fewtimes to have selected for a simpletriggering relation, or when the environmentis insufficiently predictable for it to bedeterminate what the system outcomes ofthe interactions will be (Bickhard &Terveen, 1995). A given frog tongue flickmay � or may not � catch a fly.Action selection in such cases posesits own special problems. In particular,whatever presuppositions are involved in thegeneral strategy of interaction selection may,in particular cases, turn out to be wrong. Ingeneral, frogs flick tongues in order to catchflies (or worms, ...), but such outcomes arenot guaranteed. In some cases, the advisablestrategy would be to simply try again whenthe interaction doesn�t work, while in othercases the advisable strategy might be toswitch to a different next interactionselection.But implementing any such designconstraints requires that the system be ableto detect when the �desired� outcomes haveoccurred, or have not occurred. That, inturn, requires that those �desired� outcomesbe somehow functionally indicatable, anddetectable. In other words, the agent has tobe able to differentiate between interactionoutcome success and interaction outcomefailure, and this requires that it be able to befunctionally sensitive to information aboutinteraction outcomes.There are many traps in the way toan implementation of these notions. Forexample, if the �desired� outcomes arecertain environmental conditions � perhapsa new position relative to some food source� then those environmental conditions willhave to be represented by the system, andfailures to achieve those environmentalconditions will have to be detectable. Butrepresentation is what we are aiming tomodel in the first place, so this approachinitiates a fatal circularity.I will not dwell on the multipledangers involved in this modeling

2(Bickhard, 1993; Bickhard & Terveen,1995), but will move more directly to thesolution. The relevant interaction outcomesmust be internal so that they do not have torepresented, but can be directly functionallyaccessible to the system. Such internalinteraction outcomes must be anticipated(Bickhard, 1993; Brooks, 1994) in such away that success and failure of thoseanticipations can be detected.There are multiple architectureswithin which the functions of anticipationand success/failure detection can beimplemented (Bickhard & Terveen, 1995).For my current purposes, I will focus onlyon simple and familiar architecturalprinciples of states and pointers. Inparticular, interaction outcomes will besystem states, so anticipations of systemstates is what is required. Anticipations, inturn, require only indications of such systemstates associated with the relevantinteractions that might or should yield thosestates. And, finally, such indications can beaccomplished with simple pointers.Interaction possibilities can be indicatedwith pointers to the subsystems or systemconditions that would engage in thoseinteractions if initiated, while associatedoutcomes can be indicated with associatedpointers to the relevant internal states. Solong as the system can detect whether or notthose indicated states have been achieved,all of the functional requirements for thisform of interaction selection have been met.Selecting interactions on the basis ofthe indicated outcomes of those interactionspermits many powerful phenomena. Itpermits strategic selection of interactionstoward particular outcomes � goaldirectedness. It permits error guidedstrategies of interaction. It permits errorguidance of representational learning, solong as the system is capable of learning atall. Any complex autonomous agent willrequire such forms of interaction selection.Note, further, that interaction selection is thefundamental problem of motivation(Bickhard forthcoming-b; Bickhard &Terveen, 1995; Cherian & Troxell, 1995a;Maes, 1990a, 1990b, 1991, 1992, 1994)RepresentationAutonomous agents encounterproblems of interaction selection. A naturalsolution to those problems involves internalindications of internal interaction outcomes.The central claim of this paper is that suchindications constitute a form ofrepresentation, arguably the fundamentalform.I will support this claim in threeways. The first two supports address twoproperties of representations that this modelaccounts for: 1) content and 2) truth value ofthat content. The third points out that theinteractive model provides an account for afundamental criterion for originalrepresentation that is not and cannot beaddressed by any standard model in thecontemporary literature: the possibility ofsystem detectable representational error.Representational Content. Theclaim that indications of interactionoutcomes can constitute representation posesa number of questions. A central questionis: What constitutes representational contentin this model? The answer has, in fact,already been adumbrated above: anindication of an interaction and itsassociated outcomes makes presuppositionsabout the environment. In particular, thosepresuppositions will hold in somecircumstances and not hold in others, and,correspondingly, the indicated outcomeswill occur in some � the presupposed �circumstances and not occur in others. Suchindications involve implicit presuppositionsof the �appropriate� properties of theenvironment for those indicated outcomes tooccur.These presuppositions provide amodel for representational content. Thepresupposed interactive properties of theenvironment are what are represented of thatenvironment. They are what are predicatedof that environment: �This environment hasinteractive properties appropriate to theseindicated interaction outcomes.� Thecontent in this model is implicit rather thanexplicit (Bickhard, 1993; Bickhard &Terveen, 1995; Brooks, 1991b),presupposed rather than portrayed. This is amajor strength of the model in that it avoidsmany aporetic problems concerningrepresentation (Bickhard, 1993; Bickhard &Terveen, 1995). It also poses its ownproblems � for example, how then do weaccount for clear cases of explicit content?How can representations of objects bemodeled, not just representations ofinteractive properties? How aboutrepresentations of abstractions, such asnumbers? Such questions lead into further

3elaborations and explorations of theinteractive model. I have addressed many ofthese elsewhere (Bickhard, 1980, 1993,forthcoming-a, forthcoming-b; Bickhard &Richie, 1983; Bickhard & Terveen, 1995and other references therein). At this point,I simply want to point out that theinteractive model does provide an account ofcontent. The epistemological world isconstructed out of such content (Bickhard,1993; Bickhard & Terveen, 1995; Hooker &Christensen, in preparation; Kuipers, 1988;Kuipers & Byun, 1991; Mataric, 1991;Nehmzow & Smithers, 1991, 1992).Truth Value. Furthermore, thosepresuppositions � those implicit contents� can be false, in which case the outcomeswill not occur. Or, they can be true, inwhich case the outcomes will occur. That is,the actual environment is the truthmaker forthe implicit content � and, consequently,the interactive model of representationalcontent can account for truth value, one ofthe fundamental properties of representation.System DetectableRepresentational ErrorStill further, interactiverepresentational truth value can detected, atleast fallibly, by the interactive system itself.The outcome indications can be falsified byand for the system, when it detects that theindicated outcome did not occur. Thatconstitutes an falsification of thepresupposed properties, the implicit content,about the environment in which theinteraction occurred. It is a falsification thatis accomplished by the system itself.Note that, unless such falsificationscan occur by and for the agent itself, errorguidance is not possible, whether interactiveerror guidance or learning error guidance.Error guidance, in turn, is required in anycomplex interactive system because thecertitude required for, say, simple triggering,is not possible.System detectable error, however, isnot possible for standard models ofrepresentation in the literature. Standardmodels have difficulty accounting for anykind of error, and do not even addresssystem detectable error. Error detection forFodor (1987, 1990), Dretske (1981, 1988),and Millikan (1984, 1993), for example,requires comparisons between what actuallytriggers an input state and what �ought� totrigger that state. What �ought� to havetriggered such a state, in turn, is determinedby considerations of evolutionary historiesand counterfactual asymmetric dependenciesbetween classes of possible such triggers.The necessary comparisons, then, arepossible, if at all, only for an observer of thesystem, external to the system, that might bein a position to determine the relevanthistories and dependencies. In particular,they cannot be determined by and for thesystem itself. The frog knows nothing aboutthe evolutionary history of its fly detectors,nor about any dependencies, asymmetric orotherwise, between fly detections and BBdetections. Standard models cannot accountfor system detectable representational error;standard models cannot account for errorguided interaction or learning; standardmodels cannot account for representation forthe agent itself. The interactive model can.(Furthermore, interactive representationalcontent can �ground� internal symbols asstand-ins for those contents � Bickhard &Terveen, 1995.) Note that these standard models alllook externally and backward in time, whilethe interactive model looks internally andforward in time (Bickhard & Terveen,1995). It is such backward-looking�spectator� models that arise naturally insymbol manipulation, information theoretic,or connectionist models, but such anapproach has never been able to solve thebasic problems of representation. It has,rightly, yielded a reaction against the realityor usefulness of the very notion ofrepresentation (Beer, 1990, 1995; Brooks,1991a, 1991c; Prem, 1995). Interactiverepresentation constitutes an alternative.Representation and DesignInteractive representation alreadyexists. It can be found in relatively simpleorganisms (not to mention complexorganisms) and in some contemporaryrobots (Brooks, 1994; Cherian & Troxell,1995a, 1995b). It solves a basic designproblem, and provides guidance for moresophisticated versions of such problems andtheir solutions; it solves and dissolves manyphilosophical problems (Bickhard, 1993;Bickhard & Terveen, 1995). Conversely,the study of robots and autonomousembodied agents inherently encounters thefundamental problems of representation andepistemology, while passive system

4approaches, whether computational orconnectionist, do not (Bickhard, 1982;Bickhard & Terveen, 1995). Interactivedynamic systems � embodied agents � arethe correct locus for the study and design ofmentality (Beer, 1995; Bickhard & Terveen,1995; Hooker, Penfold, Evans, 1992;Malcolm, Smithers, Hallam, 1989; Port &van Gelder, 1995; Steels, 1994).It also, however, initiates aprogression through many additional mentalproperties, and thereby guides furtherunderstanding of those properties both innatural systems and in the design of artificialsystems. These include, for example,motivation, perception, learning, emotions,consciousness and reflexive consciousness,language, rationality, and so on (Bickhard,1980, 1993, forthcoming-a, forthcoming-b;Bickhard & Richie, 1983; Bickhard &Terveen, 1995; Hooker, 1995; Kinsbourne,1988). Interactive representation constitutesthe interface of the emergence of mentalproperties in functional interactive systemproperties.ReferencesBeer, R. D. (1990). Intelligence asAdaptive Behavior. Academic.Beer, R. D. (1995). Computational andDynamical Languages forAutonomous Agents. In R. Port, T.J. van Gelder (Eds.) Mind asMotion: Dynamics, Behavior, andCognition. MIT.Bickhard, M. H. (1980). Cognition,Convention, and Communication.New York: Praeger.Bickhard, M. H. (1982). Automata Theory,Artificial Intelligence, and GeneticEpistemology. Revue Internationalede Philosophie, 36(142-143), 549-566.Bickhard, M. H. (1993). RepresentationalContent in Humans and Machines.Journal of Experimental andTheoretical Artificial Intelligence, 5,285-333.Bickhard, M. H. (forthcoming-a). CriticalPrinciples: On the Negative Side ofRationality. In Herfel, W., Hooker,C. A. (Eds.) Beyond RulingReason: Non-formal Approaches toRationality.Bickhard, M. H. (forthcoming-b). IsCognition an AutonomousSubsystem? In O�Nuallain, S. (Ed.)Computation, Cognition, andConsciousness. John Benjamins.Bickhard, M. H., Richie, D. M. (1983). Onthe Nature of Representation: ACase Study of James J. Gibson�sTheory of Perception. New York:Praeger.Bickhard, M. H., Terveen, L. (1995).Foundational Issues in ArtificialIntelligence and Cognitive Science� Impasse and Solution.Amsterdam: Elsevier Scientific.Brooks, R. A. (1991a). Intelligence withoutRepresentation. ArtificialIntelligence, 47(1-3), 139-159.Brooks, R. A. (1991b). Challenges forComplete Creature Architectures.In J.-A. Meyer, S. W. Wilson (Eds.)From Animals to Animats. (434-443). MIT.Brooks, R. A. (1991c). New Approaches toRobotics. Science, 253(5025),1227-1232.Brooks, R. A. (1994). Session on BuildingCognition. Conference on The Roleof Dynamics and Representation inAdaptive Behaviour and Cognition.University of the Basque Country,San Sebastian, Spain, December 9,1994.Cherian, S., Troxell, W. O. (1995a).Intelligent behavior in machinesemerging from a collection ofinteractive control structures.Computational Intelligence, 11(4),565-592. Blackwell Publishers.Cambridge, Mass. and Oxford, UK.Cherian, S., Troxell, W. O. (1995b).Interactivism: A Functional Modelof Representation for Behavior-Based Systems. In Mor�n, F.,Moreno, A., Merelo, J. J., Chac�n,P. Advances in Artificial Life:Proceedings of the Third EuropeanConference on Artificial Life,Granada, Spain. (691-703). Berlin:Springer.Dretske, F. I. (1981). Knowledge and theFlow of Information. Cambridge,MA: MIT.

5Dretske, F. I. (1988). Explaining Behavior.Cambridge, MA: MIT.Fodor, J. A. (1987). Psychosemantics.Cambridge, MA: MIT Press.Fodor, J. A. (1990). A Theory of Content.Cambridge, MA: MIT Press.Hooker, C. A. (1995). Reason, Regulation,and Realism: Towards a RegulatorySystems Theory of Reason andEvolutionary Epistemology. SUNY.Hooker, C. A., Penfold, H. B., Evans, R. J.(1992). Towards a Theory ofCognition Under a New ControlParadigm. Topoi, 11, 71-88.Hooker, C. A., Christensen, W. (inpreparation). Very Simple Minds.Kinsbourne, M. (1988). Integrated FieldTheory of Consciousness. In A. J.Marcel, E. Bisiach (Eds.)Consciousness in ContemporaryScience. (239-256). OxfordUniversity Press.Kuipers, B. J. (1988). The TOUR Model:A Theoretical Definition. FromKuipers, B. J., Levitt, T. Navigationand Mapping in Large-Scale Space.AI Magazine, 9(2), 25-43.Kuipers, B. J., Byun, Y. (1991). A RobotExploration and Mapping StrategyBased on a Semantic Hierarchy ofSpatial Representations. Roboticsand Autonomous Systems, 9, 47-63.Maes, P. (1990a). Designing AutonomousAgents. MIT.Maes, P. (1990b). Situated Agents CanHave Goals. In P. Maes (Ed.)Designing Autonomous Agents.(49-70). MIT.Maes, P. (1991). A Bottom-Up Mechanismfor Behavior Selection in anArtificial Creature. In J.-A. Meyer,S. W. Wilson (Eds.) From Animalsto Animats. (238-246). MIT.Maes, P. (1992). Learning BehaviorNetworks from Experience. In F. J.Varela, P. Bourgine (Eds.) TowardA Practice of Autonomous Systems.(48-57). MIT.Maes, P. (1994). Modeling AdaptiveAutonomous Agents. Artificial Life,1, 135-162.Malcolm, C. A., Smithers, T., Hallam, J.(1989). An Emerging Paradigm inRobot Architecture. In T Kanade,F.C.A. Groen, & L.O. Hertzberger(Eds.) Proceedings of the SecondIntelligent Autonomous SystemsConference. (pp. 284-293).Amsterdam, 11--14 December 1989.Published by Stichting InternationalCongress of Intelligent AutonomousSystems.Mataric, M. J. (1991). Navigating With aRat Brain: A Neurobiologically-Inspired Model for Robot SpatialRepresentation. In J.-A. Meyer, S.W. Wilson (Eds.) From Animals toAnimats. (169-175). MIT.Millikan, R. G. (1984). Language,Thought, and Other BiologicalCategories. MIT.Millikan, R. G. (1993). White QueenPsychology and Other Essays forAlice. MIT.Nehmzow, U., Smithers, T. (1991).Mapbuilding Using Self-OrganizingNetworks in �Really UsefulRobots.� In J.-A. Meyer, S. W.Wilson (Eds.) From Animals toAnimats. (152-159). MIT.Nehmzow, U., Smithers, T. (1992). UsingMotor Actions for LocationRecognition. In F. J. Varela, P.Bourgine (Eds.) Toward APractice of Autonomous Systems.(96-104). MIT.Port, R., van Gelder, T. J. (1995) Mind asMotion: Dynamics, Behavior, andCognition. MIT.Prem, E. (1995). Grounding and theEntailment Structure in Robots andArtificial Life. In Mor�n, F.,Moreno, A., Merelo, J. J., Chac�n,P. Advances in Artificial Life:Proceedings of the Third EuropeanConference on Artificial Life,Granada, Spain. (39-51). Berlin:Springer.Steels, L. (1994). The Artificial Life Rootsof Artificial Intelligence. ArtificialLife, 1(1), 75-110.1 Thanks are due to the Henry R. Luce Foundation forsupport during the preparation of this paper.