Topologiesof Learning and DevelopmentMark H. Bickhard Robert L. CampbellMark H. BickhardDepartment of Psychology17 Memorial Drive EastLehigh UniversityBethlehem, PA 18015mhb0@lehigh.eduRobert L. CampbellDepartment of PsychologyBrackett Hall 410AClemson UniversityClemson, SC 29634-1511robert_campbell@quickmail.clemson.edu

Topologiesof Learning and DevelopmentMark H. Bickhard Robert L. CampbellAbstractHow systems can represent and how systems can learn are two central problemsin the study of cognition. Conventional contemporary approaches to these problems arevitiated by a shared error in their presuppositions about representation. Consequently,such approaches share further errors about the sorts of architectures that are required tosupport either representation or learning. We argue that the architectural requirementsfor genuine representing systems lead to architectural characteristics that are necessary(though not sufficient) for learning and development. These architectural constraints, inturn, explain properties of the functioning of the central nervous system that remaininexplicable for standard approaches.

Topologiesof Learning and DevelopmentMark H. Bickhard Robert L. CampbellHow systems can represent and how systems can learn are two central problemsin the study of cognition. Conventional contemporary approaches to these problems arevitiated by a shared error in their presuppositions about representation. Consequently,such approaches share further errors about the sorts of architectures that are required tosupport either representation or learning. We argue that the architectural requirementsfor genuine representing systems lead to architectural characteristics that are necessary(though not sufficient) for learning and development. These architectural constraints, inturn, explain properties of the functioning of the central nervous system that remaininexplicable for standard approaches.We will first outline some architectural requirements for models of learning anddevelopment, then present a model of representation that poses its own architecturalrequirements. The requirements for representation, it turns out, will also satisfy therequirements for learning and development.A major architectural requirement imposes itself on any system that can profitfrom past successes and failures � in other words, any system that can learn and getbetter at learning. That requirement is a functional topology in the space of possibleconstructive products of learning and development. The basic intuition is that, ifprevious problem-solving successes are to be functionally useful in attempts at solvingnew problems, there must be some way to �locate� and make use of the old problemrepresentations and solutions that are �closest� to the new problem representations, or atleast �nearby.� Such closeness information constitutes a topology. Exploration of thesetopological requirements yields strong constraints on the nature and locus of learning andof development.Such topological considerations are not well addressed within standardarchitectural and mathematical approaches to computation. In finite state machines,Turing machines, or programming languages, topologies do not naturally arise. WhenArtificial Intelligence researchers encounter the constraints that yield the necessity forsuch topologies, the standard fix, as we shall discuss below, is to introduce feature-basedtopologies. In these topologies, things are �nearby� if they share many features. Feature-based topologies turn out to be intrinsically inadequate for a number of reasons. We willfind, in fact, that the need for adequate topologies forces us to consider an architecturethat is quite different from standard computational frameworks. Our proposal alsohappens to be much closer to aspects of the functional architecture of the central nervoussystem. If our analyses are correct, it is no accident of implementation that the brainfunctions with fields of oscillations engaged in mutual modulations.Learning and Development: A preliminary characterizationWe begin with the nature of learning and development. We will proceed on thebasis that all learning, and all development, must involve constructive processesoperating by variation and selection � in the limiting case where there is no informationin advance, those must be blind variations. We offer an elaboration and defense of theseclaims below, but to preview the basic case (Bickhard, 1992a):

2¥ Learning and development must be constructive because knowledge isconstituted as functional system organization, and system organizationcannot be transduced or induced from the environment.¥ The constructions must proceed by variation and selection because errors ofconstruction are inevitable, and system constructions can at best search inthe space of functional selection pressures.¥ The constructive process must be blind because otherwise it would alreadyknow what is to be learned or developed, and such knowledge is preciselywhat must be accounted for. Some sort of evolutionary epistemology isrequired to account for learning and development (Bickhard, 1988, 1992a;D. Campbell, 1974; Hooker, 1995; Radnitzky & Bartley, 1987).Beyond the limiting case, however, learning is usually not blind. It does involveprior knowledge, at least in a heuristic form � knowledge of sorts of problemsassociated with sorts of likely solutions. Such prior knowledge, of course, is the productof earlier constructions, whether developmental or evolutionary, and its ultimate groundmust also be blind processes (Bickhard, 1992a). The focus of our discussion will not beon the ultimate origins of heuristic knowledge, however. Our concern will be how suchheuristic knowledge, based on prior learning and problem solving, could be functionallyconstituted in and for the knowing system. We will seek to identify some functional andarchitectural requirements for the existence of heuristic knowledge.Before we can begin the primary explorations, however, certain preliminariesmust be established. Our considerations about learning build on a model of the nature ofrepresentation, called interactivism, and its attendant constraints on the nature of learning.We begin, then, by discussing the nature of representation, and some of its consequencesfor learning and for the functional architecture of the mind. After an examination ofstandard presuppositions concerning the nature of representation, we will proceed to analternative conception.RepresentationConsider the sequence of a frog seeing a fly, flicking its tongue, and catching andeating the fly. Presumably there are activities in the frog�s brain that constitute thedetection of the fly and activities that constitute the triggering of the tongue flick. If wewish to analyze these processes at an epistemic level, we are faced with major choices.In particular, if we attribute representationality to any of these processes in the frog, wemust determine which processes to attribute representationality to, and whatrepresentational content to attribute to them.We have to consider the possibility that the activity of detecting the fly and theactivity of initiating the tongue flick are one and the same. Even if this were the case,however, it might be possible to distinguish two different epistemic functions served bythe same neural processes. We need to recognize that the flow of process in the frogfrom fly detection to actual tongue flick is not a direct causal flow or an impenetrablereflex arc. If a shadow of a predatory bird appears for the frog just as it is about to flickits tongue, the frog will most likely jump into the water to avoid being eaten itself, ratherthan proceed with the tongue flick. In other words, the connection between fly detectionand tongue flicking must be some sort of indication of possibility, a possibility that maybe pursued depending on other circumstances. Fly detection does not merely triggertongue flicking in some ballistic fashion.Standard usage would describe the fly detection processes as constituting arepresentation of the fly for the frog. The frog then uses that representation to �infer� thepossibility of flicking its tongue and eating. The causal processes that encompass thelight reflecting from the fly, entering the frog�s eyes, and stimulating the ensuing neural

3activities are presumed to endow these neural processes with the status of representationsand bestow representational content on them. The representational content, and, thus, thevery representationality of these activities in the frog are supposed to follow from theirhaving been caused by the fly. This sort of causal correspondence is taken to be at leastthe core of what representation is (Dretske, 1981, 1988; Fodor, 1987, 1990; Hanson,1990; McClelland & Rumelhart, 1986; Newell, 1980a, 1990; Rumelhart & McClelland,1986; Smith, 1987).There is at least one different option, however. Maybe the representationalcontent of the frog�s neural activities upon the detection of a fly is an indication thattongue flicking and eating can now be done, rather than a representation of the fly assuch. In this view, the representational content is about the potentialities that theenvironment affords for the frog�s further actions and interactions � the interactiveaffordances of that environment (Bickhard & Richie, 1983; Gibson, 1977). It is notabout the present or immediately past actualities in that environment � even if detectingthose immediately past actualities is what sets up those indications of potentialities.In the standard conception, the frog infers the possibility of tongue flicking from arepresentation of a fly. In principle, at least, the standard approach encompasses both thesupposed representation of something actual � the fly � and something potential � theinferred possibility of tongue flicking. But indications of potentiality are never, instandard approaches, taken to be a fundamental form of representation. They can qualifyas representational only in an indirect and derivative sense, because the representation isfundamentally constituted as correspondence with what is being represented. Mostcommonly, they are not thought to be representational at all; they are reduced to purelycausal or functional phenomena of initiating, guiding, and controlling action.In any case, there are two candidates for representational content: the fly, oncorrespondence grounds, and the possibility of tongue flicking and eating, on the basis ofindications about potentialities that are offered by the environment. We could rejectboth, accept both, accept only correspondence, or accept only indications of potentiality.Those who insist on reflexive consciousness before they will credit the system withrepresentation might want to reject both � at least in the frog�s case. (It is not so clearhow the advocates of mandatory reflexivity would accommodate the case of a baseballplayer seeing a fly ball and indicating, initiating, tracking, guiding, and controlling thecatching of that ball.) One might even try to accept both, but these are two fundamentallydifferent notions of the nature of representational content, and it is not clear how theycould be integrated: in any case, we do not know of any attempts to do so. This leaves uswith a choice between correspondence and indication of interactive possibilities.The standard assumption is overwhelmingly that representation must be someform of correspondence, some sort of encoding. Its proponents often proceed as thoughthere were nothing problematic about it (Vera & Simon, 1993a). Continued acceptance,however, comes in the face of extremely difficult and commonly acknowledged problemsthat have become the focus of much work in philosophy of mind (Dretske, 1981, 1988;Fodor, 1987, 1990; Hanson, 1990; Smith, 1987).1 We will argue that the severity of theseproblems has, if anything, been underestimated � representation as correspondence is alogically incoherent position. The acknowledged problems with this approach areinsoluble, because they are symptoms of this deeper incoherence. We will argue for thealternative position that representation must be understood in terms of indications ofinteractive potentialities.There are many objections against representation as correspondence, each ofwhich comes complete with counter-arguments and counters to the counters. We willpresent two of the arguments in abbreviated form.

4The incoherence argument. The first argument derives from considering asimple question. How does the system know what is on the other end of supposedrepresentational correspondences? How, for instance, could the frog�s activities thatconstitute a factual detection of a fly also constitute a representation for the frog with afly as its content?We have to insist on the proviso �for the frog� because any neuroscientist,psychologist, or other observer, could notice that such-and-such neural activity in the frogis stimulated by flies. The observer could construct a correspondence relation betweentwo things that the observer knows: the neural activity in the frog and the presence of afly. Such a move may be useful for the observer, but it cannot help the frog. The frogdoes not have the observer�s independent epistemic access to its own neural activities, onthe one hand, nor to flies in its environment, on the other hand, so it cannot draw anyepistemic correspondence between the one and the other. If there is any representation ofthe fly for the frog it must be constituted in the very activity of fly-detection.The problem is not how the frog could detect the fly. That is no more difficult inprinciple than a photocell opening a door, although the pattern detection process may beconsiderably more complicated. The problem is rather that detecting the fly and initiatingconsequent further activity form a strictly functional set of relationships, and do notrequire that those detections constitute representations. The detection process does noteven require that any information be available to the system about what has beendetected. All that has to happen for the frog is that fly detection and eating work wellenough for individual frogs, and more generally the species, to survive and reproduce.Survival and reproduction, in turn, require that those detections be often enough of flies(or worms, or something nourishing) in fact, but not that frogs have any representationsof flies as such. All that is required here is a functional account, not an epistemicaccount. Not all phenomena involved in perception and action need be or can berepresentational (Greeno & Moore, 1993).As soon as this functional account is made out to be an epistemic account, aproblem arises. How could the frog have any internal functional information about whatits fly detections have detected? We presume, by contrast, that the frog could haveinternal functional information about what to do with such detections, i.e., tongue-flicking and eating (for an approach to functional modeling which addresses some of theinternal problematics at the functional level of analysis, see Bickhard, 1993). Detectioncan generate factual information, in the sense of generating factual correspondences andcovariations with what has been detected. But how could such relationships ofcorrespondence or covariation constitute representations (Hanson, 1990)?We contend that the problem is insoluble. Detection activities (or products), inthe standard epistemic story, are supposed to constitute representations of what they havedetected, yet representational information about what is on the other end of thecorrespondence is precisely what is at issue. In effect, correspondence is supposed toprovide representational content. Each correspondence is supposed to specify what it is acorrespondence with. But correspondence is a factual relationship, not an epistemicrelationship. Correspondences are everywhere � every single instance of every singlelawful regularity in the universe is a factual correspondence � but representation is not.To be in correspondence with X is not to represent X. Any representation of X, orrepresentation of any correspondence with X, must come from somewhere outside of thatcorrespondence. Neither factual correspondence relations nor the elements thatparticipate in them constitute representations. They do not represent the correspondencerelations themselves; they do not represent the elements on the other end of suchrelations.

5The jump from factual correspondences to representations, then, presupposes thatfactual correspondences can provide representational content, yet they must already haverepresentational content to qualify as representational correspondences in the first place.The jump from factual correspondences to epistemic correspondences presupposes thevery representational content it was supposed to account for. Such a move is circular,and therefore incoherent: it requires that X, the representational content, already exist inorder to account for the existence of X.One corollary of this incoherence argument derives from noting that paradigm�representations� are all external: they are pictures, statues, blueprints, ciphers, writtentexts, and so on. External representations must be interpreted by some epistemic agent orthey do not function as representations. Such interpretive usage is one of the phenomenato be understood. When discussing internal representation, however, investigatorswidely assume that it has the same ontological character as external representation. Onemerely codes externally while the other codes internally. The trouble is that internalrepresentation CANNOT be the same as external representation.External representation requires interpretation. Internal representation, on theother hand, is a constitutive property of an interpretive agent � not merely an externalresource for an interpretive agent � so any account of internal representation must beable to account for the agent itself. If we equate internal representation with externalrepresentation, we end up with an infinite regress of homunculi�an endless series ofmini-agents, each of which has to interpret the results of the preceding agent�sinterpretation.2 Equating internal with external representation slides back into logicalincoherence: interpretive representational content must already be there in order toaccount for interpretive representational content. Internal and external representation aredifferent kinds of things; treating them as the same kind of thing is a category error(Clancey, 1993; Slezak, 1992, 1994).3There are many elaborations, corollaries, counters, and counters to the counters,for this argument � so, needless to say, our presentation is far from complete. Indeed,the many problems involved in attempting to understand representation ascorrespondence are extensively addressed in the literature, though it is still assumed thatthe correspondence approach will emerge victorious in the end (Fodor, 1975, 1987, 1990;Fodor & Pylyshyn, 1981; Harnad, 1989; Hanson, 1990; Loewer & Rey, 1991; Newell,1980a, 1990; Palmer, 1978; Pylyshyn, 1984; Smith, 1987; Vera & Simon, 1993a).In most of our previous work, we developed this same network of argumentationagainst correspondence notions of representation as a critique of encoding-basedconceptions. Encodings, roughly speaking, are representations constituted by virtue ofcorrespondences with what is represented (Bickhard, 1987, 1992a, 1993, in preparation;Bickhard & Richie, 1983; Bickhard & Terveen, 1995; Campbell & Bickhard, 1986;Bickhard & Campbell, 1992; Campbell & Bickhard, 1992a, 1992b). The error does notlie in recognizing the existence of encodings such as pictures, statues, blueprints, Morsecode, and ASCII codes. The error lies in the assumption that mental representation canbe the same kind of thing as such external encoded representations. Mentalrepresentation cannot require an epistemic interpreter.What we have presented is sufficient, we hope, to indicate the profoundly seriousquestions in principle about encodingism, or representation as correspondence. Oursecond argument extends these criticisms and goes on to explore the other possibility:representational content as indications of potential further interactions. It has theadditional virtue of introducing questions of learning.The learning argument. The learning argument is complex (Bickhard &Terveen, 1995). The basic intuition of the argument is that learning requires error, and,because what we call interactive representation is the only model of system

6representation that can account for representational error, it is the only model ofrepresentation that can account for learning.We have divided the argument into two parts, each with several steps. The firstpart of the argument is, roughly, that learning requires system-detectable error andsystem-detectable error requires system interaction. The second part contends that onlyinteractive representation could be in error for the system, so only interactiverepresentation can be learned.The first part of our argument breaks into three steps: 1) learning requires internalchange, 2) adaptive or appropriate internal change requires error, and 3) error requiresoutput. The second part of the argument takes the need to have output to have error �and to be able to learn � and proceeds with the question of what could be in error. Weargue that the output that induces an error � or the internal organization that producedthat output � is what is in error. The error is an error of emitting that output under thoseconditions (whatever they are). But, if those relationships between internal conditionsand outputs are what can be in error � and, therefore, possibly not in error � then it isthose internal relationships that carry truth values. That is, it is those relationships amonginternal processes, whether actual or potential, that constitute representation.In more detail, the first part of the argument shows that systems with no outputcannot be learning systems. Step 1: It may seem obvious that learning requires some sortof change in the internal potentialities of a system, but there are ways of (mis)conceivingthe problem in which that is not so obvious, so we offer an argument. Step 2: We arguethat such internal change is appropriate only when an error has been made. To change asystem under conditions of success is to risk undoing whatever was involved in thatsuccess, and to make changes without any information about what might need changing,or even what could be improved. Step 3: We argue that error requires output. If errorcould be generated and determined strictly internal to the system, then no learning wouldbe required.Learning requires change. In purely passive conception of representation ascorrespondence, it might appear that learning could occur without any internal systemprocess. Impressing forms from out in the world onto an internal waxed slate (Aristotle,1941; Locke, 1961) does not seem to require internally originated change. Appearances,however, can be misleading.If we ignored the problem of acquiring representational content about what madethe impression, we might think impression onto a waxed slate was plausible � thoughonly if the system�s representations were confined to exact correspondences withwhatever particulars impressed themselves upon it at particular times. But ifrepresentation is to have any generality, if representation is to categorize inputs and inputpatterns, then passive impression cannot be its origin. A given input or input patternmust be categorized in some way that goes beyond the details of the particular inputs, soits impression into the system cannot be simple causal imprinting onto a waxed slate. Forexample, a single visual picture of a particular chair cannot suffice as a representation of�chair� (Fodor, Bever, & Garrett, 1974).These considerations reinforce our earlier point that whatever factualcorrespondences might be created by impressions in a waxed slate do not constitute orprovide representations of what is on the other end. The neural activities that constitute afly detection for a frog � that have been �impressed� into the frog by that fly, or by thelight therefrom � do not thereby constitute a representation of a fly for that frog.The need for categorization implies that the system must in some sense beprepared for the categorizations that it is capable of, via some sort of internal systemprocess that goes beyond mere causal impressions. It must categorize this way rather

7than that way. Learning, in turn, involves the creation of new preparations, newcapabilities for categorization, and that creation requires change of some sort within thesystem.Adaptive change requires error. Learning requires change, but change is onlyappropriate under conditions of error.4 It makes no sense to prepare for new possiblecategorizations when the current potential input-pattern categorizations are working justfine. Change without appropriate (error) triggering risks undoing perfectly adequatesystem organizations. So, we conclude that learning requires not only change but alsoerror.System-detectable error. Such error must trigger change in the system, soinformation about error must be functionally available within the system. Error must beerror for the system, not just from the perspective of someone observing the system. Andbecause functionally efficacious error must be error for the system itself, two consequentissues arise: 1) How could error be detected by a system? 2) What could the systempossibly take to be in error? The first issue leads to the need for output, and concludesthe first portion of the overall argument; the second issue introduces the second portion ofthe argument, focusing on the nature of representation.What could error be? The conclusion that we reach in this section of theargument is that, in general, error requires outputs to some environment with subsequentinputs to the system. It is those outputs, emitted in whatever internal system conditionsobtained at the time, that can be in error, and it is the unexpectedness of the subsequentinputs that constitutes error for the system.Issues about the nature of error and about system requirements for error arecomplicated, however, by the existence of error indications that have been designed intothe system or built into it by evolution, such as pain signals. Built-in error signals temptus to conclude that error is whatever yields such an error signal. Special-purpose errorsignals, like pain, can be designed in; they can also arise through evolution. But not allerror signals can be built in, because not all learning depends on external reward orpunishment.Let us start with strictly passive systems � systems with no outputs. A systemwith no outputs can do nothing but process and categorize inputs or input patterns. Insuch a passive architecture, there is nothing to differentiate two fundamentally differentkinds of inputs: those that constitute or signal error, and those that simply needprocessing. Error inputs cannot be differentiated from �ordinary� inputs because there isno contingency between processes in the system and purported error inputs. There is noconnection between system activities and �error� inputs that would enable any systemactivities or outcomes to be taken to be in error. In a passive system, all inputs aresimply more inputs to be processed. (If, on the contrary, we suppose that no errorfeedback is required at all, then the system is already capable, on a strictly internal basis,of determining whether the results of its input processing are correct or in error. If noerror feedback is required, then no learning is required.)5 It makes no difference whetherthe input processing is of an information-processing or a connectionist sort. Passivesystems � systems with no output � cannot make errors. Consequently, passivesystems cannot learn (Bickhard & Terveen, 1995).Built-in error signals might suggest a specious counterexample to this argument.Couldn�t a passive system have pain inputs, and wouldn�t those signal error? Wouldn�tpain signals provide error information even for passive systems? Dedicated errorsignaling certainly occurs. But in a strictly passive, outputless system � even if therewere something like pain inputs � what could bring about pain inputs or other errorsignals? What could ever evoke them? What, in fact, could a passive system do thatwould be in error?

8In general, the system must do something in order to be in error, and somethingoutside the (sub)system must indicate that it is in error. Error detection and signalingprocesses cannot, in the general case, happen only inside the system. For such processesto be strictly internal, the system would already have to have information about what is inerror and what is not. And if the system already had this information, it wouldn�t need tolearn at all � it could just keep processing until it got an acceptable answer. Either asystem already anticipates the correct result, in which case it does not need to learn, orthe system doesn�t anticipate it and must output its activities, or the results of itsactivities, to some other process that can generate error feedback. That is, learningrequires output and error feedback.Up to this point, we have argued that error requires output and error feedback, butwe have been restricted to built-in forms of feedback. In the general case, built-in errorsignals are not logically required, however useful they might be for some purposes.What could be in error? Error determination and error signaling must arise fromoutside the system, and, therefore, in response to some output from the system. A systemwith no output cannot receive error signals, and, therefore, cannot learn.6 The crucialquestion at this point, then, is what could be taken to be in error. Our answer is that ifonly output can, via the environment, initiate error signals, then it is only output that canbe taken to be in error. Classifications of the input, in such a view, are in error onlyinsofar as they yield erroneous outputs, or erroneous indications that some output couldor would be appropriate. So the fundamental attributions to the environment that can befound to be in error by the system are attributions that various outputs would beappropriate or possible, and that those outputs would have particular input consequences.This latter condition is crucial, because it is only via consequences for further inputs thatthe system can have internal functional access to any consequences of its outputs.7Error without specialized error signals. This last point allows us to generalizebeyond pain and other dedicated error signals to a broader conception of error-constituting inputs. In a learning system, functional connections between inputprocessing and outputs are stable only insofar as they do not yield error signals; there is afunctional sense in which the system is not �expecting� error signals if it does producesome particular output. Without triggering learning processes, the system is functionallyprepared to process any consequent inputs it expects to receive. Expected inputs arethose that the system is already functionally organized to handle. What makes painsignals function as error signals is that they cannot be processed within the basic systemorganization without invoking learning processes (that is, processes that change thatsystem organization).None of this requires the error signals to be predesignated as such. All that isrequired is that the system be functionally unprepared to process some subsequent input,given that it has just engaged in some process of interacting and emitting outputs. Anencounter with such functional unpreparedness be sufficient to trigger learning. In anautomaton, for example, an undefined condition or an infinite loop might suffice toindicate error and to trigger learning processes � without any particular input type beingspecially designated as an error input.Error, then, can take the form of inputs for which the system is functionallyunprepared � inputs that the system is not8 set up to handle at the moment. The generalnotion allows any input to be functionally �unexpected� under some system conditions.9Interactive representation: what can be in error. We can now draw these generalconclusions. (1) It is only connections between output and subsequent input that thesystem is not prepared for, or, more generally, flows of system-environment interactionthat the system is not prepared for, that can be taken to be in error by that system. (2) Ifsuch functional expectations of possible future interactions (or flows of interaction) are

9all that can be found to be in error for a system, then they are, conversely, all that can benot found to be in error. Only such interaction expectations, or indications, can beretained by the learning system when they are not found to yield error. Thus (3) it is onlysuch indications of interactive potentiality that can constitute representations for thesystem � assuming that representations must at least be potentially falsifiable by thesystem and for the system.Indications of interactive potentiality are not just pragmatic indications of what ispossible for the system. They are also, at least implicitly, predications about theenvironment. They predicate of the environment, implicitly, whatever those interactiveproperties are that could support the indicated interaction by the system with thatenvironment. As implicit predications about the environment, such indications ofinteractive potentiality have the logical form we would like in order to be able to modelrepresentation for the system. They have:¥ a logical subject � the current environment;¥ a logical predicate � the interactive properties;¥ and the possibility of being false, of having a truth value, from the system�s ownfunctional perspective.Although indications of interactive potentiality have truth conditions, they do notrepresent those truth conditions. They have truth conditions because they can yieldfailure unless the current environment supports the output-to-input side of the interactiveindications; they are false if their implicit predications about the environment are false.They do not represent those truth conditions,10 because there is no information internal tothe system that identifies those required environmental conditions. The system can,fallibly, detect instances in which those indications are false, but it has no directinformation about the truth conditions that have been falsified.Learning, then, requires error, and error requires anticipations of the flow ofinteraction. Only anticipations of the flow of interaction that can be found by the systemitself to be in error, and, therefore, only such anticipations that can be bearers of truthvalues for the system. Only such interactive anticipations can be representational for thesystem.In this argument, we have taken the need to account for learning as pivotal. Errorarises as a requirement for learning; interactive representation arises as the sort of thingthat could be learned. There is a related two part argument that pivots on error per serather than on learning (Bickhard, 1993, in preparation). The first part of this relatedargument points out that representation must be capable of being in error for the systemitself. Only if representational error is system-detectable can representation benaturalized. Only with system-detectable error are error-guided activities, such as goal-directedness and learning, possible. The second part of this argument is that the onlything that can be in error for the system itself is internal anticipations of the internalconsequences of system interactions � and it is those anticipations (properly rendered instrictly functional terms) that we identify as interactive representations. The argumentthat we have given and this alternative version converge on the final point: becauserepresentational learning requires system-detectable representational error, onlyinteractive representations can be learned.Either version would suffice, but we are aiming toward issues of learning, and sohave presented the version of the overall argument that focuses on what is required forlearning.Interactive representation. Both of our arguments � the incoherence argumentand the learning argument � imply that representations cannot be defined in terms of

10input correspondences. The learning argument directly supports a positive alternative:representational content is constituted as the indication of possibilities for interaction.For our frog, then, what is most fundamentally represented is not flies, but, rather,potentialities for tongue flicking and eating.For a slightly more formal perspective on interactive representation, consider asystem in interaction with an environment. The internal course of processes in such asystem will depend in part on the functional organization of the system, and in part on theenvironment that is being interacted with. Similarly, the internal state that the systemends up in when the interaction is completed will depend, in general, on the environmentinteracted with. Some environments will yield that final internal state in interaction withthis system, and some environments will yield other final internal states. Each possiblesuch final state, then, implicitly defines the class of environments that will yield it, and, ininteraction, differentiates instances of that implicitly defined class of environments fromthose of other such classes of environments.11A passive input processor could make such differentiations � the simplest case issensory �transduction.� Usually, however, differentiations, or implicit definitions, ofenvironments are taken to constitute representations of what has been differentiated;transduction is thought to produce �sensory codings.� Passive input processors are takento yield encoded representations of what has been differentiated, of what is on the otherend of the correspondence. The interactive model, in contrast, does not ascribe anyexplicit representational content to such differentiations, thereby avoiding the customarylogical incoherence and category errors.From our standpoint, those differentiating internal final states can serve to selectfurther system interaction. Having differentiated one kind of environment (the kind thatyields internal final state A, say), the system may proceed in a different fashion than if ithad differentiated a different kind of environment (for instance, the kind that yieldsinternal final state B).So, having differentiated the kind of environment that happens to correspond to afly, the frog may then differentiate its own further activity into a tongue-flicking-and-eating mode. This does not require that the frog have any representational content aboutflies, but it does mean that the frog has representational content about this environment: itis a tongue-flicking-and-eating type of environment. That content, in turn, can be inerror, and the frog, in turn, is capable of discovering it to be in error. This is error for thesystem, error detectable as such by the system.There are many more questions that the interactive conception must deal with.Even though we have predications, with truth values that can be tested by the system(defeasibly, of course), interactive representations do not look much like our familiarworld of objects in space and time, connected by causal relations, and so on.Interactivism might do for frogs, but what about human beings? We cannot elaborate ananswer in this paper, but we can indicate how such an answer is possible.From the interactivist standpoint, the primitive form of object representation is ofpotentially quite complex organizations of possible interactions and of dependenciesamong those interactions. These organizations, if they are to represent objects, have onekey additional property: they are invariant under many other classes of interactions thatthe system might engage in. There are two parts to this suggestion: the complexorganizations of indications, and the invariances.Individual indications will have the form, for example, of �If this interaction isengaged in and arrives at that internal condition, then this other interaction could beengaged in and would arrive at those other internal conditions.� Complex systems willhave complex webs of such indications, with the resultant internal conditions of some

11indications constituting the indicating conditions for others � often in interlocking andcircular organizations of indications of potentialities. Organizations of complexdependencies among possible interactions are intended to capture, for example, the factthat an object offers many possibilities for interaction: it can be visually scanned, slid,rotated, thrown, sat on, crawled around, and so on. All of these are retrievable aspossibilities, under many conditions, even if they cannot be done proximately andimmediately. So, if I turn this book over, the visual scans that were possible a momentago are not currently available, but if I turn it back over, then those same visual scansbecome possible again. The overall organization of possibilities includes manyrelationships between possible interactions and other interactions on which theirpossibility depends. In this view, a book is represented as an organization ofdependencies among interactive possibilities.That overall organization remains unchanged under many many things we can do.We can move the book, store it, lend it (usually), open it, flip through the pages, and soon, and still return to any particular set of proximate interactive possibilities � theorganization of such possibilities is invariant under all such intermediate interactions. Onthe other hand, if we incinerate the book or dissolve it in sulfuric acid, then thatorganization is destroyed � the interactive potentialities and dependencies among thosepotentialities no longer exist. From an epistemological perspective, it is precisely suchinvariances of organizations of interactive potentiality dependencies that constituteobjects.Ours is a generally Piagetian notion of object representation, and the inspirationfor our models of representation for objects in space and time, causal relationships, andso on, is similarly Piagetian (e.g., Piaget, 1954). We suggest that our familiar world isconstructed out of predications of interactive potentiality, or, in a generally Piagetiansense, that representation is emergent out of action.More broadly, the interactivist framework can be seen as a generalization ofpragmatist notions of representation (Houser & Kloesel, 1992; Murphy, 1990; Rosenthal,1983, 1987, 1990; Thayer, 1973). Pragmatists rejected the �spectator� conception ofknowledge, the view that knowledge could be available to passive systems that merelyprocess inputs. Instead, they regarded internal anticipations of interaction with anenvironment as representational. This basic affinity holds despite some importantdisagreements between interactivism and classical pragmatism.Many additional questions ought to be asked about the adequacy of the model ofrepresentation that we have proposed, but our purpose here was simply to make a primafacie case. More complete presentations can be found in Bickhard (1992a, 1993, inpreparation), Bickhard and Richie (1983), Bickhard and Terveen (1995), and Campbelland Bickhard (1986). Having established the reasonableness of an approach torepresentation in terms of interaction, rather than correspondence, we now consider theconsequences of such a conception of representation for the nature of learning.Interactive learning. The implications for learning, at least those we need atpresent, are fairly straightforward. If representation consists of correspondences withwhat is being represented, then it is tempting to think that such representationalcorrespondences could be created by impressions from the world into a passive mind.The empiricist�s waxed slate is the paradigm; its modern variants are technologicallymore sophisticated, but the underlying assumptions have not changed.12Things turn out differently if representation is emergent from action, specificallyas dependency organizations of indications of potential interaction. There is no longerany temptation to think that such organizations could be impressed by the world into apassive mind. Interactive representation is not constituted as structural correspondenceswith what is represented, but, rather, as interactively competent functional system

12organization. Such system organization must be constructed � it cannot be impressed.Consequently, the interactive model of representation logically forces a constructivistconception of learning and development.Such a constructive process cannot be assured of engaging in the rightconstruction for any arbitrary set of new circumstances. If the system had constructiveprocesses that could make the correct constructions on first encounter with newcircumstances, it would know the correct constructions in advance. But knowledge ofwhat to construct�and the origins of such knowledge�are precisely what is at issue forlearning and development. Foreknowledge of what will work cannot always be available.Indeed, foreknowledge cannot be logically required for the construction of newknowledge, on pain of infinite regress. Requiring that knowledge already exist in orderfor knowledge to be created generates such a regress (Bickhard, 1991b).Correspondence-based models of representation, for example, cannot account for thecreation of new encodings. They can account for new instances of already availableencodings, or new combinations of already available encodings (e.g., Brachman, 1979),but not new foundational atomic encodings. Foundational encodings require aspecification of what is on the other end of the encoding, but that representational contentis precisely what the encoding is supposed to provide. The representational content isrequired in order to get the encoding, and the encoding is required in order to get therepresentational content. This yields an infinite regress: the system must already haverepresentational content in order to get it.Some have sought to escape from this trap by claiming that no new foundationalencodings are learned or developed � they are all innate (Fodor, 1975, 1981). But thefoundational encoding trap is a logical impossibility, not a problem of implementation.Adversions to innate knowledge, and consequently to its sources in evolution, are totallyirrelevant (Campbell & Bickhard, 1987; Bickhard, 1988, 1991a, 1991b). If it can�t bedone, evolution can�t do it either: �the argument has to be wrong, ... a nativism pushed tothat point becomes unsupportable, ... something important must have been left aside.What I think it shows is really not so much an a priori argument for nativism as that theremust be some notion of learning that is so incredibly different from the one we haveimagined that we don�t even know what it would be like as things now stand.� (Fodor inPiattelli-Palmarini, 1980, p. 269)The consequence, we argue, is unmistakable: representation is interactive, solearning and development must be constructive. Constructions cannot requireforeknowledge of what to construct. In the limit, they must be blind. They must involvetrial and error, variation and selection, as the minimal-information process for attemptingto achieve success or fit or correctness for the constructions and their implicitenvironmental predications. In short, learning and development cannot be understoodwithout adopting an evolutionary epistemology (D. Campbell, 1974; Hooker, 1995;Bickhard & D. Campbell, in preparation).Naturally, a great deal of learning and development do make use offoreknowledge. We have not denied its existence, just argued that it cannot be requiredto exist. Our major task in this article, in fact, is to explain precisely how suchforeknowledge could exist and could guide new constructions by a system. Accountingfor constructive foreknowledge turns out to require a new architectural property, one thatcannot be found except in the most rudimentary forms whether we seek it in artificialintelligence, cognitive science, cognitive psychology, developmental psychology, orlinguistics. The architectural property we need is functional topologies inrepresentational and system spaces.Interactive Architecture

13Interestingly enough, the architectural requirements imposed by the interactivemodel of representation already give us the foundations for such topologies for learningand development. Specifically, we need an architecture of oscillations in oscillatorymedia that modulate each other, and we need processes of microgenesis. We will arguethat an interactive model of representation and a constructivist treatment of learning anddevelopment provide both.We begin with arguments for an architecture of modulated oscillations. The keypoints are that interaction requires timing, and that single clocks driving an entire system(as is done in standard computers) do not make a plausible architecture in which timingcould be realized in evolved systems. An architecture of oscillations and modulationscan address such timing considerations, and is evolutionarily plausible.In classical correspondence conceptions, representation is constituted as logicallyatemporal correspondences between representational elements and what is represented.There may be temporal processing of the representational elements, because what needsrepresenting keeps changing, and because inferences need to be carried out. But therepresentations per se do not intrinsically involve timing.Timing. For a model that treats representation as emergent out of interactivelycompetent system organization, however, timing is of the essence. Most kinds ofinteractions can fail for timing reasons, as well as for organization or patterning reasons.And timing failures can involve being either too fast or too slow � the issue really istiming and not just speed. Catching a ball, walking, driving a car, all require carefultiming to succeed. Indeed, if objects are epistemologically constituted as invariances ofpatterns of interactive possibilities, then our knowledge of objects (and the rest of ourfamiliar world) involves timing issues. Timing is at the heart of representation andknowledge. Representations in general cannot have representational content withouttiming.Now the classic computer metaphor certainly involves time � the search forfaster computers is intense and productive. But nothing in the encoded symbols that aretaken for representations in such models requires time. After all, content for the symbolsis provided by the users and designers of the systems, not by the computers themselves.Users simply demand quicker results from more complicated computations.Timing can be designed into computer systems, and sometimes must be, as whena computer is to be used to control real-time systems in the world. But the timing isengineered in by a designer or programmer who knows that the cycle time in thiscomputer is N units, and that this action has to follow that action by M units, and,therefore, that a waiting period of M units or M/N cycles must be inserted between thecommand for the first action and the command for the second.Timing considerations can enter into standard computational architectures only atthe engineering level. They are not intrinsic to the architectures. Nor are they inherent inthe mathematics or the theory behind those architectures. Consider the well-wornexample of Turing machine theory, in which time is reduced to a sequence of discretemoments. Nothing in Turing machine theory depends on the computational steps havingany particular timing, nor even any consistent timing. The theory would be unaffected ifthe first step took 2 milliseconds, the second took 5 years, the third one hour, and so on.Formal computations on formal symbols call for sequence. Action and interactionrequire timing (Bickhard & Terveen, 1995).Building a clock into the system, as we do with computers, might seem at firstblush a way to get timing into the architecture. But there are two problems with thisapproach. Human engineers and programmers know what clock signals mean, but for thesystem to be able to use them for timing purposes, it would have to know what they

14signal. A general system would have to distinguish timing signals from those for soundor pain or muscle stretching; treating timing signals as timing signals involves the veryrepresentational issues that we began with. Treating timing signals as timing signalsrequires that the system be capable of representation, and here we are back to square one.We have already argued that representation is impossible unless the system already hastiming capabilities. Once again, we run up against the circularity of requiringrepresentation in order to get representation.The second problem with the clock �solution� to the timing problem is that suchan architecture is extraordinarily brittle. Almost any change will destroy its overallfunctional integrity. New additions to such an architecture must bring with them newconnections to the clock. From an evolutionary perspective, requiring simultaneousarchitectural additions is fatal. The simultaneity is of vanishingly low probability,especially when we consider a sequence of evolutionary changes. So the single-clockarchitecture is impossible for an evolved or evolving system.Oscillations and modulations. There is an alternative, however: build timingright into the functional form of processing in the system. Instead of having one centralclock, put clocks everywhere, and realize functional relationships as interactions amongthem. Clocks are, in essence, oscillators, so this proposal becomes: use an architecture ofoscillatory processes that modulate one another. In the oscillatory architecture, inputtiming signals do not need to be interpreted. Timing is intrinsic to the process, andchanges in the system architecture intrinsically involve changes in the timing provisions.If this view is correct, it is no accident of evolutionary implementation that the centralnervous system functions in this way. An architecture supporting modulations amongoscillations as the basic functional relationship is forced by the interactive nature ofrepresentation (Bickhard, 1991a; Bickhard & Terveen, 1995).To forestall misconceptions about the formal power of an oscillatory architecture,let us note that an extreme version of modulation is for one system to modulate another

ON orOFF . That is, a switch is a limiting case of modulation. Consequently, since aTuring machine can be constructed from switching relationships, this modulatoryarchitecture is at least as powerful as Turing machines. Intrinsically handling timingmakes it more powerful than Turing machines (Bickhard & Terveen, 1995).The Central Nervous System. Before turning to the next architecturalrequirement � that of microgenesis � we would like to show how the nervous systemexhibits an architecture of oscillations and modulations. Evolution has created animpressive variety of modulatory relationships.To begin with, non-zero baseline levels of endogenous oscillation arecharacteristic of many neural process, within single cells and over entire networks. Thereis ongoing oscillatory activity, not just responses to signals impinging on neurons(Gallistel, 1980; Kalat, 1984; Kandel & Schwartz, 1985; Thatcher & John, 1977). Suchintrinsic activity can have no meaning and no explanation within symbol manipulation orconnectionist approaches, because under either conception, system responses aretriggered by inputs (Bickhard & Terveen, 1995).Modulations among such oscillatory processes are ubiquitous. Indeed, there aremultifarious types of such modulatory relationships. Cell and network oscillationsmodulate other cells and networks (Dowling, 1992; Thatcher & John, 1977).13 Somemessenger chemicals modulate the effects of others (Bloom & Lazerson, 1988; Cooper,Bloom, & Roth, 1986; Dowling, 1992; Hall, 1992; Siegelbaum & Tsien, 1985; Fuxe &Agnati, 1987).Many neurons fire rarely or not at all (Bullock, 1981; Roberts & Bush, 1981).Instead, they propagate slow-wave ionic potentials, which affect ionic concentrations in

15extra-cellular spaces, or they modulate the graded release of neurotransmitters (Bullock,1981; Fuxe & Agnati, 1991b). Both effects serve to modulate the modulatory effectsoccurring at classical synaptic junctions � they modulate modulations.There is, in fact, a broad array of non-synaptic modulatory influences (Adey,1966; Fuster, 1989; Fuxe & Agnati, 1991a; Vizi, 1984). These range from slower, large-volume influences to fast, very local influences. Volume transmitters, for example, affectthe activity of local volumes of neurons, not just single neurons on the receiving side of asynapse (Agnati, Fuxe, Pich, Zoli, Zini, Benfenati, H�rfstrand, & Goldstein, 1987; Fuxe& Agnati, 1991a; Hansson, 1991; Herkenham, 1991; Matteoli, Reetz, & De Camilli,1991; Vizi, 1984). Such slow, large volume modulations can meta-modulate theoscillatory and modulatory activity already occurring within neural networks, even to thepoint of effectively reconfiguring the effective neural circuitry (Dowling, 1992; Hall,1992; Iverson & Goodman, 1986; Koch & Poggio, 1987). At the extreme of fast, localinfluences we find gap junctions, which transmit electrical changes from cell to cellvirtually instantaneously, without mediating transmitters (Dowling, 1992; Hall, 1992;Nauta & Feirtag, 1986).An insight that affords understanding of these influences is that messengerchemicals, including classical synaptic transmitters, are strongly related to hormones(Acher, 1985; Emson, 1985; Scharrer, 1987; Vizi, 1984, 1991). Hormones can be viewedas general information transmitting molecules� as molecules that modulate multipleactivities. Hormones exhibit an evolution from intracellular messengers to neurohumorsto neurohormones to endocrine hormones (Hille, 1987; Turner & Bagnara, 1976). Manymolecules, in fact, function at all of these levels in different parts of the body. Classicneurotransmitters, in this view, are just hormones that are local to the synaptic cleft.Some systems propagate influences primarily via axonal impulses � the visualtract, for example (Koch & Poggio, 1987) � while others rely more on slow-wavepotential movements. Local and volume transmitters seem to coexist throughout much ofthe brain (Fuxe & Agnati, 1991a; Vizi, 1984), and some synapses have been found torelease multiple messengers that provide multiple levels of modulatory influence.A striking aspect of these findings is the variety of types, and volume and timescales, of modulatory influences available in the central nervous system. There is a fullevolutionary tool box of such influences, and the architectural requirements of symbolmanipulations bear no relation to any of them. Neuroscientists are recognizing, in fact,that a conceptual shift will be required if such aspects of brain functioning are to beunderstood (Bullock, 1981; Freeman & Skarda, 1990; Pellionisz, 1991). Yet, such amodulatory tool box is precisely what would be expected from the interactivistperspective, with its necessity for ubiquitous timing influences. It is striking that the in-principle architectural considerations of interactivism and recent empirical centralnervous system research converge on these oscillatory and modulatory principles.Microgenesis. Not only do we need built-in timing in our architecture, we needmicrogenesis. Microgenesis is not a familiar term, so we present what we mean by itfrom several different perspectives. Roughly, we mean a certain kind of micro-levelconstructive process in the system. Microgenesis is constructive in that it createsconditions in the system that were not present prior to the construction; it is �micro� inthat these constructions are �for the sake of� immediate ongoing activity of the system,not for constructive learning or development (which, by contrast, could be called�macrogenetic�). Our sense of microgenesis seems akin to what Werner and Kaplan(1963) originally meant by the term.14 We also find a convergence with recent work bythe Genevan functionalists (see below).In developmental psychology, microgenesis is currently understood by manyinvestigators to mean development or learning in the short run, and �microgenetic

16studies� are taken to mean short-term longitudinal studies involving repeated solution ofthe same types of problems (Inhelder et al., 1976; Karmiloff-Smith, 1986; Schmid-Sch�nbein, 1985; Siegler & Jenkins, 1989). We are concerned here with the ontologyand architecture of the system and its processes, not with methodological approaches(however desirable they might be) to studying that system. As will become apparentbelow, microgenesis in our sense happens whenever the system functions, anddevelopment and learning processes modify microgenetic processes. So we do notconsider microgenesis to be a short-term version of learning or development.The basic point is that a particular physical level system, or part of a system, mustfunction in differing modes at differing times. This should not be a mysteriousconception � the CPU in a standard digital computer functions in different modes. In areal time interactive system, such shifts in manner of functioning must go oncontinuously. There must be processes that shift the manner of processing and set upnew modes. In other words, there must be microgenetic processes.Sometimes shifts in mode are called �activation.� But microgenesis does notmerely �energize� a fixed or isomorphic structure. Activation requires that what isactivated be already complete, though functionally quiescent � activation simply �turnsit on.� The activation view is compatible with a model of system functioning in whichthe available manners of functioning are embodied in a library of programs, and shifts infunctioning are accomplished by �loading� or �activating� ready-made programs fromthe library. Microgenesis is not retrieval from a library of fixed programs; it is more likea constructive process that generates programs (or components and features thereof) �onthe fly.�The notion of microgenesis has some kinship to the sense in which a singlephysical computer will function differently depending on which program it is running,but it has more kinship with the sense in which the central processing units of a computermust be continuously set up and re-set up to correctly handle the various differentmachine language instructions as those instructions flow into the processors. A givenprocessor might add or shift or store bit patterns, and it must be �microgenetically set up�to do whatever it is that is needed at that point in the overall program.In the brain, something similar occurs. The manner of processing in the brain �or in a specific part of it � will vary widely from time to time, from moment to moment,depending on what is being thought about, on what is being attended to, on what isdemanding attention, on what interactions are being engaged in, and so on. These shiftsin functional modes or manners of processing take place within a single physical-levelsystem, so they require some sort of ongoing microgenetic set-up process to bring themabout. The point is not simply that the brain can do different things. The brain canfunction in differing ways, and microgenesis is the process of shifting to, or setting up,alternative ways of functioning.Recall from memory � for example, while one is engaged in a complex but welllearned task � is not simply the readout of stored actions. Recall involves some processof creating differing patterns of functioning at differing times under the control ofwhatever the biochemical ground for memory storage might be. At differing points in acomplex task, the brain is prepared for differing environmental conditions and ensuingcourses of interaction. The actual course of interaction will depend, among things, oncontingent details of the environment, AND on the specifics of that internal preparationfor some class of possible courses of interaction. For example, if the conditionsappropriate to a much later step in a complex task were to suddenly appear early in thetask, the preparations would not be in place. There would, at the very least, be a startleresponse, and most likely the person would conclude that something seriously wrong hadoccurred. Microgenesis is the process of creating those internal preparations for various

17possible environmental conditions and ensuing courses of interaction. Such preparatoryconditions will vary continuously throughout the course of a (complex) task, so themicrogenesis of those preparatory conditions will also be continuous.In automata-theoretic terms, it is not so much that a system makes a transitionfrom one pre-existing state to the next pre-existing state. Rather, the states of themachine are possible states of the entire machine. These states differ in how they willinteract with various possible inputs. �Movement� from one state to another is in fact amicrogenetic construction of the machine conditions that constitute the next machinestate, followed immediately by microgenetic preparations for the machine states thatmight come after it, and so on.Microgenesis in our sense, then, is the construction of system modes and mannersof processing. Microgenesis is implicit in both machine theory and brain studies.Usually, though, it is not accorded direct functional importance or accepted into thearchitecture; it is relegated to implementational levels and thenceforth ignored. We willargue, on the contrary, that microgenesis at the architectural level is critically importantfor learning.There will be microgenesis in any system that changes its manner of functioninginternally. But it will remain trivial in any system whose changes are trivial. And it willbe theoretically unimportant in any system so long as the modes of functioning that areset up by the microgenetic processes are of interest but the �set up� processes are not.Interactivism forces us to focus on microgenesis because the modes of oscillation andmodulation in the brain must change, and because, we will argue, learning anddevelopment must ultimately be constituted as changes in microgenetic processes.We have argued that representation cannot be fundamentally a matter ofcorrespondences or encoding relationships. Rather, it must take the form of organizedindications of potential further interactions. We have argued that learning must involveerror, that error signals must come from outside the learning system, and that learningmust be ultimately based on blind variation and selection. We have explored the kind ofcomputational architecture necessary for systems capable of interactive knowing andlearning, and shown that suitable architectures must incorporate timing (in the form ofmodulatory relationships between oscillators) and microgenetic processes for shiftingbetween computational modes and setting up new ones. All of these considerations arepreliminaries to the central problem we are addressing in this paper.We turn now to more general characterizations of learning and development, notjust the blind variation and selection that take place at the limit. We turn to learning anddevelopment that do involve prior knowledge, at least heuristic knowledge, of whatworked in the past.In a nutshell, heuristic problem solving requires nearness information for old andnew problems, and for solutions or attempted solutions to those problems � and that istopological information. It turns out that oscillatory processes and microgeneticprocesses provide the basis for such topologies.Problem and Solution SpacesLet us begin with a reasonably familiar formulation of problem solving.Paradigmatic conceptions of problem solving involve classifying a new problem ashaving various similarities to already solved problems, and constructing solution trialswith corresponding similarities to the solutions to those already solved problems. That is,the similarities between new problems and old problems must somehow be mapped intosimilarities between potential solutions to new problems and already obtained solutionsto old problems. In diagrammatic form, we have:

18

19they are involved in the logic of the program. In more complex programs, either theproblem space or the solution space, or both, may be a combinatoric space, in which theparticular problem classifications or solution categories, or both, are constructed out of abasic set of predefined components (Clancey, 1992). Clancey shows that these may beunderstood as constructions of models of the systems being analyzed, or in which theproblem is to be solved.Our concern is that, even in these most sophisticated problem-solving programs,the representational capacities are limited to combinations of predefined components, or� worse yet � to predefined categories with no combinatoric possibilities. This is just ahigher level version of the restriction to combinations of predefined representationalatoms that characterizes the encoding approach in general. We will focus on how asystem can generate its own new representations and its own new representational spaces.Analogical reasoning. Our diagram with its mappings should bring to mind theinformation-processing approach to analogical reasoning that has been popular for thepast decade, starting with Gentner�s (1983) structural theory of analogies. Relatedconceptions can be found in Holland, Holyoak, Nisbett, and Thagard (1986) andincreasingly among developmental psychologists as well (Gentner, 1988; Goswami,1991; Halford, 1992). An analogy, for Gentner (1983), is a mapping from a sourcestructure of elements to a target structure of elements that �aligns� or places incorrespondence the elements and their structural relationships. For instance, �human�can be mapped to �horse� and �baby� to �foal�; the relationship between �human� and�baby� will also be mapped to the relationship between �horse� and �foal.� In theconstruction of analogies, alignments of relations are more important than alignments ofelements, though relational alignments may be discovered via initial trial alignments ofelements.Gentner�s model is articulated within a standard symbol manipulation framework.Analogy is modeled as the construction of an isomorphism (or homomorphism) betweendata structures composed of encoded elements and their encoded relations (Falkenhainer,Forbus, & Gentner, 1989; Gentner & Markman, in press). No analogy can be drawnunless both sides of the comparison, the source and the target, are available as encodedsymbols (and, of course, unless the structures are so organized as to allow the rightcorrespondences to be drawn). Clearly, this constitutes a fundamental difference betweenher approach and our own.Nevertheless, Gentner�s notion of isomorphism between representationalstructures is intrinsically dependent on the relational organization of those structures: theisomorphisms preserve precisely that relational organization (Falkenhainer, Forbus, &Gentner, 1989; Gentner, 1983; Gentner & Markman, in press). This emphasis on therelational organization of representation is convergent with the interactivist conception ofrepresentation as webs of interactive indicative relationships. Gentner�s view, however,that the elements in these representational structures are themselves representations is apure encodingist conception, and so is the notion that the relations are inherentlyrepresentational (for instance, they might stand for causal relations; Falkenhainer, Forbus,& Gentner, 1989). The other end of such presumed representational correspondences �what is represented � is not functionally available to the workings of the system (Fodor,1981b). Consequently, all processing, including whatever is required for analogy, mustbe dependent solely on the type of the elements and the structural relations among thoseelements. At this level of description, the theory is a purely syntactic conception ofanalogy; only formal features of the structures of elements matter.15Holland et al. (1986), in an attempt to introduce additional pragmaticconsiderations, relax the mapping requirements somewhat, and attempt to take intoaccount the problem-solver�s goals. Like Gentner (1983), they pay special attention to

20the temporal and causal relations in the source and target structures. According toHolland et al.,Analogical problem solving involves four basic steps. Theseare (1) constructing [encoded] mental representations of the sourceand the target; (2) selecting the source as a potentially relevantanalog to the target; (3) mapping the components of the source andthe target (that is, identifying components that play correspondingroles in the two situations); and (4) extending the mapping togenerate rules that apply to the target in order to achieve a solution.(1986, p. 292)For workers in the field of analogical reasoning, this barely needs reciting; it isclose to a truism. In terms of the problem we are trying to solve, however, all of theseaccounts of analogical reasoning run into the same difficulties. If not all mentalrepresentations are encodings, step (1) falls by the wayside. And without step (1), theexplicit mapping of components called for in step (3) cannot happen. We are not denyingthe possibility of analogical reasoning in the manner described. It is perfectly possible todevelop derivative encodings, in which one functional condition stands in for aninteractive representation (Bickhard & Richie, 1983). Indeed, when we learn to read, orto make use of symbolic logic, we are learning encoding relationships: written wordsstand in for spoken words, and formal notation stands in for written statements inordinary language.16 We can learn those relationships only because we have alreadyrepresented what is on both ends of them. Our ability to make and use analogies,however, is not limited to what we have derivatively encoded first. (This issue is neverraised by the proponents of information-processing theories, because they assume thatwhatever we know we must have encoded.) For instance, as Holland et al. point out,many analogies that people make involve such �close� similarities that we consider themto be trivial, as in the case of thinking about the approach that a friend used when askingthe boss for a raise, and the boss�s reaction to that approach, when deciding how to askfor a raise yourself (1986, p. 309).As is widely recognized, step (2), recognizing relevant analogs, is the realstumbling block, both in performing analogical reasoning, and in modeling it: �it is mucheasier to learn to map an atom onto a solar system than to spontaneously link the twoanalogs in the first place� (Holland et al., 1986, p. 315). Indeed so. Recognizingpotential analogs is an instance of the very problem we have been posing � the problemof functional and representational similarities � in all of its glory. Within aninformation-processing approach (such as that of Anderson, 1983, or Holland et al.themselves), one solution that has been offered is to posit encoded representations in theform of semantic memory nodes or �concepts� and to envision activation passing fromconcept to related concepts along reified associative links (Collins & Quillian, 1969).But where do such �concepts� and links come from? They are not generated by thesystem; they have to be supplied for it by the designer or the programmer.Consider the currently popular idea of �pragmatic reasoning schemas� (Cheng &Holyoak, 1986). For instance, Halford (1992) claims that children learn to solve Piaget�sclass-inclusion problem by forming an analogy between class-subclass relationships anda family schema (dog and cat are to animal as children are to parents). Though we canaccept this as a plausible analogy, we cannot accept the underlying account of howchildren represent either kind of relationship in the first place, and how they come to treatone relationship as similar to the other. If Halford�s (1992) account is true, children haveto know both ends of the analogy, and they have to know them as structured encodings;otherwise there is no way to draw the necessary correspondences. But once childrenalready have the right encodings of parent-child and class-subclass relationships, thecorrespondence encodings just fall out. (This is a general problem with encodings, in that

21everything is explicitly represented in them; they have no interesting implicit properties,no �surplus meaning.�) Indeed, Halford has to posit processing loads that escalate withthe number of terms in the relationship, because, otherwise, the correspondences betweenthe relationships would have to be recognized as soon as the relationships are encoded(which, for Halford, means as soon as they are learned) and the class-inclusion analogywould develop no later than qualitatively simpler analogies do.The fact that standard theories of analogical reasoning require that both terms ofthe analogy be encoded may explain why analogies that are perfectly straightforwardfrom the modeler�s point of view have often turned out to be quite difficult to grasp forparticipants in empirical studies, and require extensive hints to get across (e.g., Gick &Holyoak, 1980, 1983). Perhaps this is because the participants don�t start out with theencoded representations that the experimenters presume they have; and if they don�t, ofcourse, they may not notice the correspondences that fall out once the right structures aregiven.Encoding all of the information thus presupposes that our question has alreadybeen answered. Real problem-solvers do not start out with all of their information neatlylaid out and predesigned. On the contrary, the real question is how the �similarityorganizations� within spaces of potential problems and potential solutions can befunctionally and constructively realized. Programming in the foundations for suchorganization, as a set of already encoded features, solves the problem for the system; itwill never explain how a real system could solve the problem for itself.Stimulus generalization. Indeed, the same general principles apply even toclassical stimulus generalization. In stimulus generalization, the new stimulus is �similar�to an old stimulus, and the new response will be �similarly� �similar� to the old response.Pavlov�s dog reacts to the bell similarly, but not identically, to the way it reacts to food,and it reacts to a slightly different bell similarly, but not identically, to the way it reacts tothe first bell. Here the principles of organization are inherent in the nature andfunctioning of the system � a sensory system, for example � and not explicitly encodedand separately inputted by a programmer. There is no external programmer (saveevolution) doing all of the work here, but there is nevertheless a fixedness of thegeneralization topologies involved, determined innately by the functioning of the sensorysystems. In the general case, such topologies for generalization must somehow berealized in learned and developed cognitive spaces � spaces that have been constructedby the system � not just spaces that are available because they have beenpreprogrammed, or preformed at birth.Metric Spaces and TopologiesWe have been discussing this issue in terms of �similarity organizations� withinproblem and solution spaces, and would now like to provide a less vague conception ofthe nature of such organizations. A rich possibility for such organizations that cancapture notions of similar and dissimilar, near and far, would be that of a metric space, inwhich there is an actual distance measure between points in the problem spaces and in thesolution spaces. The widely used technique of multidimensional scaling assumes ametric space. In metric terms, constructing the next heuristic solution attempt wouldamount to fixing distance and direction from old problem to new problem, then markingoff an equivalent distance in the equivalent direction from the old solution in the solutionspace. As we have already mentioned, a frequently recommended alternative to a metricspace is a feature space (Tversky, 1977; Tversky & Gati, 1978). A feature space alsoprovides distance measures for problems and solutions, although these take the form ofdiscrete, integer-based distances that depend on numbers of features.A metric presents a great deal of information about nearness and farness,similarity and dissimilarity. Often that is unavailable information. A metric organization

22is not to be expected in general, especially in early constructions of such problem andsolution spaces when their internal organizations may still be unsettled. What, forexample, is the metric distance from walking to bicycle riding, or, for that matter, fromtricycle riding to bicycle riding, especially for someone who is just learning to ride abicycle? What is the metric distance from playing the alto saxophone to playing the bassclarinet, for a musician who has never played a clarinet before? Furthermore, someproblem or solution spaces do not logically admit distance measures. The relationshipsamong the chemical properties within the rows and columns of the periodic table of theelements, for example, could not be usefully captured by a simple metric. Therelationships across the columns of the table are not the same kind as the relationshipsacross the rows � there is an apples-and-oranges problem. Apples-and-orangesproblems are all too common, and some comparisons are even worse � more like applesand television sets. Single metric measures of comparison cannot be the most generalform; something more general is required.The most general formal approach to issues of nearness and farness is that oftopology (Kelley, 1955; Hocking & Young, 1961). Algebra is the study of the points ofsets, and the sorts of organizations induced by various transformations on those points.Topology is the study of subsets of sets, and the organizations inherent in the subset,intersection, and other set-theoretic relationships among them. The notion of �two pointsbeing near� in topology is roughly that of �two points being in the same (open) sets�.Another form of organization, called a uniform space, has more structure than atopology, but less than a metric space (James, 1987). Uniform spaces are of deepimportance in physics (Geroch, 1985), and may well be of fundamental importance indealing with the issues at hand � similarity relationships among cognitive constructions� but the basic puzzle that we are focusing on is most easily stated in terms oftopologies, whether or not they are also uniform spaces:¥ How could a topology in a space of potential cognitive constructions befunctionally realized in the actual constructive activities of the system?¥ How could new topologies be generated in newly constructed spaces ofpotential cognitive constructions?Note that the functional construction of such topologies in new cognitive spaces is amongthe most important steps in the construction of problem solving heuristics within and forthose spaces. Once the topologies are available, the problem-solving heuristics are givenin the continuous maps between such spaces.17What is problematic for us here is not defining a topology as such. Abstractmathematical topologies are trivially easy to define. An unbounded number of topologiescan be defined on an arbitrary underlying set, but nearly all of them will be irrelevant toany cognitive or constructive issues. The real problem here is to show how such atopology could: 1) emerge constructively in newly constructed cognitive spaces; 2) befunctionally efficacious for the system, that is, functionally realized in the heuristicconstructive processes that bring about new learning and problem solving; and 3) containuseful information that makes learning and problem solving work better.Very few approaches to cognitive psychology even permit a meaningful definitionof this problem of constructive topologies. Non-constructive approaches, like those ofexpert systems with predefined categories, clearly do not. Encoding-based conceptionscan crudely address the topological issue per se � via comparisons of features, forinstance � but cannot address the constructive emergence of such topologies. Of course,information-processing models, and, therefore, all of the dominant approaches incognitive science and artificial intelligence are encoding-based. Models of learning and

23development within those fields are perforce extremely impoverished (Bickhard &Terveen, 1995).Feature-based topologies. Information-processing conceptions run intofundamental difficulties when they try to address the problem of constructive topologies.Whether they use problem spaces or correspondences between structured encodings, therelevant topological information in information-processing models, when there is any, isstatic and predesigned for the system. How can the system construct new topologies? Toup the ante, how could it construct new representational spaces with new topologies?The topologies that do get provided by information-processing models are seriouslyconstricted. For instance, they might take the form of integer metrics on simple counts offeature overlaps: the distance between two points (in this perhaps simplest of allpossibilities) would be defined as the number of features shared by the two points.Existing critiques point out two problems with such models. First of all, they arestatic; not only must the feature space be supplied in advance, but it cannot be modified.Certainly multidimensional scaling models avoid accounting for changes in thedimensions of the spaces they model. Preset, inflexible category systems are a majorproblem for symbolic artificial intelligence; there is no way to transcend the �blindness�(Winograd & Flores, 1986) that comes from being locked into any particular categoricalscheme.Second, strict Euclidean feature models are incapable of accounting forasymmetric similarity judgments, such as the tendency to consider North Korea moresimilar to China than China is to North Korea. Nor can they account for other context-dependencies in similarity judgments, such as the fact that judgments of politicalsimilarity between countries may be different from judgments of geographical similarity(Tversky, 1977; Tversky & Gati, 1978). To deal with such judgments, Tversky (1977;Tversky & Gati, 1978) proposed a feature-based contrast model of similarity. Theentities to be compared are first characterized as sets of features, then the feature sets arecompared. Similarity is a function of the number of shared features minus the number ofunshared features.As Shanon (1988) was able to show in turn, appealing to features to explainsimilarity is fundamentally unsatisfactory. The feature-based model has to assume thatthe features are given in advance of the judgment of similarity; if not predefined once andfor all, the features must at least be established independently of the similarity judgmentto be undertaken. Moreover, the model accounts for context effects, for instance, effectsof the goals of the person making the judgment, by supposing that selections are madeamong the preexisting features, or that differential weights are assigned to them. Becausethe range of possible contexts for similarity judgments is unbounded, Shanon (1988)argues, so is the range of possible context effects; if context works by selecting amongpreexisting features, there would have to be an infinite set of features already on hand.On the contrary, features are identified as the consequence of judgments of similarity:Consider aunts inspecting their newborn nephews or nieces.Each aunt sees in the baby facial features resembling one ofher ancestors. The same face will be associated withdifferent features depending on which other faces it isbeing compared with. This pattern of behavior indicatesthat there is no given set of features by which a face isdefined. What these features are is itself determined on thebasis of an overall appraisal of similarity, or even a priorstipulation that similarity does in fact obtain. Thus, ratherthan similarity being determined by the sharing (and non-sharing) of features which are already given, the features

24are determined by the prior appraisal (or even stipulation)of similarity. (pp. 311-312)Moreover, as Shanon points out, the featural model of similarity presumes thatfeatures are entirely independent of one another, and can be concatenated or added to oneanother without regard for interactions between them. And this assumption is no moretenable than the preceding ones. �One may wonder, for instance, whether the attributes�coin collector� and �introvert� are as independent as �coin collector� and �member of theLabor party� are� (p. 314).Certainly the �feature� of weighing five kilograms is not independent of the�feature� of weighing ten kilograms, or of the �feature� of being prime or that of being avirtue or that of being a ternary relation, and so on and so on (Bickhard, 1987; Kenny,1973). Filling out which properties and relationships are independent and which are notmeans filling out an entire metaphysics, something that is definitely not pre-encoded formany, perhaps most, genuine epistemic agents.Shanon�s (1988) argument amplifies our own critique of featural topologies, andhence of encoding-based conceptions of representation more generally. Neither metricspaces, nor the standard alternative to them, feature-based topologies, are adequate toaccount for judgments of similarity in particular, or for the role of similarity indevelopmental constructions more generally (for a review of some additional problems,see Medin, Goldstone, and Gentner, 1993). Features, when they can be identified, areidentified on the basis of similarities which require further explanation. Information-processing approaches have not answered the question of how a system could learntopologies; they have tried to beg it.Piaget and constructive topologies. Jean Piaget, on the other hand, neveradopted prefabricated problem spaces, either metric or feature-based. And he tookdevelopmental processes far more seriously than any IP theorist has ever done. Yet henot only failed to solve the problem of constructive topologies � key assumptions in hisframework prevented him from posing the problem. Neither his assumption thatknowledge consists of cognitive structures nor his view that development involves theequilibration of those structures permitted him to explore the issue of topologies.Though Piaget would have rejected the physical symbol system hypothesis, hisconception of knowledge did not succeed in breaking away from encodingism (Bickhard,1988; Bickhard & Campbell, 1989). Piaget recognized two categories of knowledge.The less important kind, figurative knowledge (the sort that results from perception, or isfound in mental images) is static, and represents by correspondence, and so cannotwithstand our critique of encoding conceptions. Operative knowledge pertains topossible actions and consequently has an interactive flavor. However, Piaget maintainedthat operative knowledge, in the form of action schemes or logical structures, isisomorphic or �partially isomorphic� to structures in the environment, and consequentlyit, too, is encoded knowledge.Though vestigial, and concealed within a subtle and sophisticated conception ofrepresentation, Piaget�s encodingism undermines any attempt to construct a topologywithin his framework. And while his structures were intended to be dynamic systems,the mathematical structures (groupings, groups, and lattices) that he employed to modelthem are essentially static. A valid model of topologies in representational spaces cannotbe founded on an untenable model of representation.A more immediate obstacle to raising and resolving the problem of topologies,however, was Piaget�s conception of developmental construction as the equilibration ofcognitive structures. Equilibration is not a constructive process at all. It is a tendencytoward equilibrium; that is, toward certain properties of the operative structures that get

25constructed (Bickhard, 1988; Campbell & Bickhard, 1992b). Piagetian constructions areof potential actions and potential meta-actions � coordinations of actions. He wasparticularly concerned with the fascinating mathematical and logical properties thatemerge when a space of potential meta-actions is constructively exhausted, producing aclosed algebraic organization like a group. Piaget�s (1985) model of equilibration neverspecified the processes of such construction, only some of the functional properties of theresulting constructions, like their reversibility or their tendency toward algebraic closure.Without such a model of the processes of construction � of macrogenesis andmicrogenesis � Piaget could not deliver a constructive topology.Piaget would not have been able to produce a model of constructive processes inany case, because he rejected blind variation and selection, or trial and error, as the basisfor cognitive evolution, or for learning and development. Hence he had no way toaccount for the emergence of heuristically guided variation and selection (Bickhard,1988). Piaget was not all that interested in the details of problem solving. He preferredto ponder broad epistemological questions like the emergence of mathematical andlogical necessity, for which he sought an explanation that would avoid the errors andinadequacies of both empiricism and nativism. Inspired by an analogy betweenphysiological structures and their functions, on the one hand, and cognitive structures andtheir functions, on the other, he sought to understand the �embryological� (though notpreformed) unfoldings of cognitive structures, and the consequent inherent emergence ofalgebraic closure in those structures. Structures that were algebraically closedconsequently had other mathematically necessary properties, like those of group theory;Piaget proposed the emergence of such mathematically necessary properties as thesolution to the epistemological mysteries of mathematical and logical necessity(Bickhard, 1988; Chapman, 1988; Kitchener, 1986; Piaget, 1971, 1985).Piaget, then, was preoccupied with fundamental epistemological problems, andproposed that they could be solved by recognizing the properties toward which cognitivestructures inherently tend. Such tendencies of construction, he believed, could bespecified without providing any explicit model of the processes of construction. Withoutsuch an explicit model of construction, there could be no model of topologies inconstructive spaces. Indeed, until the late introduction of functionalist ideas into hisgenetic epistemology (Inhelder & Piaget, 1979; Inhelder et al., 1976), Piaget was simplynot very interested in learning or problem-solving activities, in heuristic problem solvingor the use of information about previous successes when undertaking to solve newproblems; throughout his career, he disparaged mere learning or �empirical abstraction�as having no significant constructive power. So the very issues that pose the problem ofconstructive topologies largely escaped his notice.We have argued elsewhere that Piaget, despite valiant efforts, did not attain hisprimary goal of accounting for the emergence of the knowledge of logical necessity. Atbest, he could explain the origin of (algebraic) structures that possess various propertiesnecessarily, but not knowledge of those properties or knowledge of their necessity(Bickhard, 1988; Campbell & Bickhard, 1986). Contrary to Piaget, we have argued thatany framework capable of solving the epistemological problem of necessity must also beable to solve the problem of constructive topologies. A constructivist account oflearning, based ultimately on blind variation and selection, is necessary to explainrepresentation, and, ultimately, the development of necessity. But such a constructivistaccount must also be able to explain the variations and selections that are no longer blind,and that is the problem of constructive topologies.Genevan functionalism. Piaget, then, was not primarily concerned with thequestions that give rise to the need for constructive topologies, and could not have solvedthem even if they had captured his interest. By contrast, those latter-day Piagetians whohave focused on the actual processes of problem solving, the Genevan functionalists,

26have been quite explicitly concerned with these questions. Retaining Piaget�s conceptionof a scheme as the basic form of operative knowledge, they have cast the problem interms of the generality of schemes, similarity between schemes, and similarity betweenthe processes that construct schemes:[t]he process of scheme formation tends toward generalization. If a scheme istriggered in a particular situation, it gets specified as a function of the context insuch a way as to become relevant, but its epistemic enrichment and its heuristicvalue inhere in its ability to generalize to other situations. (Inhelder & deCaprona, 1992, p. 44)Here we find a clear statement of the problem: old, already solved problems never recurin exactly the same form. So old solutions from old situations must somehow begeneralized to fit new particular situations. Furthermore:let us guard against thinking that familiar schemes could subsist, in the manner ofpregiven ideas, as already constituted epistemic and heuristic units, at the disposalof a knowing subject who would only have to call them up and apply themdirectly. Vis-�-vis a novel situation, a scheme is a possibility for action,indeterminate, yet at the same time rich with virtualities of actualization...In other words, a scheme has to be formed at a specific place and time by aprocess of microgenesis. The familiar character of a scheme is not given, it is tobe constructed, and this elaboration means above all an appropriation of generalschemes by the individual subject. Every familiar scheme is an individualizedscheme. The particularities of the constructions which give rise to familiarschemes may not be the most important issue. The sort of psychology that paidclose attention to them would have to devote itself to an endless description ofparticular constructions, themselves of an infinite diversity. The important thingis that the process of formation is a process of individualizing knowledge. (p. 44)Generalizing from old situations to new situations cannot be accomplished by retrievalfrom some vast library of particularized schemes. Schemes must be adapted orgeneralized by a constructive process � a microconstructive, or microgenetic, process.In Inhelder and de Caprona�s discussion we find a clear recognition of the needfor generalization, and of the need for solving the problem of generalization within theframework of microgenesis. These issues have scarcely been recognized anywhere else.Unfortunately, Inhelder and de Caprona do not supply any further constraints on, orcharacterizations of, a solution. An obstacle, we suspect, is the continued commitment tocharacterizing representation in terms of Piagetian schemes. At times in Genevanfunctionalist writings, schemes are considered psychologically real forms of mentalrepresentation; at other times, schemes are reduced to convenient descriptions ofproblems that children can solve or tasks they can accomplish. To the extent thatschemes are still taken seriously as a basic kind of knowledge, they are vulnerable tocritiques of encodings. To the extent that they are not, they need to replaced by someother conception of representation that the Genevan functionalists have not yet supplied.An Interactivist SolutionSo far we have weighed information-processing approaches to the problem oftopologies and found them wanting. Neither prefabricated problem spaces norpredesigned feature spaces nor correspondences between structured encodings even beginto address the constructive aspects of the problem. Piagetian approaches are far morealert to constructive questions, but Piaget�s refusal to accept variation and selection andhis retention of isomorphism between cognitive structures and the environment preventedhim from framing the problem of constructive topologies. The Genevan functionalistshave gone beyond Piaget and formulated the problem explicitly, even stated it in terms of

27microgenesis, but have been held back by their continued adherence to Piaget�sconception of representation.We would now like to sketch a programmatic solution for the problem ofconstructive topologies. We base this solution on the interactive conception ofrepresentation and more generally on an approach that seeks to characterizepsychological phenomena in process terms (Bickhard, 1980, 1992a; Bickhard & Richie,1983; Campbell & Bickhard, 1986).Overlap between constructive processes. The first step is to realize thatconstructive processes of any sort, macrogenetic or microgenetic, can induce functionaltopologies in the spaces of their possible constructions. In particular, the kind and degreeof overlap between the constructive processes involved in the elements of such a spaceinduce a topology on that space. The open sets of this topology are the sets of possibleconstructed elements that share various kinds and degrees of constructive process(incorporating information about kinds of process overlap might involve mathematicaluniformities, not just topologies).A conception strictly in terms of process overlap abstracts away from whateverprinciples of organization might be inherent in the microgenetic processes. Becausetopologies are induced by overlaps between constructive processes, those topologies willreflect the organizations of those microgenetic processes. Microgenetic processes mightoverlap in terms of their subroutines involved. They could overlap in various aspects,such as intensity or mood. They could overlap in illocutionary category or functional orgrammatical category. Or they could overlap in amount of construction of some sort,such as degree of membership in fuzzy or prototypical categories. To chart all of thepossible kinds of topologies would require a catalog of microgenetic processes and of thespecifics of interactive representation in different domains.18To develop an example a little farther, let us consider the microgenesis of words,which would include recalling them, saying them, using them in sentences, or writingthem. In these contexts, some pairs of words share more microgenetic processes, or morediffering kinds of microgenetic construction, than do other pairs of words. Suppose thatthe microgenetic preparation that has just been completed for a word already constructeddoes not have to be duplicated for another word that is under construction � that is, thatthe products of microgenetic set-ups have some persistence, and do not need repeating solong as what has been set up is still available. Finally, suppose the free construction ofwords would honor this topology by obeying a �minimal effort� constraint: A tendencyto minimize additional construction would favor the free construction of words that were�near� (share construction with) words that had been (recently) constructed. If ourpurpose were to present a detailed model of word microgenesis, a good deal more wouldhave to be said in support of these suppositions. But all we need here is an illustration ofmicrogenesis in general.The point of our exercise is that such a model of word microgenesis would predictword associations. High overlaps in microgenetic processes lead to high probabilities ofconstruction of �nearby� words given the prior construction of neighboring words.Associative �strength� is a manifestation of high degree of constructive overlap; thetopologies of such associations are not explicit in the words, nor do they reside in anyexplicit links, arcs, or connections among those words. Instead, the topologies areintrinsic in the relationships of overlap in potential microgenetic constructions. Such anintrinsic topology is precisely the kind of functional relationship that is required forproblem and solution spaces.Manifested topologies. The associative net among words that results fromoverlaps in the microgenetic processes is a manifested constructive topology. Theassociations are implicit in the microconstructive overlaps; they have no other reality for

28the system. Hence there can be no flows of activation or energy along associative linksin this model of associations. There can be no �spreading activation,� and talk of�strengthening� or �weakening� links is at best metaphorical. It is the microgeneticconstructive processes that are psychologically real; the �associations� are the manifestresults of the implicit relationships among those constructive processes.In such a model, the hyphens between Ss and Rs in an associative network, thelinks between the nodes, describe manifestations of implicit relationships in themicroconstructive functioning of the system. They do not represent anything real inmental structure or process. Treating word associations as psychologically real is justanother example of long-established predilections in psychology. Psychologistsfrequently reify relationships and properties into things, and take descriptions of possibletask accomplishments as explanations of mental process (Campbell & Bickhard, 1986).Functional topologies will in general be implicit like this; they will not ontologicallyexplicit like the nonconstructive encoded similarities that must be programmed into IPmodels.Are stored computer programs sufficient? Recognizing that overlaps ofconstructive processes induce topologies in what is being constructed is a first steptoward solving the problem, but it is not sufficient. Usually macrogenetic processes ofdevelopment or learning are modeled as producing fixed structures � e.g., computerprograms � which then engage in interaction with the world, and are filed away in some�memory� when not in use. Under such circumstances, there will be an induced implicittopology in the space of possible programs to be constructed, but there will be noparticular functionally effective relationship between the old programs � those alreadyconstructed and stored away for use � and the new programs that still need to beconstructed. The developmental constructive processes and the products that theyconstruct are not of the same sort. Storing successful products of developmentalconstruction can make those particular products available in the future, but storingdevelopmental products cannot have any intrinsic effect on the developmental processesthemselves.Processes of development and learning, if they are to produce future constructionsunder heuristic guidance, need information about which construction processes haveproduced constructive products that worked. With no such information available in thedevelopmental processes, and none in the stored products, the developmental constructivetopology would be useless for heuristic problem solving because the already constructedsuccessful problem definitions and solutions would have no particular location in, orrelationship to, the constructive topology. There would be no anchors of success, ofaccepted problem-solution pairs, in the constructive space. Though accepted problem-solution pairs would be stored for future use, they would be past products, not currentfunctional points in the constructive processes. New problems could not be related to oldproblems and their old successes because the old problems and successes would not belocated in the developmental, or learning, topology. Problem and solution generalizationcould not occur because there would be no way to locate the points of success in theconstructive space from which generalization could proceed.To avoid this impasse, we need to recognize still another disanalogy between thebrain and the computer: Programs are encoded and stored in a computer memory in alltheir detail, and then retrieved command by command as needed, but in the brain there isnothing akin to the particulateness of this process. Conversely, there is only marginalmicrogenesis for the stored programs in a computer (the shifting of the functionalcondition of the CPU). Once it has been acceptably written � and, if necessary,compiled � no further construction of a program is required to run it (although there willas a practical matter be much rewriting to fix bugs and improve functioning). Program

29development (programming) is functionally distinct from program microgenesis (CPU setups), and, therefore, there is limited functional interaction between the two.The activities of the brain, however, involve multiple modes of functioning of thevarious parts and regions of the brain, and these modes of functioning must beconstructed on the fly. They must be constructed microgenetically, not retrieved like thenext command in a computer program.The disjuncture between macrogenesis (learning, development, programming)and microgenesis (setting up modes of functioning, setting up the CPU) is what must betranscended in order to make past successes in construction heuristically available forcurrent problem solving. Without processes of microgenetic construction, there would beno way for the requisite generalization to take place during development and learning.Shifts between modes of functioning. Microgenesis tracks and constructsneeded modes of functioning throughout the course of action and interaction. Somethingmust be �stored�, of course, to direct the process. But the brain is massively parallel inits operations, and it functions by oscillatory interactions rather than particulate symbolmanipulations. So whatever it is that gets stored in the brain to direct modes-of-functioning microgenesis is not going to much resemble a computer program.From a slightly different perspective, the shifts of functional mode of acomputer�s Central Processing Unit are a form of microgenesis. Something roughly akinto this will have to be taking place continuously and massively in the brain, andeverywhere in parallel. Microgenesis in the brain will be of modes of modulatingoscillations. It cannot be an architecturally isolated particulate microprocess the way it isin the standard computer, in which processor, memory, and access between them are allarchitecturally distinct. All parts of the brain are capable of, and require, some form ofvariable microgenetic setup. Even processes that are already well learned are going torequire microgenetic setup. Setups cannot be retrieved in discrete pieces like theinstructions in a computer program. The microgenesis that goes on continuouslythroughout the nervous system is the locus of constructive topologies for developmentand learning.Development and learning as modifications of microgenetic processes. Whatis the use for macrogenesis � for learning and development � of microgeneticconstructions of modes of functioning that have already been learned? That is the keyquestion linking topologies for learning and development to microgenesis. There is noquestion about the existence of a functional topology on the space of developmentalconstructions � the constructive process itself already induces that. Obstacles arosewhen we tried to relate such a developmental constructive space to prior knowledge; toput it another way, obstacles arose when we tried to account for generalization from whathas already developed or been learned. The obstacles can be circumvented if we realizethat the to-be-learned and the already-learned are functionally linked via the microgeneticconstructive processes for the already developed or learned knowledge.From a microgenetic perspective, there is a simple difference between already-learned knowledge and as-yet problematic knowledge. The microgenetic process canalready construct the previously learned knowledge; it cannot yet construct theknowledge that still needs to be learned. Development and learning, in other words, donot involve the storage of preconstructed structures or modes. Instead, they modify themicrogenetic process so that it is able to prepare or set up those structures or modes whenneeded.19So how can developmental constructions make use of information about pastsuccesses? Macrogenetic constructive processes must have their locus of operation in themicrogenetic processes. The microgenetic processes do have available the information

30about past successes � because they (re)construct those past successes when needed. Sothat information is resident in microgenetic constructive topologies: microgeneticprocesses are the common ground between the old and the new. Development andlearning, then, must involve changes in those topology inducing microgenetic processes,in order to get access to old successes and change the way that new microgeneticconstructions will proceed. Ultimately, the variations and selections that take placeduring the course of development must be variations and selections of microgeneticprocess.Let us consider the operations of a digital computer from a microgeneticperspective. From this standpoint, all that the stored program really does is to direct themicrogenesis in the CPU to go along setting up appropriate modes of functioning.Programming, the rough equivalent of development and learning in the computerframework, thus directs microgenesis in the CPU. In a standard computationalarchitecture, of course, where every aspect is separated into distinct components andprocesses, only the programmer has access to the relevant constructive topologies.20 Still,what gets changed during programming is the microgenetic processes in the CPU.Writing and rewriting programs (macrogenetic processes that are roughly analogous todevelopment) modify the microgenetic constructive processes through variation andselection. Our basic logical points can be made, then, even in a relatively hostilearchitectural environment.Within the interactivist microgenetic conception, the positions of already learnedknowledge in the topology of potential constructions of new knowledge are intrinsicallyfunctionally available to learning and development. Variation and selection modify themicrogenetic constructive processes, which naturally retain their constructive capacity foralready learned knowledge.21 Already learned knowledge will be constituted as(relatively) stable forms of functioning of the microgenetic processes. Insofar as themodifications made to microgenesis by learning and development are recursive (i.e., ableto make use of previous changes within the microgenetic processes), those stable,already-learned forms of microgenesis will serve as the foundation, the framework, andthe resources for further modifications to microgenesis by learning and development.Because situations never recur in every level of detail, all interactions, even welllearned ones, must be microgenetically constructed. Each instance of microgenesis willinvolve some degree of change in that microgenesis in sensitivity to the newcharacteristics of the new situation. We thus return to one of the major insights ofGenevan functionalism (Inhelder & de Caprona, 1992). Every interaction, everymicrogenesis, involves learning (Clancey, 1993). Learning and development are not onlylocated in microgenesis; they are ubiquitous in it.22Interactivist problem and solution spaces. The construction of new problemcharacterizations, then, intrinsically involves a microgenetic topological relationship toalready-learned problem characterizations. The solutions to those already-learnedproblem characterizations will likewise be intrinsically embedded in the space of possiblemicrogenetic constructions of solutions to the new problem. The microgenetic linkbetween the old problem (as characterized by the system) and the old solution alreadyhonors the constructive topology that can heuristically guide the microgeneticconstruction of a new potential solution to the new problem. The microgeneticconstructive topology, then, implicitly provides the dashed vertical arrows in Figure 1,and the microgenetic constructive link from the old problem to the old solution providesthe microgenetic link from the new problem to the new potential solution, so theprocesses of microgenesis give us the heavy dark horizontal arrow in the middle.As in the word association example, the process of constructing the new problemrepresentation will be related via the constructive topology to one or more old problems

31(otherwise it is a blind construction, without heuristic guidance). As the construction ofsolutions to the new problem is attempted, those attempted new solutions will tend tooverlap microconstructively with the solution to the nearby old problem by virtue of theoverlap between the old problem and the new problem. Because the relevant topologiesare topologies inherent in the microgenetic constructive spaces themselves � not distinctencoded topologies, like features, to be used by the constructive processes � thosetopologies will be intrinsically functional in and for those microgenetic constructiveprocesses.The topologies are part of the dynamics of the system, rather than distinct encodedinformation to be used by the system. In comparable fashion, a connectionist net movesinto (and perhaps within) an attractor in its dynamic space, and does not engage in searchwithin an explicitly encoded space (Bickhard & Terveen, 1995; McClelland &Rumelhart, 1986; Rumelhart, 1989; Rumelhart & McClelland, 1986; Smolensky, 1986,1988; van Gelder, 1992).Two advantages, for interactivism as for connectionism, are that dynamic spacescan manifest properties that could not be captured by any finite set of encodings(Bickhard, in preparation; Bickhard & Terveen, 1995; cf. Shanon, 1988, on theunboundedness of features); and that dynamic spaces intrinsically generalize totrajectories in those spaces that the system has never engaged in before, and, therefore,cannot have been explicitly taught. This latter point is obviously central to our argumentfor the microgenetic locus of learning and development.Analogy and Similarity, Again. Now that we are armed with a new conceptionof problem and solution spaces, we are able to readdress some of the issues involved inconstructing analogies and similarities. There are some very interesting comparisonsbetween recent literature and aspects of the interactive microgenetic framework.In particular, it is becoming clear that creating analogies (and other comparisons)is a process, not simply an automatic recognition (Medin, Goldstone, & Gentner, 1993).This process demonstrates strong context-dependence in its outcomes, and, therefore,strong context-sensitivity in the process itself. Indeed, the creation of analogiesundergoes elaboration and reorganization with experience, whether we are concernedabout development within the life-span of an individual or the evolution of ideas withinthe history of a culture (Gentner & Rattermann, 1991; Gentner & Jeziorski, 1993; Medin,Goldstone, & Gentner, 1993; Gentner & Markman, in press). In the context of a singletask, a target domain might be representationally reorganized so as to improve thecomparisons that can be made with a source. Over time spans of individual or historicaldevelopment, resources for creating analogies, and criteria for good analogies, are subjectto change (Gentner & Grudin, 1985; Gentner & Jeziorski, 1993). The process by whichanalogies are created, then, must be a constructive one (Medin, Goldstone, & Gentner,1993). Furthermore, unless there is prescience about what to construct, it must operateby variation and selection.Recognition of these properties of comparison processes has been driven by thedata in multiple studies by many researchers. Such properties can be addressed withinencoding-based IP frameworks. Gentner�s structure mapping engine, for example, hassome properties of a variation and selection constructive process (Falkenhainer, Forbus,& Gentner, 1989; Gentner & Markman, in press). But such approaches 1) are limited intheir resources to combinations of already provided representational elements, and,therefore, cannot account for genuinely novel representations or representationalcomparisons, and 2) have been introduced in a strictly ad hoc fashion to addressunanticipated phenomena in the data.In contrast, these properties of similarity comparisons are intrinsic � logicallyforced � in the interactive framework. Over the span of a single task, a variation and

32selection constructive process is microgenesis. The need for microgenesis, in theinteractive approach, has been extensively argued. Over ontogenetic time spans, it is thereorganization of microgenetic processes through variation and selection that constituteslearning and development. Historical time spans introduce changes in criteria by whichanalogies are evaluated (Bickhard, 1991c) � and, therefore, in the kinds of analogies thatwill be microgenetically constructed. There is nothing ad hoc about these aspects of themodel, and they are not limited to combinations of predefined representational encodings.The context sensitivity of similarity judgments turns out to be also intrinsic andnecessary. It has been found, for example, that similarity groupings can vary dependingon the set of items to be grouped. For instance, judgments about how to group Austriaand Sweden can differ depending on the remainder of the list: �Austria, Sweden, Poland,Hungary� leads to groupings of Austria and Sweden, while �Austria, Sweden, Norway,Hungary� promotes the grouping of Austria and Hungary (Tversky, 1977; Tversky &Gati, 1978; Medin, Goldstone, & Gentner, 1993). Tversky (1977) proposes thatproperties useful for grouping are more salient, and, therefore, have a greater influence onjudgments of similarity; in this case, political versus geographical principles of grouping.A related phenomenon leads to the proposal that properties that are not useful fordifferentiating within a context (e.g., properties held in common across elements of acomparison set) have little saliency, and, therefore, will have little influence on similarityjudgments. In a different comparison set, however, those same properties may invokestrong differentiations, thus have strong saliency, and, therefore, have a strong influenceon similarity judgments. Italy and Switzerland, for example, have lower similarity in thecontext of other European countries than in the context of European and Americancountries (Tversky, 1977). Here, again, is a phenomenon that, although it can beaddressed in an information processing framework � rules for appropriate contextsensitivities can be attempted in a computer model � it must be addressed in an ad hocmanner. In contrast, such sensitivity is deeply intrinsic to the interactive model.Interactivism and Context Sensitivity. One of the functional grounds for theinteractive model is differentiation: differentiation of implicitly defined environmentalcategories, differentiation of possible next processes within the system; and so on. Oneconsequence of the basic role of differentiation is that there are no primitive names in thismodel: Names require interpreters who know what the names mean and what they referto. Interpreters, in turn, are epistemological agents of the sort we wish to model andaccount for. If names presuppose interpreters, and interpreters are epistemic agents, weare caught in a vicious circle when attempting to model any sort of epistemic agent.Names cannot be primitives in any consistent model of knowledge and knowing. Namesas primitives are paradigmatic encodings (Bickhard, 1980; Bickhard & Campbell, 1992;Campbell & Bickhard, 1992a).Differentiation, on the other hand, is intrinsically context sensitive. What getsdifferentiated by any particular process of differentiation will depend on the context inwhich that differentiation occurs. What will be useful for differentiation willcorrespondingly depend on the context in which the differentiation is to be made.Among other consequences, what will usefully serve to represent something � sincerepresentation is fundamentally a matter of differentiations � will depend on the contextin which the representation is to occur. But that implies that representationalmicrogenesis will vary in a context-sensitive manner. Consequently, so will topologyand similarity. Representational aspects that are useful for differentiation will be usefulfor representation, and, therefore, will be aspects of the topologies within whichsimilarity is examined. �Saliency,� in this view, is inherent in the nature ofrepresentation, and, therefore, inherent in the nature of similarity.Saliency is not inherent in any encoding model: representational atoms areintrinsically context independent. As noted earlier, rules for saliency can be attempted

33within an encoding framework, but they will be subject to the general limitations ofencodingism, and they will be unavoidably ad hoc. Quite the opposite within theinteractive framework.We have revisited similarity and analogy because, notwithstanding ourdisagreements with the framework within which these phenomena are customarilymodeled, the data have driven some researchers toward proposing context-sensitiveconstructive processes that operate by variation and selection (Medin, Goldstone, &Gentner, 1993). In essence, they have moved toward proposing microgenesis, thoughthat term is never found in the IP literature. Interactivism, by contrast, intrinsicallyrequires microgenesis. The interactive framework arrives at microgenesis without anyreliance on data about analogy or similarity, thereby making the properties ofmicrogenesis independently available for accounting for such data. Interactivism is muchmore hospitable to constructivist intuitions than the encoding-based IP framework willever be.More broadly, interactivism requires that all cognitive phenomena be context-specific (e.g., Bickhard, 1980; Bickhard & Richie, 1983; Campbell & Bickhard, 1986;Bickhard & Campbell, 1992; Campbell & Bickhard, 1992a). Microgenesis is ubiquitous,and so are its properties. Indeed, there is an important respect in which a microgeneticapproach to modeling is significantly more powerful than any encoding-basedcomputational approach.Inadequacies of behaviorism � and of information-processing. It is generallyunderstood today that a computational approach to modeling behavior and learning ismore powerful than a strict behaviorist approach. What has not been appreciated is that amicrogenetic modeling approach is comparably more powerful than a strictcomputational approach.Behaviorism is fundamentally inadequate to model behavior because there is onlya finite number of possible external stimulus and response pairs, whereas the possiblefunctional relations that could be manifested between input and output for even simpleinternal system organizations can easily be unbounded . Behavioral potentialities thatwould require infinite lists of inputs and outputs to characterize can be captured by atrivial internal interactive system organization. In a similar sense, IP or programmingmodels are comparably inadequate in modeling power because the possible systemmodes of functioning that could be constructed in a microgenetic dynamic space can beunbounded relative to possible encodings of system organizations � i.e., programs.Each point in the space of possible dynamics of microgenesis is a distinct mode offunctioning, a distinct �program,� for the system, and that space may well be infinite,thus not capturable by any finite list of programs.Behaviorism fails as an account of learning because internal system organizationcan easily generalize to interactions involving stimulus and response patterns andsequences that have never been encountered, and, therefore, never learned. Information-processing or computer models comparably fail as an account of learning because themicrogenetic dynamics of the system also easily generalize in unbounded ways tointeractive forms or microgenetic set ups or �programs� that have never beenencountered, and, therefore, never learned.The streams of Ss and Rs in behaviorism, and the explicit programs and data ininformation-processing models, must be transcended (Greeno & Moore, 1993). Just astrivial interactive knowing and learning processes can manifest unbounded potential S-Rcapacities, so can trivial microgenetic processes manifest unbounded potential programs.We need a level of modeling in which the generation of interactions, on the one hand, andthe generation of forms (programs) of interaction, on the other, are each themselvesproducts of a higher order process, points in the topological dynamics of a higher-order

34system. In either case, the functional potentialities of the higher order dynamics cannotbe captured by any finite listing of potentialities at the lower level.Further developments. There are a number of important aspects of the topologyproblem and the interactive, microgenetic approach to its solution that we will notaddress here � most notably, an account of how a variation and selection process couldoperate on a microgenetic process (in this regard, however, see the constraint mentionedbelow). We suggest, however, that our proposal does provide a viable approach to theproblem of topologies of learning and development, and we would like to note thatexplicitly recognizing functioning in terms of oscillatory interactions avoids severaladditional problems that a conventional attempt to fill out our approach would encounter.Conditions for learning are simply conditions in which microgenesis, which isgoing on all the time, encounters ill-defined conditions of further microconstruction.Microgenesis sets up oscillatory and modulatory modes of functioning in the brain, andvariations in microgenesis will generate variations in the forms of oscillatory modulationsthat occur. The microconstruction process, however, cannot stop to await furtherdirections when it encounters ill-defined conditions, it just continues. And in continuing,it intrinsically honors the relevant heuristic topologies. Furthermore, functioning in termsof oscillatory interactions guarantees that such ill-defined processes can continue �communicating oscillatory processes will modulate each other in some manner oranother. In our model, there are no situations in which further functioning becomesimpossible. By contrast, in an undefined condition in a program or an automaton, inwhich the system receives an input for which no next step is defined in the current systemcondition, the system simply halts. A further benefit is that oscillations and theirmodulatory effects can be crossed and superimposed. In a modulatory architecture,subsystems cannot �hang up� while each waits for messages from the other, or while onewaits for an information channel to clear so that some message can be sent across it.Interactivism and topologies. We have dealt broadly with two sets ofarchitectural constraints: those imposed by interactive representation and those imposedby the need for constructive topologies if there is to be heuristically guided learning anddevelopment. The two sets of constraints converge. Interactivism forces constructivismby variation and selection at the level of learning and development, which will manifestits own intrinsic topologies. Interactivism forces a functional architecture of modulationsamong oscillatory processes, which are intrinsically embedded in a functional topology ofthe space of possible oscillations and modulations. Constructive topologies andoscillatory topologies are not the same, but they are strongly related.Possible oscillations can be parameterized, e.g., by vectors of Fourier coefficients,and that parameter space provides an intrinsic base for a topology. Microgeneticprocesses will have to honor such oscillatory topologies, at least in the sense thatmicrogenesis will be constructing various functional modulatory relationships amongoscillations in one part of the brain and the oscillatory influences from other parts of thebrain. Such modulatory relationships are not fixed by the oscillatory spaces, but theymust function in relation to them, and, thus, are constrained by them. Modulations, and,thus, the microgenesis of modulatory relationships, are constrained by the organization ofthe oscillatory spaces and the architecture of interconnections in the brain that permitsmodulations among those spaces.Conversely, the oscillatory topologies provide a physical topology with emergentfunctional properties � the modulations of one oscillatory process by another � and it isthis simultaneity of topology at both the physical and the functional level that makespossible the construction of new organizations with their own topologies. Theconstruction of new oscillatory and modulatory relationships and topologies is theconstruction of new functional relationships and topologies.

35Because interactive representation is emergent in certain forms of functionalrelationships, those physical or biological topologies of oscillations and modulations visitthemselves not only on the emergent functional relationships, but on the emergentrepresentational spaces too. It is this unity of emergent realization of the representationalin the oscillatory and modulatory that ultimately makes possible the construction of newtopologies that are functional for problem solving, learning, and development.It is the requirement that old successful constructions be functionally available toguide new constructions that forces a focus on microgenesis, not just on developmentaland learning constructions. Old successes are microgenetic constructions that themicrogenetic process has already settled into, while not yet solved problems involveconstructions that intrinsically honor the topology of the microgenetic processes.Note that microgenesis cannot anticipate how to correctly set up for a newproblem. This is just blind variation and selection at the microgenetic level. Suppose,however, that the microgenetic processes are locally destabilized by ensuing error ofappropriate kinds (what can constitute �appropriateness� is an interesting problem). Thesame microgenetic constructions will tend not to recur under the same conditions if thoseprevious constructions have yielded error. Conversely they will be stabilized when errordoes not ensue. Then the microgenetic topology will become �pinned� or �anchored� atthe points of constructive success. These pins or anchors will modify the overalltopological space so that microgenetic constructions in regions near such anchors willtend to yield trial solutions that are similarly similar to the solutions to the old problems.That is, the locus of learning and development is the microgenetic processes, whichperforce become modified by variation and selection processes.Interactivism, then, forces variation and selection constructivism, oscillatory andmodulatory architectures, and a focus on microgenesis. Collectively, these provide abasis for the topologies that learning and development require.ConclusionsThe problem of constructive topologies can barely be defined in most availableapproaches to cognitive psychology. It cannot be solved within any of them. Though inkey respects it has been superseded by the Genevan functionalist research program, themost sophisticated constructive approach that is generally known is Piaget�s. Piaget didnot lay the groundwork for solving the problem of constructive topologies because he didnot define the problems that most deeply motivated his work (prominently logical andmathematical necessity) in ways that could confront the topology problem. By contrast,the Genevan functionalists have seen the problem clearly, but not the solution.Artificial intelligence, cognitive science, and information-processing approaches,on the other hand, have never really noticed the problem, and have nothing to offer inresponse except the inadequate topologies of predesigned feature spaces. There is a kindof microgenesis going on in computers, but it occurs at a purely engineering level � it isnot understood as having any theoretical importance.Artificial intelligence, information-processing approaches, and cognitive scienceare also constrained by their dependence on notions of encoded data, and notions ofprocess as computations on such data. The richness of potential dynamics needed tosolve the problem of topologies for learning and development is impossible within aframework of computations on encoded data that reduces microgenesis to an insignificantdetail of implementation. And of course, all of these frameworks run afoul of the logicalincoherence of encodings as a fundamental form of representation well before issues ofprocess dynamics and learning and development can even be brought up. Because ofthese and corollary foundational limitations, standard approaches to cognitive studies areat, and will remain at, a fundamental impasse (Bickhard & Terveen, 1995).

36We have proposed a programmatic solution to the problem of learning anddevelopmental topologies. It turns on the recognition that topologies for developmentand learning must ultimately be understood as manifest constructive topologies inmicrogenetic processes. Constructive processes as such, be they microgenetic orotherwise, induce relevant topologies. The common locus of the already-learned and theyet-to-be learned in a common microgenetic process provides the necessary functionalrelationships between microgenetic constructions of old knowledge and constructiveattempts at new knowledge. Macrogenesis is constituted as the variation and selection ofmicrogenetic processes.Explanations of learning and representation lie on the frontier of attempts tounderstand the nature of mind. We have argued that the general problem of learning anddevelopment cannot be solved within contemporary architectures. A satisfactoryarchitectural approach must take into account processes of microgenesis and theconstructive topologies manifested by such processes of microgenetic construction.Similarly, representation cannot be understood within contemporary approaches, all ofwhich make the incoherent presupposition of encodingism. The interactive model ofrepresentation that we offer as an alternative not only avoids the incoherence ofencodingism, and the impossibility of learning, it also forces strong constraints on thetype of architecture that could support interactive representational processes. Thosearchitectural constraints, in turn, provide precisely the microgenetic constructiveprocesses and manifested implicit topologies that are required for genuine learning andheuristic problem solving. The architecture that is logically required for interactiverepresentation is also the architecture logically required for interactive learning.There is a strong convergence, then, between the architectural requirements ofrepresentation and those of learning and development. Representation requiresoscillatory processes ongoingly engaged in modulating each other. The topologies thatare intrinsic to such processes and to their ongoing microgenetic construction areprecisely what is required for learning and development that can make use of priorlearning and development. It is doubly apt, then, that the central nervous systemmanifests a rich array of oscillatory and modulatory functional architectures.AcknowledgmentsThanks to Tom Alley, Selmer Bringsjord, Sunil Cherian, and Gene Galluscio fortheir comments on previous versions.

37ReferencesAcher, R. (1985). Evolution of neuropeptides. In D. Bousfield (Ed.), Neurotransmittersin action. (pp. 25-33). Amsterdam: Elsevier.Adey, W. R. (1966). Neurophysiological correlates of information transaction andstorage in brain tissue. In E. Stellar & J. M. Sprague (Eds.), Progress inPhysiological Psychology (Vol. 1, pp. 1-43). New York: Academic Press.Agnati, L. F., Fuxe, K., Pich, E. M., Zoli, M., Zini, I., Benfenati, F., H�rfstrand, A., &Goldstein, M. (1987). Aspects on the integrative capabilities of the CentralNervous System: Evidence for �volume transmission� and its possible relevancefor receptor-receptor interactions. In K. Fuxe & L. F. Agnati (Eds.), Receptor-receptor interactions. (pp. 236-249). New York: Plenum.Anderson, J. R. (1983). The architecture of cognition. Cambridge, MA: HarvardUniversity Press.Aristotle. (1941). De anima. In R. McKeon (Ed.), The basic works of Aristotle (pp. 535-603). New York: Random House. (Originally published c. 325 BC)Bickhard, M. H. (1980). Cognition, convention, communication. New York: Praeger.Bickhard, M. H. (1982). Automata theory, artificial intelligence, and geneticepistemology. Revue Internationale de Philosophie, 36, 549-566.Bickhard, M. H. (1987). The social nature of the functional nature of language. In M.Hickmann (Ed.) Social and functional approaches to language and thought (pp.39-65). New York: Academic.Bickhard, M. H. (1988). Piaget on variation and selection models: Structuralism, logicalnecessity, and interactivism. Human Development, 31, 274-312.Bickhard, M. H. (1991a). Cognitive representation in the brain. In Encyclopedia ofHuman Biology (Vol. 2, pp. 547-558). New York: Academic Press.Bickhard, M. H. (1991b). Homuncular innatism is incoherent: A reply to Jackendoff.The Genetic Epistemologist, 19(3), p. 5.Bickhard, M. H. (1991c). A pre-logical model of rationality. In L. P. Steffe (Ed.),Epistemological foundations of mathematical experience (pp. 68-77). New York:Springer-Verlag.Bickhard, M. H. (1992a). How does the environment affect the person? In L. T.Winegar & J. Valsiner (Eds.) Children’s development within social context:Metatheory and theory (pp. 63-92). Hillsdale, NJ: Erlbaum.Bickhard, M. H. (1992b). Scaffolding and self-scaffolding: Central aspects ofdevelopment. In L. T. Winegar & J. Valsiner (Eds.), Children’s developmentwithin social context: Research and methodology (pp. 33-52). Hillsdale, NJ:Erlbaum.Bickhard, M. H. (1992c). Commentary [on the age 4 transition]. Human Development,35, 182-192.Bickhard, M. H. (1992d, June). Levels of representationality. Paper presented at theWorkshop on the Science of Cognition, Santa Fe, New Mexico.Bickhard, M. H. (1993). Representational content in humans and machines. Journal ofExperimental and Theoretical Artificial Intelligence, 5, 285-333.Bickhard, M. H. (in preparation). Interaction and representation.

38Bickhard, M. H., & Campbell, D. T. (in preparation). Variations in variation andselection.Bickhard, M. H., & Campbell, R. L. (1989). Interactivism and genetic epistemology.Archives de Psychologie, 57, 99-121.Bickhard, M. H., & Campbell, R. L. (1992). Some foundational questions concerninglanguage studies: With a focus on categorial grammars and model theoreticpossible worlds semantics. Journal of Pragmatics, 17, 401-433.Bickhard, M. H., & Richie, D. M. (1983). On the nature of representation: A case studyof James J. Gibson�s theory of perception. New York: Praeger.Bickhard, M. H., & Terveen, L. (1995). Foundational issues in Artificial Intelligenceand Cognitive Science: Impasse and solution. Amsterdam: Elsevier Scientific.Block, N. (1986). Advertisement for a semantics for psychology. In P. A. French, T. E.Uehling, & H. K. Wettstein (Eds.), Midwest Studies in Philosophy X: Studies inthe philosophy of mind (pp. 615-678). Minneapolis: University of MinnesotaPress.Bloom, F. E., & Lazerson, A. (1988). Brain, mind, and behavior. San Francisco:Freeman.Brachman, R. J. (1979). On the epistemological status of semantic networks. In N. V.Findler (Ed.), Associative networks: Representation and use of knowledge bycomputers. (pp. 3-50) New York: Academic Press.Brooks, R. A. (1991). Intelligence without representation. Artificial Intelligence, 47,139-159.Brown, J. W. (1988). The Life of the Mind. Erlbaum.Bullock, T. H. (1981). Spikeless neurones: Where do we go from here? In A. Roberts &B. M. H. Bush (Eds.), Neurones without impulses. (pp. 269-284). Cambridge:Cambridge University Press.Campbell, D. T. (1974). Evolutionary epistemology. In P. A. Schilpp (Ed.), Thephilosophy of Karl Popper. LaSalle, IL: Open Court.Campbell, R. L., & Bickhard, M. H. (1986). Knowing levels and developmental stages.Basel: Karger.Campbell, R. L., & Bickhard, M. H. (1991). If human cognition is adaptive, can humanknowledge consist of encodings? Behavioral and Brain Sciences, 14, 488-489.Campbell, R. L., & Bickhard, M. H. (1992a). Clearing the ground: Foundationalquestions once again. Journal of Pragmatics, 17, 557-602.Campbell, R. L., & Bickhard, M. H. (1992b). Types of constraints on development: Aninteractivist approach. Developmental Review, 12, 311-338.Cat�n, L. (1986). The Dynamic Display of Process: Historical Development andContemporary Uses of the Microgenetic Method. Human Development, 29, 252-263.Chapman, M. (1988). Constructive evolution: Origins and development of Piaget’sthought. Cambridge: Cambridge University Press.Cheng, P. W., & Holyoak, K. J. (1985). Pragmatic reasoning schemas. CognitivePsychology, 17, 391-416.Clancey, W. J. (1985). Heuristic classification. Artificial Intelligence, 27, 289-350.

39Clancey, W. J. (1992). Model construction operators. Artificial Intelligence, 53, 1-115.Clancey, W. J. (1993). Situated action: A neuropsychological interpretation response toVera and Simon. Cognitive Science, 17, 87-116.Collins, A. M., & Quillian, M. R. (1969). Retrieval time from semantic memory.Journal of Verbal Learning and Verbal Behavior, 8, 240-247.Cooper, J. R., Bloom, F. E., & Roth, R. H. (1986). The biochemical basis ofneuropharmacology. Oxford: Oxford University Press.Deacon, T. W. (1989). Holism and Associationism in Neuropsychology: An AnatomicalSynthesis. In E. Perecman (Ed.) Integrating Theory and Practice in ClinicalNeuropsychology. (1-47). Erlbaum.Dowling, J. E. (1992). Neurons and networks. Cambridge, MA: Harvard UniversityPress.Dretske, F. I. (1981). Knowledge and the flow of information. Cambridge, MA: MITPress.Dretske, F. I. (1988). Explaining behavior. Cambridge, MA: MIT Press.Edelman, G. M. (1987). Neural Darwinism. New York: Basic Books.Edelman, G. M. (1992). Bright air, brilliant fire. New York: Basic Books.Eilenberg, S. (1974). Automata, languages, and machines. Vol. A . New York:Academic Press.Emson, P. C. (1985). Neurotransmitter systems. In D. Bousfield (Ed.),Neurotransmitters in action. (pp. 6-10). Amsterdam: Elsevier.Ernst, G. W., & Newell, A. (1969). GPS: A case study in generality and problemsolving. New York: Academic Press.Falkenhainer, B., Forbus, K. D., & Gentner, D. (1989). The Structure-Mapping Engine:Algorithm and examples. Artificial Intelligence, 41, 1-63.Fodor, J. A. (1975). The Language of thought. New York: Crowell.Fodor, J. A. (1981a). The present status of the innateness controversy. In J. Fodor,RePresentations (pp. 257-316). Cambridge: MIT Press.Fodor, J. A. (1981b). Methodological solipsism considered as a research strategy incognitive psychology. In J. Haugeland (Ed.), Mind design. Cambridge: MITPress.Fodor, J. A. (1987). Psychosemantics. Cambridge, MA: MIT Press.Fodor, J. A. (1990). A theory of content. Cambridge, MA: MIT Press.Fodor, J. A., & Pylyshyn, Z. (1981). How direct is visual perception?: Some reflectionson Gibson�s ecological approach. Cognition, 9, 139-196.Fodor, J. A., Bever, T., & Garrett, M. (1974). The psychology of language. New York:McGraw-Hill.Freeman, W. J., & Skarda, C. A. (1990). Representations: Who needs them? In J. L.McGaugh, N. M. Weinberger, & G. Lynch (Eds.), Brain organization andmemory (pp. 375-380). Oxford: Oxford University Press.Fuster, J. M. (1989). The prefrontal cortex. New York: Raven Press.Fuxe, K., & Agnati, L. F. (1987). Receptor-receptor interactions. New York: Plenum.

40Fuxe, K., & Agnati, L. F. (Eds.) (1991a). Volume transmission in the brain: Novelmechanisms for neural transmission. New York: Raven.Fuxe, K., Agnati, L. F. (1991b). Two principal modes of electrochemicalcommunication in the brain: Volume versus wiring transmission. In K. Fuxe & L.F. Agnati (Eds.), Volume transmission in the brain: Novel mechanisms for neuraltransmission. (pp. 1-9). New York: Raven.Gallistel, C. R. (1980). The organization of action: A new synthesis. Hillsdale, NJ:Erlbaum.Gentner, D. (1983). Structure-mapping: A theoretical framework for analogy. CognitiveScience, 7, 155-170.Gentner, D. (1988). Metaphor as structure mapping: The relational shift. ChildDevelopment, 59, 47-59.Gentner, D. (1989). The mechanisms of analogical learning. In S. Vosniadou & A.Ortony (Eds.), Similarity and analogical reasoning (pp. 199-241). Cambridge:Cambridge University Press.Gentner, D., & Grudin, J. (1985). The evolution of mental metaphors in psychology.American Psychologist, 40(2), 181-192.Gentner, D., & Jeziorski, M. (1993). The shift from metaphor to analogy in Westernscience. In A. Ortony (Ed.), Metaphor and thought (2nd ed., pp. 447-480). NewYork: Cambridge University Press.Gentner, D., & Markman, A. B. (in press). Similarity is like analogy: Structuralalignment in comparison. In C. Cacciari (Ed.), Proceedings of the Workshop onSimilarity at the University of San Marino. Milan, Italy: Bompiani.Gentner, D., & Rattermann, M. J. (1991). Language and the career of similarity. In S.A. Gelman & J. P. Byrnes (Eds.), Perspectives on language and thought:Interrelations in development. (pp. 225-277). London: Cambridge UniversityPress.Geroch, R. (1985). Mathematical physics. Chicago: University of Chicago Press.Gibson, J. J. (1977). The theory of affordances. In R. Shaw & J. Bransford (Eds.),Perceiving, acting and knowing (pp. 67-82). Hillsdale, N.J.: Erlbaum.Gick, M. L., & Holyoak, K. J. (1980). Analogical problem solving. CognitivePsychology, 12, 306-355.Gick, M. L., & Holyoak, K. J. (1983). Schema induction and analogical transfer.Cognitive Psychology, 15, 1-38.Ginzberg, A. (1968). Algebraic theory of automata. New York: Academic Press.Goldberg, A., & Robson, D. (1983). Smalltalk-80: The language and its implementation.Reading, MA: Addison-Wesley.Goswami, U. (1991). Analogical reasoning: What develops? A review of research andtheory. Child Development, 62, 1-22.Greeno, J. G., & Moore, J. L. (1993). Situativity and symbols: Response to Vera andSimon. Cognitive Science, 17(1), 49-69.Halford, G. S. (1992). Analogical reasoning and conceptual complexity in cognitivedevelopment. Human Development, 35, 193-217.Hall, Z. W. (1992). Molecular neurobiology. Sunderland, MA: Sinauer.

41Hanlon, R. E. (1991a). Cognitive Microgenesis: A Neuropsychological Perspective.New York: Springer-Verlag.Hanlon, R. E. (1991b). Introduction. In R. E. Hanlon (Ed.) Cognitive Microgenesis: ANeuropsychological Perspective. (xi-xx). New York: Springer-Verlag.Hanson, P. P. (Ed.) (1990). Information, language, and cognition. Vancouver:University of British Columbia Press.Hansson, E. (1991). Transmitter receptors on astroglial cells. In K. Fuxe & L. F. Agnati(Eds.), Volume transmission in the brain: Novel mechanisms for neuraltransmission. (pp. 257-265). New York: Raven.Harnad, S. (1989). The symbol grounding problem. Physica D, 42, 335-346.Harris-Warrick, R. M., Marder, E., Selverston, A. I., & Moulins, M. (1992). Dynamicbiological networks. Cambridge: Cambridge University Press.Hayes, P. J., Ford, K. M., & Adams-Webber, J. R. (1992). Human reasoning aboutartificial intelligence. Journal of Experimental and Theoretical ArtificialIntelligence, 4, 247-263.Herkenham, M. (1991). Mismatches between neurotransmitter and receptorlocalizations: Implications for endocrine functions in brain. In K. Fuxe & L. F.Agnati (Eds.), Volume transmission in the brain: Novel mechanisms for neuraltransmission. (pp. 63-87). New York: Raven.Hille, B. (1987). Evolutionary origins of voltage-gated channels and synaptictransmission. In G. M. Edelman, W. E. Gall, & W. M. Cowan (Eds.), Synapticfunction. (pp. 163-176). New York: Wiley.Hocking, J. G., & Young, G. S. (1961). Topology. Reading, MA: Addison-Wesley.Holland, J. H., Holyoak, K. J., Nisbett, R. E., & Thagard, P. R. (1986). Induction:Processes of inference, learning and discovery. Cambridge, MA: MIT Press.Hooker, C. A. (1995). Reason, regulation, and realism: Toward a regulatory systemstheory of reason and evolutionary epistemology. Albany, NY: SUNY Press.Hopcroft, J. E., & Ullman, J. D. (1979). Introduction to automata theory, languages,and computation. Reading, MA: Addison-Wesley.Houser, N., & Kloesel, C. (1992). The essential Peirce. Vol. 1. Bloomington:University of Indiana Press.Inhelder, B., & de Caprona, D. (1992). Vers le constructivisme psychologique:Structures? Proc�dures? Les deux indissociables [Towards constructivism from apsychological standpoint: Structures? Procedures? Both inseparable.] In B.Inhelder & G. Cell�rier (Eds.), Le cheminement des d�couvertes de l�enfant:Recherches sur les microgen�ses cognitives (pp. 19-50). Neuch�tel: Delachaux etNiestl�.Inhelder, B., & Piaget, J. (1979). Proc�dures et structures. Archives de Psychologie, 47,165-176.Inhelder, B., Ackermann-Vallad�o, E., Blanchet, A., Karmiloff-Smith, A., Kilcher-Hagedorn, H., Montangero, J., & Robert, M. (1976). Des structures cognitivesaux proc�dures de d�couverte [From cognitive structures to procedures fordiscovery]. Archives de Psychologie, 44, 57-72.Iverson, L. L., & Goodman, E. (1986). Fast and slow chemical signalling in the nervoussystem. Oxford: Oxford University Press.

42James, I. M. (1987). Topological and uniform spaces. New York: Springer-Verlag.Kalat, J. W. (1984). Biological psychology (2nd ed.). Belmont, CA: Wadsworth.Kandel, E. R., & Schwartz, J. H. (1985). Principles of neural science (2nd ed.). NewYork: Elsevier.Karmiloff-Smith, A. (1986). From meta-processes to conscious access: Evidence fromchildren�s metalinguistic and repair data. Cognition, 23, 95-147.Kelley, J. L. (1955). General topology. Princeton, NJ: Van Nostrand.Kenny, A. (1973). Wittgenstein. Cambridge, MA: Harvard University Press.Kitchener, R. F. (1986). Piaget�s theory of knowledge. New Haven: Yale UniversityPress.Koch, C., & Poggio, T. (1987). Biophysics of computation. In G. M. Edelman, W. E.Gall, & W. M. Cowan (Eds.) Synaptic function. (pp. 637-697). New York:Wiley.Kripke, S. (1972). Naming and necessity. In D. Davidson & G. Harman (Eds.)Semantics of natural language (pp. 253-355). Dordrecht: Reidel.Laird, J. E., Newell, A., & Rosenbloom, P. S. (1987). SOAR: An architecture forgeneral intelligence. Artificial Intelligence, 33, 1-64.Locke, J. (1961). An essay concerning human understanding. London: Dent. (Originallypublished 1690).Loewer, B., & Rey, G. (Eds.) (1991). Meaning in mind: Fodor and his critics. Oxford:Blackwell.Matteoli, M., Reetz, A. T., & De Camilli, P. (1991). Small synaptic vesicles and largedense-core vesicles: Secretory organelles involved in two modes of neuronalsignaling. In K. Fuxe & L. F. Agnati (Eds.), Volume transmission in the brain:Novel mechanisms for neural transmission. (pp. 181-193). New York: Raven.McClelland, J. L., & Rumelhart, D. E. (1986). Parallel Distributed Processing. Vol. 2:Psychological and Biological Models. Cambridge, MA: MIT Press.Medin, D. L., Goldstone, R. L., & Gentner, D. (1993). Respects for similarity.Psychological Review, 100, 254-278.Millikan, R. G. (1984). Language and other biological categories. Cambridge, MA:MIT Press.Murphy, J. P. (1990). Pragmatism. Chicago: Westview.Nauta, W. J. H., & Feirtag, M. (1986). Fundamental neuroanatomy. San Francisco:Freeman.Newell, A. (1980a). Physical symbol systems. Cognitive Science, 4, 135-183.Newell, A. (1980b). Reasoning, problem solving, and decision processes: The problemspace as a fundamental category. In R. Nickerson (Ed.), Attention andPerformance VIII. Hillsdale, NJ: Erlbaum.Newell, A. (1990). Unified theories of cognition. Cambridge, MA: Harvard UniversityPress.Newell, A., & Simon, H. A. (1972). Human problem solving. Englewood Cliffs, NJ:Prentice-Hall.

43Palmer, S. E. (1978). Fundamental aspects of cognitive representation. In E. Rosch &B. B. Lloyd (Eds.), Cognition and categorization. Hillsdale, NJ: Erlbaum.Pascoe, G. A. (1986). Elements of object-oriented programming. Byte, 11(8), 139-144.Pellionisz, A. J. (1991). Geometry of massively parallel neural interconnectedness inwired networks and wireless volume transmission. In K. Fuxe & L. F. Agnati(Eds.), Volume transmission in the brain: Novel mechanisms for neuraltransmission. (pp. 557-568). New York: Raven.Piaget, J. (1954). The construction of reality in the child. New York: Basic. (Originallypublished 1937.)Piaget, J. (1971). Biology and knowledge. Chicago: University of Chicago Press.(Originally published 1967.)Piaget, J. (1985). The equilibration of cognitive structures: The central problem ofintellectual development. (trans. T. Brown & K. J. Thampy). Chicago: Universityof Chicago Press. (Originally published 1975).Piaget, J. (1987). Possibility and necessity. Minneapolis: University of MinnesotaPress. (Originally published 1981-1983).Piattelli-Palmarini, M. (Ed.) (1980). Language and learning. The debate between JeanPiaget and Noam Chomsky. Cambridge: Harvard University Press.Putnam, H. (1975). The meaning of meaning. In K. Gunderson (Ed.), Language, mind,and knowledge. Minneapolis: University of Minnesota Press.Putnam, H. (1990). Realism with a human face. Cambridge, MA: Harvard UniversityPress.Putnam, H. (1992). Renewing philosophy. Cambridge, MA: Harvard University Press.Pylyshyn, Z. (1984). Computation and cognition. Cambridge, MA: MIT Press.Radnitzky, G., & Bartley, W. W., III. (Eds.) (1987). Evolutionary epistemology, theoryof rationality, and the sociology of knowledge. LaSalle, IL: Open Court.Reeke, G. N., & Edelman, G. M. (1988). Real brains and artificial intelligence.Daedalus, 117(1), 143-173.Roberts, A., & Bush, B. M. H. (Eds.) (1981). Neurones without impulses. Cambridge:Cambridge University Press.Rosenthal, S. B. (1983). Meaning as habit: Some systematic implications of Peirce�spragmatism. In E. Freeman (Ed.), The Relevance of Charles Peirce. La Salle,IL: Monist Library of Philosophy, 312-327.Rosenthal, S. B. (1987). Classical American pragmatism: Key themes andphenomenological dimensions. In R. S. Corrington, C. Hausman, & T. M.Seebohm (Eds.) Pragmatism considers phenomenology (pp. 37-57).Washington, DC.: University Press.Rosenthal, S. B. (1990). Speculative pragmatism. LaSalle, IL: Open Court.Rumelhart, D. E. (1989). The architecture of mind: A connectionist approach. In M. I.Posner (Ed.) Foundations of cognitive science (pp. 133-160). Cambridge, MA:MIT Press.Rumelhart, D. E., & McClelland, J. L. (Eds.) (1986). Parallel Distributed Processing.Vol. 1: Foundations. Cambridge, MA: MIT Press.Sahley, C. L. (1993). Review of Dynamic biological networks. Science, 260, 244.

44Scharrer, B. (1987). Evolution of intercellular communication channels. In B. Scharrer,H.-W. Korf, & H.-G. Hartwig (Eds.) , Functional morphology of neuroendocrinesystems (pp. 1-8). Berlin: Springer-Verlag.Schmid-Sch�nbein, C. (1985). �He, sind ja beide gleich gro§!� Eine proze§analytischeRekonstruktion des Verst�ndnisses von �gleich sein� [�Hey, they�re both just asbig!� A process-analytic reconstruction of the understanding of �the same�]. InT. B. Seiler & W. Wannenmacher (Eds.), Begriffs- undWortbedeutungsentwicklung [Development of word meaning and comprehension.](pp. 167-189). Berlin: Springer.Schweiger, A. (1991). Reflections on Perception and Action. In R. E. Hanlon (Ed.)Cognitive Microgenesis: A Neuropsychological Perspective. (92-105) NewYork: Springer-Verlag.microgenesis; PiagetShanon, B. (1988). On the similarity of features. New Ideas in Psychology, 6, 307-321.Siegelbaum, S. A., & Tsien, R. W. (1985). Modulation of gated ion channels as a modeof transmitter action. In D. Bousfield (Ed.), Neurotransmitters in action. (pp.81-93). Amsterdam: Elsevier.Siegler, R. S. & Jenkins, E. (1989). How children discover new strategies. Hillsdale,NJ: Erlbaum.Slezak, P. (1992, June). Situated cognition: Minds in machines or friendlyphotocopiers? Presented at the workshop on The Science of Cognition, Santa Fe,New Mexico.Slezak, P. (1994).Smith, B. C. (1987). The correspondence continuum. Report No CSLI-87-71. Centerfor the Study of Language and Information, Stanford University, Stanford CA.Smolensky, P. (1986). Information processing in dynamical systems: Foundations ofHarmony Theory. In D. E. Rumelhart & J. L. McClelland (Eds.), ParallelDistributed Processing: Explorations in the microstructure of cognition. Vol. 1:Foundations (pp. 194-281). Cambridge, MA: MIT Press.Smolensky, P. (1988). On the proper treatment of connectionism. Behavioral and BrainSciences, 11, 1-74.Thatcher, R. W., & John, E. R. (1977). Functional neuroscience vol. 1: Foundations ofcognitive processes. Hillsdale, NJ: Erlbaum.Thayer, H. S. (1973). Meaning and action. Indianapolis: Bobbs-Merrill.Turner, C. D., & Bagnara, J. T. (1976). General endocrinology. Philadelphia: Saunders.Tversky, A. (1977). Features of similarity. Psychological Review, 84, 327-352.Tversky, A., & Gati, I. (1978). Studies of similarity. In E. Rosch & B. Lloyd (Eds.),Cognition and categorization. Hillsdale, NJ: Erlbaum.van Gelder, T. (1992). What might cognition be if not computation? Cognitive ScienceResearch Report #75. Indiana University, Bloomington, Indiana.Vera, A. H., & Simon, H. A. (1993a). Situated action: A symbolic interpretation.Cognitive Science, 17(1), 7-48.Vera, A. H., & Simon, H. A. (1993b). Situated action: Reply to William Clancey.Cognitive Science, 17(1), 117-133.

45Vizi, E. S. (1984). Non-synaptic transmission between neurons: Modulation ofneurochemical transmission. New York: Wiley.Vizi, E. S. (1991). Nonsynaptic inhibitory signal transmission between axon terminals:Physiological and pharmacological evidence. In K. Fuxe & L. F. Agnati (Eds.),Volume transmission in the brain: Novel mechanisms for neural transmission.(pp. 89-96). New York: Raven.Werner, H., & Kaplan, B. (1963). Symbol formation. New York: Wiley.Winograd, T., & Flores, F. (1986). Understanding computers and cognition. Norwood,NJ: Ablex.

1 Millikan (1984) proposes a model of representation in which correspondence is notso central. In many ways it is closer to the model we are outlining. Nevertheless, we arguethat it does not satisfy a crucial criterion for representation: that representational error bedetectable by the representational system itself.2 A common and all too facile assumption is that the regress of interpreters is notvicious because it �bottoms out� in machine language � in physically instantiated bitpatterns. Machine language, so the assumption goes, just gets causally executed and doesn�thave to be interpreted. Though what is claimed about machine language is correct as far asit goes, that gives no aid or comfort to the encoding position. Physically instantiated bitpatterns in a computer are just a causal configuration of the machine (Hayes, Ford, &Adams-Webber, 1992); there are no representations at this causal machine level. But for�higher level� representationality to be cashed out in machine language terms requires anaccount of how representation for the machine emerges from this level of causalconfigurations. No such account is forthcoming. It is simply assumed that bit patternsinside the machine that correspond with things outside the machine, and thereby encodethose external things. But whether representation can be reduced to correspondence is thevery issue being debated (Newell, 1980; Vera & Simon, 1993a). Correspondence cannot berepresentation for the machine unless the machine can interpret the correspondence andrecognize what is on the other end of it. The regress is still there, just as vicious as ever.3 The recent exchange between Vera and Simon (1993a; 1993b) and Clancey (1993)illustrates the mesmerizing hold that correspondence notions of representation can exert.Vera and Simon�s commitment to a basic correspondence model is exemplified in statementslike: �The case for regarding sensory inputs and motor outputs (whether of human orcomputer) as symbol structures is that they are patterns and they do denote. Beingpatterned and denoting are the two properties generally taken as defining symbols, and thisis the definition that is used consistently in the literature associated with the physicalsymbol-system hypothesis� (Vera & Simon, 1993b, p. 123). This conception of representationstands or falls on its account of �denotation�. Notwithstanding their continual criticisms ofClancey for failure to define his terms, Vera & Simon never attempt a definition ofdenotation. They never define the core of their purported model of representation.In a small footnote (1993a, p. 12), they do allude to Putnam (1975) and Kripke (1972)as providing the needed theory of denotation. But Putnam has repudiated this earlierattempt (e.g., Putnam, 1990, 1992) and Kripke�s model is a purely extensional endeavorwhich never attempted to characterize representation for the knowing agent (Block, 1986).Such carelessness about this central issue suggests that Vera and Simon take denotation tobe unproblematic. In consequence, they are left with an empty conception of denotation, onwhich every single one of their further claims to be modeling cognition and representationrests.This emptiness of their model of cognition is fully revealed in statements like: �Theinformation in DNA and RNA is certainly represented symbolically, the symbols having cleardenotations, but this information is not in the organism�s conscious awareness� (Vera &Simon, 1993a, p. 44). If DNA and RNA are really symbols from their standpoint � as wouldbe perfectly appropriate given their conception of symbolism as covariant correspondence �then their approach becomes utterly irrelevant to issues regarding cognition. If DNAcontains denoting symbols, then why doesn�t rain denote clouds? Why doesn�t smoke denotefire? Why doesn�t water trickling out of a snow bank denote the sun shining on the snowbank? Why don�t activities inside a cell denote the transmitter molecule that docked on the cell surface and thereby triggered those internal processes? In every one of these cases wefind covariation, and in some cases control, but in no case do we find representation. Veraand Simon seem ignorant of the issues involved here. They can retain their conception ofsymbol only if they are willing to give up any claim to be modeling anything like humancognition.Their treatment of symbols says nothing about representational content, orintentionality, or �aboutness.� It says nothing about a system or agent knowing anythingabout what is symbolized. Information in their sense of covariation is a legitimate concept,applicable to the design of various sorts of useful systems, but its relationship to cognition isunclear at best. As we have already established, conceptions of representation based oncorrespondence or covariation are incoherent.4 This general point is complicated by issues involving the possibility of internalerror, such as errors of efficiency or construction. These can be of major importance for somepurposes, but they do not ultimately alter the general point, and we ignore them here.5 There is a slightly subtle possibility here. Suppose a system already wants acertain result (has an internally specified goal to this effect), but cannot bring it about. Thenthe part of the system that determines whether the current trial result is correct could serveas the error feedback generator for the part of the system that is generating trials toward thesought-for result. In this case, the trial generator must emit its trials to the error feedbackgenerator, so again it is not passive. Note, too, that such �learning� is limited to whateverpredesigned criteria for error that the system may already contain.6 Systems with no output can certainly change, and such changes might be taken ascapturing something about the inputs � something about their statistical properties, forinstance. This might be construed as a form of learning, but everything in the design of thesystem that leads it to make specific internal changes in response to inputs has to be builtinto that system before it processes any of those inputs. No learning can occur at this level ofsystem design; there is no way for the system to modify the internal changes that it iscapable of. Such a passive system might be capable of selections among predesignedalternative internal responses to inputs. It will not be capable of anything beyond thosepredesigned alternatives.7 Note that a correspondence � an encoding � could not be taken to be in error bythe system. The system has no information about what might be on the other end of anysuch correspondence, and, therefore, cannot change it. The system can have functionalaccess to information about the inputs induced by certain of its outputs (or the interactiontrajectories made possible or prohibited by other interaction trajectories), but it does nothave access to what its inputs are in correspondence with. Access to the other end of suchcorrespondences would have to be epistemic, not functional, yet epistemic access is preciselywhat is at issue.8 microgenetically! See below.9 In this discussion, we have tried to avoid getting ahead of ourselves; we havepresumed that error is all or nothing. That is, particular expectations about the inputconsequences of producing a particular output are either true or false; there are nogradations of success and failure. The all-or-none conception is appropriate so long as weconsider system states to be discrete and not topologically organized.But if the space in which different system states are indicated has a topology of itsown, some errors or failures will be bigger than others. Indeed, in a metric space, misses can be at varying distances from the goal state. Error that is graded in such a fashion canprovided additional information for error-guided processes. (See below.)10 Unlike encodings, which are representations precisely because they represent theirtruth conditions: �There is a dog� is true if and only if there is a dog on the other end of thecorrespondence.11 This is an interactive version of what is called �recognition� or �acceptance� inabstract machine theory (Eilenberg, 1974; Ginzburg, 1968; Hopcroft & Ullman, 1979). In theinteractive version, outputs can induce inputs, via the environment, so it is not merely inputstrings that are passively �recognized�. Elaborations of more formal perspectives on theinteractive model can be found in Bickhard, 1980, 1982, in press; Bickhard & Campbell,1992; Bickhard & Terveen, 1995; Campbell & Bickhard, 1992a.12 For our purposes, it makes no difference whether we are presumed to be born withrepresentational indentations in our wax, or the indentations are made exclusively afterbirth. Encoding-based nativism (e.g., Fodor, 1975, 1981a) makes the same objectionableassumptions about representation that empiricism does.13 For some extensive investigations of such oscillatory and modulatory phenomenain crustacean stomatogastric nervous systems, see Harris-Warrick, Marder, Selverston, andMoulins, 1992. As Sahley (1993) points out, �These concepts are certain to be of ever greatersignificance as more complex systems and their behaviors are investigated.�14 As Hanlon (1991b) points out, there is a long tradition of microgenetic perspectivesin the neurosciences (Brown, 1988; Deacon, 1989; Hanlon, 1991a). In fact, such ideasconsiderably predate Werner�s formulations. Interactivism has strong convergences withthis tradition on certain issues � see, for instance, Hanlon�s (1991b) point that the �dynamicstates� of the brain that underlie cognition must take the form of wave fronts, or Schweiger�sincorporation of Piagetian themes (Schweiger, 1991). Other features of this tradition,however, such as a strict holism and recapitulationism, are less consistent with ourconceptions. The history of thinking about microgenesis, and the difference between old andnew conceptions (Hanlon, 1991b; Cat�n, 1986), are topics that deserve serious examinationin a different forum.15 We will discuss some deeper and more evolved aspects of Gentner�s theory below,after we have presented enough of the interactive framework to be able to make moredetailed comparisons. It turns out that, in spite of the fundamental differences betweeninformation processing and interactivism, there is a strong convergence between a number ofcharacteristics of Gentner�s model and characteristics that are intrinsic to the interactivemodel.16 This claim is �roughly� correct, but it slides over some basic distinctions betweenstand-in relationships among external elements, and stand-ins among conditions in themind. Briefly, external elements and their encoding relationships must both be interpreted,while encoding relationships in the mind cannot require such interpretation on pain of aninfinite regress of interpreters. See Bickhard and Richie (1983) for a discussion of internalstand-ins.17 Which of those continuous maps to manifest � which processes of comparison touse � can, of course, be a significant problem, as can discovering and constructing a space ofpossible such maps (Medin, Goldstone, & Gentner, 1993). The processes that manifest suchmaps must themselves be learned and constructed, and will form a domain or field ofindividual development (Gentner, 1988; Gentner & Rattermann, 1991 � though we are not in agreement with their characterization of that development: Bickhard, 1992b, 1992c;Campbell & Bickhard, 1986). Such processes are also subject to historical discovery anddevelopment (Gentner & Grudin, 1985; Gentner & Jeziorski, 1993; Bickhard, 1991c). Notealso that given a domain and a continuous map, they can be used to conjecturally fill out thecodomain of the map: given a space of comparison and a method of comparison, analogy andrelated processes can speculate about properties and structures of the target domain. Formore on these points, see the discussion of �Analogy and Similarity, Again� in the main textbelow.18 Note that the combinatoric constructions of problem or solution or modelrepresentations involved in some expert systems (Clancey, 1992) will generate a topology inthat representational space. We know of no sophisticated use of that topological information,however. More fundamentally, these spaces are 1) strictly combinatoric in their constructivepower, and 2) would not exist at all unless their �atoms� were predefined andpreprogrammed. Standard expert system approaches cannot explain the origin ofrepresentational spaces.19 One interesting example of interaction among these facets of microgenetic activityis the re-representation of representational domains. This involves modification of themicrogenetic processes involved so as to increase similarity between the domains (that is,alter their microgenetic topologies so that continuous maps between them more easily orfruitfully defined�Gentner & Markman, in press). In such cases, the success (or failure) ofthe microgenetic processes in supporting representational comparisons functions as aselection constraint on variations of those microgenetic processes.20 The inheritance organizations in object-oriented programming are an example ofexplicit constructive topologies that are made available to a programmer as a resource(Goldberg & Robson, 1983; Pascoe, 1986). Such programmer�s topologies illustrate both howuseful, even necessary, such topologies can be, and how difficult and complex theirconstruction can be. It is of interest that the evolution of programming has focused more andmore on such constructive resources and their topologies: macros, subroutines, modules,objects, agents, and so on.21 One possible ground for such variation and selection is the selective enhancementand pruning of neural modulatory connections (Edelman, 1987, 1992; Reeke & Edelman,1988). Patterns of selective differentiation constitute alterations in the overall modulatoryinfluences that can be microgenetically constructed in the corresponding local domains of thenervous system. That is, alterations in the patterning of the physical basis for modulationwill constitute alterations in the modulatory relationships that will be microgeneticallyconstructed � even if the microgenetic constructive process is not altered at the biochemicallevel.22 Provided, of course, that the system is capable of modifying itself. A system thatis capable of knowing, but not of learning, will not be microgenetically flexible in this way.