submitted to:- 1 -Bootstrapping knowledge representations: from entailmentmeshes via semantic nets tolearning webs

Francis HEYLIGHENCenter "Leo Apostel", Free University of Brussels, Pleinlaan 2, B-1050 Brussels, BelgiumE-mail: fheyligh@vub.ac.behttp://pespmc1.vub.ac.be/HEYL.htmlABSTRACT. The symbol-based, correspondence epistemology used in AI iscontrasted with the constructivist, coherence epistemology promoted by cybernetics.The latter leads to bootstrapping knowledge representations, in which different partsof the cognitive system mutually support each other. Gordon Pask’s entailmentmeshes and their implementation in the THOUGHTSTICKER program are reviewed asa basic application of this methodology. Entailment meshes are then extended toentailment nets: directed graph representations governed by the "bootstrappingaxiom", determining which concepts are to be distinguished or merged. This allows aconstant restructuring and elicitation of the conceptual network. Semantic networksand frame-like representations with inheritance can be expressed in this very generalscheme by introducing a basic ontology of node and link types. Entailment nets arethen generalized to associative nets characterized by weighted links. Learningalgorithms are presented which can adapt the link strengths, based on the frequencywith which links are selected by hypertext browsers. It is argued that these differentbootstrapping methods could be applied to make the World-Wide Web moreintelligent, by allowing it to self-organize and support inferences through spreadingactivation.1. IntroductionIn my contribution to this special issue devoted to the memory of Gordon Pask, I wish toreview my research on knowledge representation and knowledge acquisition. Although itwas started independently, this research program in a number of ways parallels andextends Pask’s work on Conversation Theory, and in particular its representation throughentailment meshes and their implementation in the computer program THOUGHTSTICKER(Pask, 1975, 1976, 1980, 1984, 1990; Pask, & Gregory, 1986). My work startedaround 1983 with the development of a "structural language" for representing thefundamental space-time structures of physics (Heylighen, 1990a). This primitivemodelling scheme plays a role similar to Pask’s (1984) "protolanguage" or "protologic"Lp (cf. Heylighen, 1992). An investigation into artificial intelligence (AI) and cognitivescience made me understand that the main application of this language might lie in

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS2knowledge representation rather than in the foundations of physics. However, thelimitations of AI made me turn to cybernetics as a more general theoretical framework(Heylighen, 1987, 1990).I first came into contact with Gordon Pask through the conference "Self-Steering andCognition in Complex Systems" (Heylighen, Rosseel & Demeyere, 1990) which I co-organized at the Free University of Brussels in 1987. As one of the founding fathers ofcybernetics, Pask was invited to give a keynote speech (Pask, 1990). In his inimitablestyle, he reviewed his work on conversation theory and Lp. His manners of anarchetypical British eccentric and his dandyish appearance, with bow-tie, cape andwalking-stick, did not fail to impress the audience, myself included. At that moment, I didnot yet understand the relevance of his approach for my own work, though.I had the chance to get better acquainted with the Paskian philosophy during a shortstay at the University of Amsterdam in 1988-1989. There I worked for the researchprogram "Support, Survival and Culture", headed by Gerard de Zeeuw and GordonPask. The program’s focus on computer-supported collaborative work incited me toimplement my ideas into a prototype software system, the CONCEPTORGANIZER, whichsupports one or more users in exteriorizing their implicit knowledge in the form of ahypertext network of concepts (Heylighen, 1989, 1991a). Although I was notconsciously influenced, the similarity in both intention and name between this programand Pask’s THOUGHTSTICKER seems obvious in retrospect.My interest in the foundations of cybernetics and in conceptual networks led me tojoin Valentin Turchin and Cliff Joslyn in the creation of the Principia Cybernetica Project(Joslyn, Heylighen & Turchin, 1993). The project’s aim is the computer-supportedcollaborative development of an evolutionary-cybernetic philosophy. Its results arepresently implemented as a large hypertext net on the World-Wide Web (Heylighen,Joslyn & Turchin, 1997). Although some cyberneticists reacted critically to the project’sfoundational ambitions, it was welcomed enthusiastically by Gordon Pask. In hiscontribution to the project’s first workshop, he noted that "a philosophy of Cybernetics,encapsulated in the [...] title, ’Principia Cybernetica’, is not only justifiable, but necessaryand in this day and age, utterly essential" (Pask, 1991). In my own contribution, Isketched an extension of my work on the structural language to encompass semanticnetworks as a possible framework to structure the knowledge produced by the project(Heylighen, 1991b).A focus on the philosophical content as well as on the organizational and technicalimplementation of the project during the following years kept me from further developingmy scheme for knowledge representation. However, in 1994, when I was joined byJohan Bollen, we started to work on a new application, an associative network ofconcepts that would self-organize or "learn" from the way it is used (Bollen & Heylighen,1996). Although I knew his health was deteriorating, I had hoped to present this work toGordon Pask during the 13th European Meeting of Cybernetics and Systems in Vienna(April 1996), where we were both chairing a symposium. Unfortunately, Gordon died afew weeks before the congress, and the meeting became the first occasion for those whohad known him to reminisce and pay tribute to his work.The present paper will review my on-going research on "bootstrapping" methods forknowledge representation, emphasizing the similarities (and differences) with Pask’s

3HEYLIGHENapproach. Although this review will mostly summarize ideas scattered over differentpapers (Heylighen, 1989, 1990a, 1990d, 1991a, 1991b; Bollen & Heylighen, 1996,1997; Heylighen & Bollen, 1996), some of the results included here have not beenpublished before.2. Epistemology: correspondence versus coherenceBoth Pask’s work on knowledge representation and my own are distinguished from themore traditional AI approach by their underlying epistemology. Most AI work implicitlyassumes a correspondence epistemology, which sees knowledge as a simple mapping or"reflection" of the external world. Every conceptual object (symbol) in the knowingsubject’s model is supposed to correspond to a physical object in the environment. Thestructure of the model can be seen as a homomorphic map, or an encoding, of thestructure of outside reality. This epistemology, which has been called the "reflection-correspondence" theory by Turchin (1993), leads to a host of conceptual and practicalproblems (Bickhard & Terveen, 1995).The most pressing ones center around the origin and nature of the mapping fromreality to its symbolic representation. Since a cognitive system has no access to reality(Kant’s "Ding an Sich") except through perceptions�which are already internalmodels�, how can it ever determine whether it uses a correct mapping? Anotherformulation of this difficulty is the symbol grounding problem (Harnad, 1990): how arethe symbols, the elements of the model, "grounded" in the external reality which they aresupposed to represent? This problem cannot be solved within the model itself. Thisfollows from the "linguistic complementarity" principle (L�fgren, 1991), whichgeneralizes classic epistemological restrictions such as the theorem of G�del or theHeisenberg indeterminacy principle. It states that no language can fully describe its owndescription or interpretation processes. In other words, models cannot include arepresentation of the mapping that connects their symbols to their interpretations.Because there is no inherent procedure to determine a correct mapping, models in AItend to be arbitrarily imposed by the system’s programmer or designer. The model’sfoundations or building blocks, the symbols, are primitives which have to be accepted atface value, without formal justification. The model can be more or less adequate for theproblem domain, but never complete, in the sense of covering all potentially relevantsituations. As argued by van Brakel (1992), this ’problem of complete description’generalizes the famous ’frame problem’ in AI (Ford & Hayes, 1991). Incompletenesswould not be a real obstacle if the models could adapt or learn, that is, extend theircapabilities each time a problem is encountered. But the correspondence philosophy doesnot allow any simple way for a model to be changed. New symbols cannot be derivedfrom those that are already there, since they are supposed to reflect outside phenomena towhich the model does not have access. Introducing a new symbol must be done by theprogrammer, and requires a redefinition of the syntax and semantics of the model. Thus,models in AI tend to be static, absolutist and largely arbitrary in structure and contents.These problems have helped focus attention on an alternative epistemologicalposition, constructivism, which is espoused by most cyberneticists, and emphasized in"second-order" cybernetics (von Foerster, 1996) and the theory of autopoiesis (Maturana

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS4& Varela, 1992). According to this philosophy, knowledge is not a passive mapping ofoutside objects, but an active construction by the subject. That construction is notsupposed to reflect an objective reality, but to help the subject adapt or "fit in" to theworld which it subjectively experiences.This means that the subject will try to build models which are coherent with themodels which it already possesses, or which it receives through the senses or throughcommunication with others. Since models are only compared with other models, the lackof access to exterior reality no longer constitutes an obstacle to further development. Insuch an epistemology, knowledge is not justified or "true" because of its correspondencewith an outside reality, but because of its coherence with other pieces of knowledge(Rescher, 1973; Thagard, 1989). The problem remains to specify what "coherence"precisely means: mere consistency is clearly not sufficient, since any collection ofunrelated facts is logically consistent.Model construction can be seen as a trial-and-error process, where differentvariations are generated, but only those variations are retained which "fit in" with the restof the experiential material. Thus, the process is selectionist (Cziko, 1995; Bickhard &Ter Veen, 1995) rather than instructionist: instead of instructing the subject on how tobuild a model, the (inside or outside) environment merely helps it to select the most "fit"models among all of the subject’s autonomously generated trials.Many constructivists tend to emphasize the role of social interaction in this selectionprocess: those models will be retained about which there is a consensus within thecommunity. This is the social constructivist position, which is popular especially in thesocial sciences and humanities. Psychologists like von Glasersfeld (1984) and Piaget(1937), on the other hand, emphasize the individual subject, who tries to find coherencebetween his or her different models and perceptions. The selectionists inspired byPopper’s (1959) evolutionary epistemology and theory of falsification, finally, emphasizethe role of the outside environment in weeding out inadequate models. For obviousreasons, this more "realist" position is most popular in the natural sciences. My ownphilosophy is pragmatic, and acknowledges the combined role of individual, social andphysical ("objective") factors in the selection of knowledge (Heylighen, 1993, 1997).Although constructivists usually also accept some form of a coherence view of truth,few people have proposed concrete mechanisms that show how the dynamic process ofconstruction (variation) can result in the static requirement of coherence (selectiveretention). The originality of Pask’s Conversation Theory is that it provides a detailedformal model of such mechanisms. The metaphor of conversation is aptly chosen todescribe such a process of cognitive interaction, in which concepts are exchanged,combined and recombined (the construction phase), with the aim of achieving agreementabout shared meanings (the coherence phase). Although the conversation metaphor seemsto favor the social construction of knowledge, Pask is quick to point out that his theoryapplies equally well to interactions between different roles or perspectives ("p-individuals") within a single individual. I have suggested elsewhere (Heylighen, 1990c)that the conversational perspective could even be extended to interactions betweenobservers and objects. Pask might not have disagreed with this generalization, since hesaw his THOUGHTSTICKER program as a way to turn a computer into a conversationalpartner.

5HEYLIGHENTo describe my own solution to the problem, however, I prefer the metaphor ofbootstrapping (cf. Heylighen, 1990a, 1990d, 1992). As said, the problem withcorrespondence epistemologies is that they lack grounding: everything is built on top ofthe symbols, which constitute the atoms of meaning; yet, the symbols themselves are notsupported. The advantage of a coherence epistemology is that there is no need for a fixedground or foundation on which to build models: coherence is a two-way relation. In otherwords, coherent concepts support each other. The dynamic equivalent of this mutualsupport relation may be called "bootstrapping": Model A can be used to help constructmodel B, while B is used to help construct A. It is as if I am pulling myself up by myown bootstraps: while my arms (A) pull up my boots (B), my boots at the same time�through my legs, back and shoulders�push up my arms. The net effect is that more(complexity, meaning, quality, ...) is produced out of less. This is the hallmark of self-organization: the creation of structure without need for external intervention.I will now show how this bootstrapping philosophy can be applied to the practicalproblem of knowledge representation, first by reviewing Pask’s entailment meshes, thenby extending the underlying formalism to my own entailment nets.3. Entailment Meshes and the THOUGHTSTICKER programDuring the development of Pask’s Conversation Theory, it turned out that many of itsstatements could be succinctly expressed by graphical schemes that were called"entailment meshes". These informal representations were later interpreted as expressionsin a formal language of distinction and coherence, which Pask called Lp. Themanipulation of Lp expressions was facilitated by an interactive computer program calledTHOUGHTSTICKER (Pask, 1984; Pask & Gregory, 1986). As the name implies, the mainaim of THOUGHTSTICKER is to help users exteriorize their thoughts in the form of a stableand explicit knowledge representation. (The same aim underlies my ownCONCEPTORGANIZER prototype (Heylighen, 1989, 1991a). I will here summarize therepresentation of knowledge through entailment meshes, and the rules that are embeddedin the THOUGHTSTICKER software for manipulating and eliciting these meshes.The basic elements of an entailment mesh are called topics. They are "public"concepts, in the sense that their meaning is shared by a number of conversationalparticipants. These concepts are connected through coherences. A coherence is acollection or cluster of topics which are so interrelated that the meaning of any topic of thecoherence can be derived from the meaning of the other topics in the cluster. In otherwords, the topics in a coherence entail or define each other. A simple example of acoherence is the cluster <pen, paper, writing>. This means that we can somehow startfrom the concepts of writing and paper and produce the concept of an instrument thatallows you to write on paper: a pen. Complementarily, we can start from the notions ofpen and paper and derive from them the activity you do when applying a pen to paper:writing.

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS6penwritingpaper

tablechair penwriting papertablechair

(a)(b)Fig. 1: (a) a simple entailment mesh consisting of two coherences overlapping on the topicwriting ; (b) a ’prune’ unfoldment of the same mesh from the point of view of the topic pen.The same topic, e.g. writing, can belong to different coherences, for example:<pen, paper, writing> and <table, chair, writing> (see Fig. 1a). In other words,coherences can overlap in one or more topics. An entailment mesh is then a complex ofoverlapping coherences, that is, a collection of topics and coherences such that every topicbelongs to at least one coherence (see Fig. 2). Every topic in an entailment mesh shouldbe entailed by, or unambiguously derivable, from the other topics in the mesh. Thisderivation can be represented in THOUGHTSTICKER by the operation called ’Prune’.Prune produces an unfoldment of the mesh from the perspective of the concept you wantto derive. For example, Fig. 1b shows a pruning of the mesh in Fig. 1 from the point ofview of pen. With symbols this derivation could be represented as: pen ‹ {writing,paper}, writing ‹ {table, chair}.

ABCDEFGHIJKLMNOPQTRSFig. 2: a more complex entailment meshThe main function of the Prune operation is to discover structural ambiguities orconflicts in a mesh. An ambiguity arises when different topics are derived in the sameway. In that case, there is no way to distinguish the topics within the mesh. Consider for

7HEYLIGHENexample the two coherences <pen, paper, writing> and <pencil, paper, writing>.In this case, it is not clear which of the two topics pencil or pen should be producedfrom paper and writing: pen ‹ {writing, paper} and pencil ‹ {writing, paper}both hold. This poses a problem for the knowledge representation, which can be resolvedin one of the following ways:¥merge topics: the ambiguous topics may be really equivalent, in the sense that eitherthey are synonyms (e.g. persons and people), or they are two tokens (e.g. pen andpencil) standing for the same basic concept (e.g. writing device). The resolutionis to merge the topics, thus producing the single new coherence: <writing device,paper, writing>¥add topic: if the topics are really distinct, this must be reflected in the entailment meshby changing the coherences that define them. The simplest way to do that is to add atopic to one of the two coherences. For example, one could replace <pencil, paper,writing> by <pencil, paper, writing, erasable>. The derivation of pencilfrom its coherence cluster is now different from the derivation of pen, and thus theambiguity is resolved.¥ split topic: another way to create distinction where there is none is to split or"bifurcate" one of the topics occurring in both coherences into two distinct topics. Forexample, writing could be split into writing letters and writing notes, resultingin the two coherences <pen, paper, writing letters> and <pencil, paper,writing notes>. Since the two new topics derive from the same underlying idea,they remain related in THOUGHTSTICKER by a relation of analogy.¥ merge coherences: another way to eliminate the ambiguity is to replace the twocoherences by one new coherence including all topics, e.g. <pen, pencil, paper,writing>. Now, pen and pencil have each a different derivation.Another type of ambiguity can arise when coherences are nested, i.e. when onecoherence, e.g. <pen, pencil, ball-point>, is a subset of another coherence, e.g.<pen, pencil, ball-point, paper, writing>. In that case, it is not clear how to derivea topic belonging to both coherencies, e.g. is it pen ‹ {writing, paper, ball-point,pencil} or pen ‹ {ball-point, pencil}? Such a nested construction is illegal inTHOUGHTSTICKER. The way to resolve it is to "condense" the topics of the inner cluster(<pen, pencil, ball-point>) into a new, "generalized" concept, e.g. writing device.This leaves a single new cluster, <writing device, paper, writing> (see Fig. 3).

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS8

writingpaperpenpencilball-pointwritingpaperwriting device

Fig. 3: a condensation of the subcoherence <pen, pencil, ball-point> into the new, more generaltopic writing device.THOUGHTSTICKER will assist the user in representing her implicit knowledge moreexplicitly, and in searching for conflicts and proposing resolution. The latter will elicitnew knowledge by pointing to gaps and ambiguities in the knowledge that is alreadythere. Moreover, THOUGHTSTICKER can directly suggest possible expansions of theknowledge base through the ’Saturate’ operation. This will produce new candidatecoherences that would not create structural ambiguities. These suggested combinations oftopics may be completely random, or restricted to certain by the user defined ranges oftopics. It is up to the user to decide whether the proposed cluster is meaningful or not.Thus, THOUGHTSTICKER constantly interacts or "converses" with the user, helping toconstruct an ever more complete and well-balanced system of concepts.4. Bootstrapping in graphs4.1. ENTAILMENT MESHES AS NON-DIRECTED GRAPHSAlthough THOUGHTSTICKER is more flexible than traditional AI knowledgerepresentation systems, its underlying Lp logic has a number of inherent shortcomings.The meaning of a coherence is not very clear and is likely to be interpreted differently bydifferent users. Moreover, Lp’s structure is too loose to support "inferences" in thestronger sense of logical deductions showing the truth or falsity of certain expressions.Entailment meshes also do not have any obvious connection with the�admittedly little�knowledge we have about cognition and brain functioning. The most important limitation,however, seems to me the inherent non-directionality of its entailment meshes.Pask’s motivation for non-directionality was to replace the traditional hierarchicalstructures�where higher order concepts are always reduced to (non-grounded)primitives�by a heterarchical ("bootstrapping") structure�where concepts mutuallyproduce each other. Directionality does not imply hierarchy or reducibility, though. WhenI started working on my structural language (Heylighen, 1990a), I made it intrinsically

9HEYLIGHENdirectional in order to model processes and their "arrow of time", not hierarchicaldependencies. The advantage of directed structures is that they encompass non-directedstructures as a special case, whereas the converse is not true. In the mathematics ofrelations, non-directionality corresponds to symmetry. A relation R is symmetric if forevery pair for which the relation holds, (a,˚b)˚˛˚R, the inverse pair also satisfies therelation: (b, a)˚˛˚R. General relations are asymmetric, though, which means that theinverse pair can either be there, or not. So, a non-directed structure or graph can alwaysbe created by limiting the allowed relations to symmetric ones. On the other hand, there isno clear way to create a directed structure if only symmetric relations are available.Let me show how such a relational representation generalizes the structure underlyingentailment meshes. Two topics a, b in a coherence are connected by the reflexive andsymmetric relation C: "belongs to the same coherence as", which we might also read as"is coherent with". Symmetry means that for all a and b, a C b � b C a. Moreover,within one coherence the relation is also transitive: if a C b and b C c, then a C c.However, the relation is no longer transitive if we consider topics belonging to differentbut overlapping coherences. Consider the two coherences <a, b, c> and <c, d, e>. Inthat case we have a C c, and c C d, but not a C d. The combination of reflexivity,symmetry and transitivity defines an equivalence relation. The individual coherenceclusters could then be viewed as the equivalence classes induced by the relation C. SinceC is only locally transitive, its equivalence classes can overlap, instead of partitioning theset of all topics into separate clusters, like a full equivalence relation would.The representation of an entailment mesh through its collection of coherences is thusequivalent to its representation by the symmetric relation C defined on the set of all topicsT = {a, b, c, ...}: C � T · T. The fundamental requirement of the avoidance of structuralambiguity can then be formulated in the following way. Every topic a is derived from theother topics it is coherent with: {x „ a | a C x} = I(a). Ambiguity is the situation wherewe have two distinct topics a „ b but such that I(a) = I(b).4.2. ENTAILMENT NETS AND THE BOOTSTRAPPING AXIOMLet us generalize the above scheme by considering a general, non-directed, i.e.asymmetric relation. I will call this relation "entailment" and its instances "links",denoting them by right arrows: fi . Instead of "topics", I will call the elements connectedby the entailment relation "nodes", or "concepts". The graphical representation of nodesand links will take the form of an unlabelled directed graph, with the only constraint thatthere can be at most one link between any two nodes (see Fig. 3 for an example). Inanalogy to the entailment meshes, we may call such graphs entailment nets.

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS10abcdef gh

I(a)O(a)

Fig. 3: an entailment net consisting of nodes (a, b, c, ...) connected by links. I(a) denotes the setof input nodes of a, O(a) the set of its output nodes.For every node or concept a, there will now be two relevant sets, depending on thedirection in which we follow the relation, i.e. depending on whether we look at theconcepts that a entails, or that are entailed by it. We can thus define the input and outputsets of a concept a (see Fig. 3):Input: I(a) = { x | x˚fi˚a}Output : O(a) = { x | a˚fi˚x }Like in an entailment mesh, the meaning (definition, distinction) of a can be interpreted asderived or produced from these two sets. The requirement of ambiguity avoidance can beformulated most generally as the following bootstrapping axiom (Heylighen, 1990a,d,1991b):two concepts are distinct if and only if their input and output sets are distinct:a „ b �˚I(a) „ I (b) and O(a) „ O(b)Thus, the concept a is unambiguously defined or determined by the other concepts it isconnected with by the entailment relation. This definition is "bootstrapping" because theelements in I(a) and I(b) are of course themselves only distinguished by virtue of theirown connections with distinct elements, including the original a and b. It is not recursivein the conventional sense, because there is no privileged set of primitive elements in termsof which all others are defined, like in a traditional symbol-based knowledgerepresentation. Note that the axiom implies that concepts with empty input and output sets(i.e. independent, disconnected nodes) cannot be distinguished at all.Although the bootstrapping axiom is formulated as a static, logical requirement, itspractical value lies in the dynamic construction of new concepts and entailments. Supposethat a user is developing a knowledge representation consisting of different concepts

11HEYLIGHENtogether with their entailment relations. A computer program like CONCEPTORGANIZERwould then constantly analyse the resulting network looking for ambiguities, i.e. nodesthat are different yet have the same input and output sets. If it would find such anambiguity, it would suggest a number of methods for resolving it, analogous to themethods proposed by THOUGHTSTICKER. These obviously divide in two main strategies:either merge the ambiguous nodes if they are really equivalent, or differentiate theirrespective input and output sets by adding, splitting or deleting nodes (Heylighen,1991a).The THOUGHTSTICKER strategy of merging coherences could be translated in anentailment net by adding a two-way entailment between the ambiguous nodes. Forexample, if I(a) = I(b) and O(a) = O(b) then adding the entailments b˚fi˚a and a˚fi˚bwould add a to I(b) and O(b), and add b to I(a) and O(b), thus distinguishing therespective input and output sets. The two-way entailment could be interpreted as a"similar, yet different" relation. (However, if the entailment would also be reflexive, i.e.include the links a˚fi˚a and b˚fi˚b, then we would be back to ambiguity since the inputand output sets would again be identical.)The richer structure of entailment nets makes it less likely to encounter ambiguities inan arbitrary net, since both input and output sets must be identical to have an ambiguity.However, there are different types of "approximate" ambiguities, which do not strictlytransgress the bootstrapping axiom, but where the difference is not very large. Forexample, the two input sets of a pair of nodes could be identical, while their output setsdiffer only in one element. In such cases, it is possible that the single difference isaccidental, and that the nodes should better be merged. Or, it is likely that there is morethan one difference, and therefore the computer system will suggest to the user to add adifference in the input sets which reflects the existing difference in the output sets.4.3. NODE INTEGRATIONA system based on entailment nets would also allow an equivalent ofTHOUGHTSTICKER’s "condense" operation for creating a more general concept, byintegrating a number of more specific concepts. This may be called node integration, asdistinguished from the node identification (merging) suggested in the case of ambiguity(cf. Bakker, 1987; Stokman & de Vries, 1988).A cluster of concepts that are strictly distinct according to the bootstrapping axiommay still be indistinguishable from outside the cluster, because they have the same inputand output links with nodes outside the cluster: consider a set of nodes A = {ai | i = 1, ...,n}, with the property that for all 1 £ i, j £ n : I(ai) \ A = I(aj) \ A and O(ai) \ A= O(aj) \ A(where "\" stands for the set theoretic difference). In that case, the nodes belonging to Acan be integrated and replaced by a single new node A, resulting in a much simplifiedgraph, without affecting the distinctions between nodes outside of A. See Fig. 4 for anexample.

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS12abcdef aa123bcdef

A(a)(b)Fig. 4: (a) a cluster {a1, a2, a3} of nodes that are externally indistinguishable; (b) the graphresulting from the replacement of that cluster by the single node A.Again, the property of external indistinguishability of a cluster can be relaxed toapproximate indistinguishability. This means that the external input and output sets of thecluster elements are not completely identical, but have most elements in common. Thiswould be the case with concepts that have a "family resemblance", with many commonproperties, but some idiosyncratic differences. Fisher (1987) has proposed an algorithmfor clustering together such concepts on the basis of the number of properties �in anentailment net, this would mean input and output elements�they have in common. (Thealgorithm uses the conditional entropy as a measure of difference between sets ofproperties). Such conceptual clustering is a basic form of what is usually called "machinelearning", "knowledge discovery" or "data mining", i.e. the retrieval of regularities inlarge sets of interrelated data.5. Bootstrapping semantic networksA shortcoming of both Pask’s entailment meshes and the entailment nets as I havepresented them until now is that there is no clear interpretation of the "entailment" thatkeeps the concepts together. This very abstract relation tells us that concepts somehowdepend on each other, but it does not tell us how.Another knowledge representation scheme from AI, the semantic network(Brachman, 1977; Shastri, 1988; Sowa, 1991), is based on similar nets of interdependentconcepts, but here the dependencies are classified into distinct types with specificinterpretations. For example, different types of relations might specify that a concept a"causes" another concept b, that a "is a part of" b, or that a "is a special case of" b. Themotivation underlying semantic networks is that concepts get their meaning through thesemantic relations they have with other concepts. This is similar to the bootstrappingphilosophy underlying entailments meshes and entailment nets.However, semantic networks do not solve the "symbol grounding" problem; theymerely push it to another level of description. Although the nodes are supposed to

13HEYLIGHENmutually define each other, the relations or link types do not. Like the symbols in a moretraditional representation, the link types used in a semantic network are primitives, whichare more or less arbitrarily imposed by the system designer. In practice, this has producedconfusion, with different researchers using different link types, or interpreting what seemto be the same link types in a different manner. Moreover, since the number of link typesis not a priori limited, there is a tendency to solve problems by creating a new ad hoc linktype each time it is not clear how a particular relation can be expressed using the existinglink types. Because of this semantic confusion, the empirical verification of semanticnetwork-based theories of cognition has produced ambiguous results, sometimes seemingto confirm the theory, sometimes seeming to contradict it. Yet, a well-chosen set of linktypes can produce a kind of intuitive recognition, which may help the user to understandknowledge formulated as a semantic network more easily than knowledge expressed in amore abstract or sparse formalism.For this reason I have tried to reconstruct a semantic network-like structure withinmy entailment nets (Heylighen, 1991b), while keeping to the fundamental requirementthat all meaning or distinction only be justified by bootstrapping within the system, not byappealing to external reality as an invisible arbiter. The trick to bootstrap link types issimply to reduce them to node types, which themselves are reduced to nodes. Since allnodes are subject to the bootstrapping axiom, this indirectly subjects link types tobootstrapping as well. Let me explain this procedure in more detail.The first step is to propose a general interpretation of the existing nodes and links inan entailment net. Until now, I have merely sketched the representation formalism andpointed out its analogies with Pask’s Lp expressions, without clarifying what its elementsconcretely stand for. Since nodes are defined by the way they are distinguished, it isnatural to interpret them as basic cognitive distinctions (cf. Spencer Brown, 1969;Heylighen, 1990b,d), that is, as classes of phenomena that are separated or distinguishedby an observer from all other phenomena that do not belong to the class. It can be arguedthat all perceptual and cognitive entities, such as concepts, patterns, categories, orexperiences, are distinctions. They are all triggered by certain phenomena but not byothers. They thus separate the universe of phenomena into two complementary classes:those that fit the concept (the "indication" or "marked" side of the distinction, according toSpencer Brown, 1969), and those that do not. A distinction can be seen as the mostfundamental unit of cognition.Whereas the distinctions cut up the phenomenal universe, the entailment relationconnects everything back together. If distinction a entails distinction b, we might say thatgiven a we can somehow expect to see b as well. This is a kind of a generalized orweakened form of "if a, then b". In order to recover more of the properties of thetraditional "if...then" in logic (implication), we should at least demand transitivity of therelation. Indeed, "if a, then b" and "if b, then c" together imply "if a, then c". Theentailment relation does not have any a priori properties such as transitivity, symmetry orreflexivity. Yet, we can always choose to focus attention on that part of the entailmentrelation that is transitive, and to interpret it as an "if...then". (One way to mathematicallygenerate the transitive part is to take the intersection of an entailment relation E with itssecond power: Etrans = E ˙ E2).

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS14The interpretation of this "if a, then b" between distinctions is that the class a issomehow subsumed in or followed by the class b. For example, if a phenomenon is adog, then it is also a mammal: dog fi˚˚mammal. It means that a phenomenon denotedby the first concept cannot be present or actual, without a phenomenon denoted by thesecond one being (simultaneously) or becoming (afterwards) actual. As the exampleshows, a primary instantiation of entailment is the relation between an instance orsubclass and the more general class to which it belongs. The more general class (e.g.mammal) can be seen as grouping a number of related, more concrete concepts (e.g. dog,cat, mouse, deer, etc.). With such an interpretation we can reinterpret the input of aconcept x, I(x), as its "extension", i.e. the set of its instances, and its output O(x) as its"intension", i.e. the conjunction of its defining features. The meaning of x, as expressedby the bootstrapping axiom, can then be interpreted as determined by the disjunction of itsinput elements, and the conjunction of its output elements.This interpretation suggests yet another heuristic for distinguishing "similar" nodes.Suppose you have two nodes a and b, such that I(a) ˚� I(b), while O(b)˚� O(a). In thatcase the system might suggest to the user to create a link from a to b, a ˚fi˚ b, assumingthat a concept a with a smaller extension and a larger intension than b is likely to be aspecial case or subcategory of b.5.1. ONTOLOGICAL DISTINCTIONS AS BASIC NODE TYPESIf we follow the entailment relation "upward" between classes we will reach ever moreabstract or more general distinctions, e.g. dog fi ˚carnivore fi ˚m a m m a l fi˚vertebrate fi˚animal fi˚organism fi˚object. The most abstract classes can beinterpreted as the philosopher’s "categories", the most basic or universal distinctionswhich underly our understanding of the universe. These fundamental concepts can be saidto define an "ontology", i.e. a theory of the most fundamental categories of existence,such as time, space, matter, truth, cause and effect. These ontological distinctions can beinterpreted as basic node types, which allow a classification of other, more concretenodes.Note that the word "ontology" has recently received a broader and more practicalmeaning in the domain of knowledge representation, where it denotes the completesystem of concepts, with their definitions and relationships, that support a sharedconceptualization of a domain (Uschold and Gruninger, 1996). The original philosophicalmeaning, which I use here, is closer to what Uschold and Gruninger call a "meta-ontology", i.e. a set of allowable types of concepts. What they call "an ontology" wouldcorrespond to the whole system of concepts in an entailment network. In that sense,CONCEPTORGANIZER could be viewed as a tool for building ontologies. As anillustration, the Principia Cybernetica Project has developed an ontology of basic systemstheoretic concepts in the form of a semantic network (Joslyn, Heylighen & Bollen, 1997).In order to develop a skeleton (meta-)ontology, or list of fundamental node types, Ihave posited two basic dimensions of distinction: stability (or time) and generality(Heylighen, 1991b). Stability distinguishes more from less temporally variablephenomena, while generality distinguishes abstract, universal classes from their concrete,particular instances. Although these distinction dimensions can in principle have

15HEYLIGHENcontinuous values, it is simpler to consider discrete classes. Stability can be seen ashaving three possible values: transitional (i.e. with no distinguished duration), temporary(with a finite duration), and stable (with an indefinite duration), and generality two:particular - general. The combination of these 3 x 2 values leads to 6 basic types ofdistinction (see table 1).Time\generalityGeneralParticular

StableClassObject

TemporaryPropertySituation

TransitionalChangeEvent

Table 1: 6 basic node types, generated as combinations of 3 values for the time dimension, and 2values for the generality dimension.For example, an object is a distinction that is stable (it is not supposed to appear ordisappear while we are considering it), and particular (it is concrete, there is only of it). Aproperty is a distinction that is general (several phenomena may be denoted by it, itrepresents a common feature), and temporary (it may appear or disappear, but normally itremains present during a finite time interval). An event is instantaneous (it appears anddisappears within one moment), and particular (it does not denote a class of similarphenomena, but a specific instance). Events can be seen as discrete changes, astransitions in which something was present and suddenly is no longer present, or wasabsent and suddenly appears. Changes can be seen as classes of events or as"transformations" (in the mathematical sense of a function mapping a set of initial statesonto a set of subsequent states).Some examples will further clarify this classification. "Dog" is a class, and so is"mammal". My own dog "Fido", on the other hand, is an object that belongs to the classof dogs. "Barking" is a property that Fido may or may not have at any particular moment."Being able to bark", on the other hand, is a class that mostly overlaps with the class of"dog". "Fido is barking" is a situation, a temporary state of affairs, which in this caseinvolves a particular object. "The 2nd World War" is another situation. "The beginning ofthe 2nd World War", on the other hand, is an event. "Starting a war" is a general change.These ontological distinctions are meant to be an aid to analysis, not an absolutestatement about the structure either of the world or of the formal system. They are not atthe same level of importance as the bootstrapping axiom. They should rather be seen as achecklist (cf. Heylighen, 1991a) of distinctions that are likely to be relevant. Their use isnot mandatory. Indeed, it is easy to conceive of a concept in an entailment network thatcannot be readily classified along either of the ontological dimensions.Consider for example the concept of "the American democracy". Does this conceptrefer to a particular institution that exists in one country, or to a more general method ofgoverning that could be applied to many instances? Does it represent the situation at this

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS16moment in time, or a system that may survive indefinitely? Different people are likely toanswer these questions differently in different contexts. Yet the concept of "Americandemocracy" is sufficiently clear that it can be meaningfully used in communicating andrepresenting knowledge. It can therefore be represented in an entailment network, perhapswith entailments linking it to "the American senate" and "the Bill of Rights", but withoutneeding to be linked to one of the ontological concepts of "object", "class", "situation",etc. Still, the creation of more specialised distinctions such as "the American democracyas method of governing" (class) or "the American democracy as an institution during theReagan years" (situation) may be helpful to elucidate semantic confusions betweendifferent (p-) individuals who use the same words but speak about different things.5.2. BASIC LINK TYPESWith these generic node types we can now produce a number of corresponding link typesby considering the possible combinations of nodes between which an "if... then" link canexist. There is one constraint on these combinations, though: a more "invariant" (morestable or more general) distinction can never entail a less invariant one. Otherwise, thesecond would be present each type the first one is present, contradicting the hypothesisthat it is less invariant than the first one. For example, a class cannot entail an object and asituation cannot entail an event. Yet, two concepts with the same type of invariance (e.g.two objects) can be connected by an entailment relation. The remaining possiblecombinations are summarized in figure 5.

classobject

propertysituation

changeevent

generalspecific

timestabletemporarytransitional

Has_PartHas_PartPrecedesCausesImpliesA_Kind_ofInstance_ofHas_PropertyInstance_OfInvolvesImpliesProducesPrecedes

generality

Fig. 5: Link types derived from the allowed combinations between node types; the straightarrows represent entailment from one type to another (more invariant) one, the circular arrowsrepresent entailment from a concept of one type to a concept of the same type

17HEYLIGHENLet us discuss the most important link types in this scheme. When an object a entails aclass b, a˚fi˚b, then a is an "instance of" b. When a class a entails another class b, thena is "a kind of" b. The union of the relations "a kind of" and "instance of" may be called"is a". This is the most popular link type used in traditional semantic networks. Forexample, "a dog is a mammal" and "Fido is a dog". Note that the traditional "hasproperty" relation cannot be used to link an object with a property. If you wish theexpress the fact that an object has a property (which because of its temporary charactercannot be expressed as a class), e.g. "Fido is tired", then you must create a situationwhich involves (only) the object "Fido" and has the property "tired".When an object a always entails the presence of another object b, then b must belongto or be a part of a. (If two objects entail each other, they are either identical or so tightlybound that they cannot be separated.) Note that the direction of the "has part" entailmentmay seem counter-intuitive, since it runs from a "larger" whole to a "smaller" part,whereas the "is a" entailment runs from a "smaller" class to a "larger" superclass, thusputting the conventional hierarchy on its head. The (physical) size of an object hasnothing to do with the (logical) size of a class, though. One should beware of the intuitivetendency to see "is a kind of" as analogous to "is a part of", and remember that in terms ofentailment it is equivalent to the inverse relation "has as part".The entailment from property to class is a simple implication from temporary to stablefeatures. E.g. if something falls it has a mass: falling fi mass, yet objects that havemass (permanently) are not permanently falling. Property entailing property is again asimple implication (or succession), now between temporary features, e.g. falling fimoving.The application of the entailment relation to stable distinctions follows relativelyclosely the logical implication. However, when applied to distinctions that have anelement of time, the "then" part of "if...then" can be interpreted as an indication oftemporary succession. This makes it possible to express the flow of time in theformalism. The cognitive interpretation is that the main function of knowledge isanticipation: trying to foresee the future on the basis of the present (Heylighen, 1993;Turchin, 1993). The simplest case is the entailment between events, which can beinterpreted as "precedes or is simultaneous with". With this interpretation, my originalstructural language for the foundations of physics (Heylighen, 1990a) corresponds to thatsubset of the present representation scheme in which only events and precedence relationsare considered. As shown in (Heylighen, 1990a), the network structures present in thissubset are sufficient to reconstruct the primitive geometry of relativistic space-time.The generalization of an event to a class of similar events corresponds to a change.When a change a entails another change b, then a and b "covary" and since a is prior tob, we can interpret a as the cause of b. For example, "heating water (change) causes(entailment) boiling (change)". There is no direct way to express by a link that an event acauses another event b, except by noting that a precedes b, and that a and b are twoinstances of general change phenomena which are related by a causal relation. (This is nota shortcoming of the present knowledge representation, but a general property ofcausation, which can only be established after observing a repeated covariation.) Atransitional phenomenon can also entail a more long lasting phenomenon. For example,"boiling (change) produces vapor (property or class)". Similarly, an event (e.g. "the 1939

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS18invasion of Poland") can precede a situation (e.g. "the 2nd World War"). Sometimes thisprecedence can also be interpreted as a production, if event and ensuing situation can beinterpreted as instances of a change producing a property (e.g. "invasions produce war"),but this is in general not the case (e.g. "the release of ’Gone with the Wind’ preceded the2nd World War") (see Fig. 6).invasionWord War IIwar invasion of Poland’Gone with Wind’ changepropertysituationeventparticulargeneral

Fig. 6: an entailment network representing the semantic relations "the invasion of Polandproduced World War II", and "’Gone with the Wind’ preceded World War II".The fact that a short-lived phenomenon (e.g. an event, change or situation) can entaila more long-lived one (e.g. a property, class or object), but not the other way around, isan illustration of the "principle of asymmetric transitions" governing systems evolution: atransition from an unstable configuration to a stable one is possible, but the converse isnot (Heylighen, 1992b). Of course, we can formulate expressions such as "the gun(stable) produced a shot (transitional)", but this is just a shorthand for saying that aparticular event (transitional) involving a gun, a finger and a movement of the gun’strigger, produced another event, a shot. This example illustrates how the simpleconstraints inherent in the present ontology (and in entailment nets in general) force theuser to make implicit�but necessary�distinctions explicit, thus avoiding ambiguities andgaps in the knowledge system.In conclusion, the advantage of this representation scheme is that most of the intuitiveand often used semantic categories (objects, classes, causality, whole-part relations,temporal precedence, etc.) can be directly expressed in it, using a simple and uniformformat. The resulting representation appears general, consistent and unambiguous. Thisallows us to reduce a complicated set of semantic categories to an extremely simple andflexible formal structure. The disadvantage is that many more links are needed in order toreduce various link types to nodes than if the links could be simply labeled by their types.However, the burden of keeping track of all the links will normally rest on the computer,

19HEYLIGHENand not on the user, who could still work with a higher level representation using typedlinks.5.3. FRAMES AND INHERITANCEAlthough the scheme above incorporates the most frequently used link types, it can neverincorporate all possible types. Any two-place predicate or relation could be made into alink type, for example: "is the father of", "is greater than", "sits to the left of". Thisfreedom will quickly overburden any semantic network scheme. Another AIrepresentation scheme, a "frame", extends the semantic network representation byallowing custom-made relations to be associated with different types of concepts. A frameconsists of a central concept related to other concepts by "attribute-value" pairs (alsocalled "slots and fillers"). For example, the concept car has attributes (slots) such ascolor, brand, model, and year. A particular instance of that concept, such as my owncar, will have particular values (fillers) for these respective attributes, such as grey,Honda, Civic and 1992. The values of an attribute are in general concepts themselvesand thus the attribute plays the role of a typed link connecting nodes in a semanticnetwork.The unrestricted proliferation of attribute-value pairs is kept in check by themechanism of inheritance: concepts inherit most of their attributes (and sometimes alsovalues) from the concepts higher up in the "is a" hierarchy, that is, from the classes towhich they belong as subclasses or as instances. For example, a car is a vehicle, andtherefore car will inherit a number of attributes such as number of wheels or type offuel from the vehicle category. Vehicle itself will inherit attributes such as size andweight from the object category. This has the advantage that each attribute only needsto be represented once, in the concept situated at the highest level of the hierarchy where itis needed. Thus, the number of attributes or link types is controlled by associating each ofthem with one or a few high level concepts.Such a "frame-like" knowledge representation can be easily expressed in anentailment net. Suppose I wish to express the fact that my car, which is an instance of theclass car, has the value grey for its attribute color. Fig. 7 shows how this typicalattribute-value pair can be represented with untyped entailment links between nodes typedthrough the categorical distinctions introduced earlier. The "is a" link between my carand car is obviously an entailment between an object and a class (see Fig. 5). Thestatement that every car has an attribute color is equivalent to the statement that the classcar is a subclass of, and therefore entails, the class of colored things. Thus, theentailment link goes from car to color. Similarly my car, which is an object, belongs tothe class of grey things which is itself a subclass of the class of colored things. Thus, thescheme linking an instance to its class and to an attribute-value pair can be reduced inessence to a distinction graph with two times two parallel arrows, in a configurationresembling what is called a "commutative diagram" in mathematics.

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS20carcolor my car greyclassobject

Fig. 7: representation of a frame (car) with attribute (color) and value (grey) for an instance(my car), as a commutative diagram (thick arrows) in an entailment network.Since "if...then" entailments are supposed to be transitive, inheritance of attributescomes automatically. Whether my car gets its attribute number of wheels through theclass car or through the higher class vehicle should not make a difference. In bothcases, a commutative diagram can be drawn, with an entailment path running from mycar to number of wheels, either through car or through vehicle. The inheritance ofvalues in a frame has a more subtle feature, though, the default mechanism: a conceptinherits its values from the class to which it belongs, unless there are values that aredirectly attached to the concept. The values filling the slots at the level of the conceptoverride those filling the same slots at the higher levels from which it normally inherits.Inheritance of values only takes place if the values are not specified at the level of theconcept itself.The traditional example of inheritance by default is the concept of "penguin", whichbelongs to the class of birds, from which it inherits properties such as being warm-blooded, and laying eggs. However, by default the class of birds also has the property ofbeing able to fly, which the penguin does not have. This is represented by having aspecific attribute-value pair (can_fly?, false) attached to the concept penguin), whileother subclasses of the bird class, such as robins or sparrows simply inherit their attributevalue pair (can_fly?, true) from the parent class. This can be represented in anentailment net by the following simple graph (Fig. 8):

21HEYLIGHENbirdcan fly penguin cannot fly robin lays eggswarm-blooded

Fig. 8: representation by means of entailment links of a default inheritance(birds can fly) being overwritten for the exceptional case of "penguin" .In order to interpret this entailment network correctly, the requirement of transitivityfor the entailment relation must be relaxed, so that the direct entailment penguin ficannot fly can override the indirect path penguin fi bird, bird fi can fly. Thegeneral rule could be that if two entailment paths from the same node lead to contradictoryresults, the shortest path is to be preferred.This somewhat ad hoc interpretation may be justified if we consider a more generalinterpretation of an entailment a fi b, where it expresses a kind of "expectation" of b,given a, rather than "certitude" of b, given a. Expectations can come with different"strengths" or degrees of certainty. These may be expressed as a kind of conditionalprobability of b, given a: P(b˚|˚a). If we assume that typical entailment links have astrength of 1 or slightly less, paths of entailments will have a strength that is the productof the strengths of the individual links. This will be lower than or equal to the strength ofthe weakest link. Therefore, if the link from penguin to bird has maximal strength,P(bird˚|˚penguin) = 1, while P(can fly˚|˚bird) = 0.9, the combined path P(c a n fly˚|˚penguin) = 0.9, which is overriden by the stronger connection P (cannotfly˚|˚penguin) = 1. We will here not go into further detail about such calculations, butdiscuss an application of entailment nets which uses link strengths in a more general way.6. Learning Webs6.1. ASSOCIATIVE NETWORKSWhen we consider links with strengths continuously varying between 0 and 1 (or even -1and 1 if we want to express negative or inhibitory links), the interpretation must shiftfrom a generalized "if...then" relation, to the weaker "is associated with" connection. Thisbrings us from "semantic" to "associative" networks. Associative networks are inprinciple more general and more flexible, allowing the expression of different "fuzzy","intuitive" or even "subconscious" relations between concepts. Such networks have beenregularly suggested as models of how the brain works. They are similar to the presentlypopular "neural" networks, except that the latter are typically used as directed, informationprocessing systems, which are given a certain pattern of stimuli as input and are supposed

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS22to produce the correct response to that pattern as output. In the present "bootstrapping"perspective, there is no overall direction or sequence leading from inputs to outputs; thereare only nodes linked to each other by associations, in such a way that they are coherentwith each other and with the user’s understanding of the knowledge domain.In principle, associative networks could be created by the same type of knowledgeelicitation techniques underlying THOUGHTSTICKER or CONCEPTORGANIZER, where auser enters a number of concepts and links and is prompted by the system to add furtherlinks and concepts under the main constraint of avoiding ambiguity. These links mustthen be attributed some variable degree of strength. However, the very weak requirementof "associativity" allows virtually any pair of concepts to be linked, if only with a verysmall link strength. Moreover, there is no obvious generalization of the bootstrappingaxiom, which is based on discrete linking patterns, to continously varying linkages. Ifeverything is linked to everything, then all nodes become uniformly indistinguishable.Finally, it is in practice impossible to let users realistically estimate a strength value foreach of the huge number of possible links. Rocha (1991) has suggested a method to"fuzzify" conversation theory, by calculating continously varying conceptual distancesbetween nodes in an entailment mesh, on the basis of the number of linked nodes theyshare, but this approach has never been fully worked out.In psychology, rudimentary associative networks have been created throughexperiments in which subjects were given a word (say "cat"), and were asked which otherword first came to mind (e.g. "dog", "mouse", or "milk"). The more often a certain wordb is given in response to the cue word a, the stronger the association from a to b. Sincethis approach usually only finds a small number of associations for any given word,association strengths for links between other words are calculated by taking into accountindirect associations (e.g. knowing the strengths of "dog fi cat" and "cat fi mouse"would allow one to calculate the strength of "dog fi mouse"). Note that such associationsare in general asymmetric. For example, when cued with "penguin" the probability thatyou would say "bird" is not so small, whereas the probability to respond with "penguin",when cued with "bird" is virtually zero. This methodology, however, requires a lot ofwork from designers and users, and is only useful for simple, well-known items likecommon words.6.2. ALGORITHMS FOR LEARNING HYPERTEXTSMy collaborator Johan Bollen and I have developed a more efficient way to createassociative networks, by applying a bootstrapping philosophy to hypertext navigation(Bollen & Heylighen, 1996, 1997). The hypertext paradigm provides a very simple andnatural interface for representing any type of knowledge network to a user (Heylighen,1991a). A document in a hypertext may contain the description in natural language orother media of a concept, while the associations of that concept to other concepts arerepresented by hypertext links within the document’s text or graphics. The selection of alink by the user calls up the linked document, thus allowing the user to �browse� or�navigate� through the network. The problem with present hypertexts is the same one aswith semantic networks and other knowledge representations: the system of nodes andlinks is created in an ad hoc way by the system designer, without being justified by either

23HEYLIGHENan underlying theory, or an empirical method for testing the effectiveness of the resultingnetwork. This typically results in labyrinthine, "spaghetti-like" meshes of interconnecteddata, so that the user quickly gets lost in hyperspace.The method we developed allows an associative hypertext network to �self-organize�into a simpler, more meaningful, and more easily usable network. The term �self-organization� is appropriate to the degree that there is no external programmer or designerdeciding which node to link to which other node: better linking patterns emergespontaneously. The existing links bootstrap new links into existence, which in turnchange the existing link patterns. The information used to create new links is not internalto the network, though: it derives from the collective actions of the different users. In thatsense one might say that the network �learns� from the way it is used.The algorithms for such a learning web are very simple. Every potential link isassigned a certain �strength�. For a given node a, only the links with the highest strengthare actualized, i.e. are visible to the user. Within the node, these links are ordered bystrength, so that the user will encounter the strongest link first. There are three separatelearning rules for adapting the strengths.1) Each time an existing link, say a˚fi˚b, is chosen by the user, its strength isincreased. Thus, the strength of a link becomes a reflection of the frequency with which itis used by hypertext navigators. This rather obvious rule can only consolidate links thatare already available within the node. In that sense, it functions as a selector of strongconnections. However, it cannot actualize new links, since these are not accessible to theuser. Therefore we need complementary rules that generate novelty or variation.2) A user might follow an indirect connection between two nodes, say a˚fi˚b,b˚fi˚c. In that case the potential link a˚fi˚c increases its strength. This is a weak formof transitivity. It opens up an unlimited realm of new links. Indeed, one or severalincreases in strength of a˚fi˚c˚may˚be sufficient˚to make the potential link actual. Theuser can now directly select a˚fi˚c, and from there perhaps c˚fi˚d. This increases thestrength of the potential link a˚fi˚d, which may in turn become actual, providing astarting point for an eventual further link a˚fi˚e, and so on. Eventually, an indefinitelyextended path may thus be replaced by a single link a˚fi˚z. Of course, this assumes thata sufficient number of users effectively follow that path. Otherwise it will not be able toovercome the competition from paths chosen by other users, which will also increase theirstrengths. The underlying principle is that the paths that are most popular, i.e. followedmost often, will eventually be replaced by direct links, thus minimizing the averagenumber of links a user must follow in order to reach his or her preferred destination.3) A similar rule can be used to implement a weak form of symmetry. When a userchooses a link a˚fi˚b, implying that there exists some association between the nodes aand b, we may assume that this also implies some association between b and a.Therefore, the reverse link b˚fi˚a gets a strength increase. This symmetry rule on itsown is much more limited than transitivity, since it can only actualize a single new link foreach existing link.However, the collective effect of symmetry and transitivity is much more powerfulthan that of any single rule. For example, consider two links a1˚fi˚b, a2˚fi˚b. The factthat a1 and a2 point to the same node seems to indicate that a1 and a2 have something incommon, i.e. are related in some way. However, none of the rules will directly generate a

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS24link between a1 and a2. Yet, the repeated selection of the link a2˚fi˚b may actualize thelink b˚fi˚a2 by symmetry. The repeated selection of the already existing link a1˚fi˚bfollowed by this new link can then actualize the link a1˚fi˚a2 through transitivity. Similarscenarios can be conceived for different orientations or different combinations of thelinks.A remaining issue is the relative importance of the three above rules. In other words,how large should the increase in strength be for each of the rules? If we choose unity (1)to be the bonus given by the first rule, there are two remaining parameters or degrees offreedom: t is the bonus for transitivity, s for symmetry. Since the direct selection of a linkby a user seems a more reliable indication of its usefulness than an indirect selection, weassume t < 1 , s < 1. The actual values will determine the efficiency of the learningprocess, but it seems that this matter cannot be settled by pure theoretical reasoning.6.3. EXPERIMENTAL RESULTSIn order to test these ideas in practice we have set up two experiments. We built a networkconsisting of 150 nodes, corresponding to the 150 most frequent nouns of the Englishlanguage. Every node was assigned 10 links to other nodes. These links were randomlyselected from the 149 remaining nodes to initialize the web, but would then evolveaccording to the above learning rules (with t = 0.5 and s = 0.3). We made the webavailable on the Internet, and invited volunteers to browse through it, selecting those linksfrom a given node which seemed somehow most related to it. For example, if the startnode represented the noun �dog�, a user would choose a link to an associated word, suchas �cat�, �animal�, or �fur�, but not to a totally unrelated word, such as �mathematics�.Of course, in the beginning of the experiment, there would be very few good associationsavailable in the lists of 10 random words, and users might have to be satisfied with arather weak association, such as �meat�. However, when reaching the node �meat�, theymight be able to select there another association, such as �carnivore�. Throughtransitivity, a new link to �carnivore� might then appear in the node �dog�, displacing theweakest link in the list, while providing a much better association than the previously bestone, �meat�.Although there were some unexpected side effects, such as the ’attractor effect’, thedevelopment of the associative network was surprisingly quick and efficient (Bollen &Heylighen, 1996). After only 2500 link selections (out of 22500 potential links) bothexperimental networks had achieved a fairly well-organised structure in which most nodeshad been connected to large clusters of related words. This may be illustrated by a typicalexample of how connections are gradually introduced and rewarded until their strengthreaches an equilibrium value (Table 2). The position of these associated words shiftedupwards in the list until they reached a position that best seemed to reflect their relativestrength. KNOWLEDGE

02008004000tradeeducationeducationeducation

25HEYLIGHENviewexperienceexperienceexperiencehealthexampledevelopmentresearchtheorytheorytheorydevelopmentfacetrainingresearchmindbookdevelopmentexamplelifelinehistorylifetheoryworldviewtrainingtrainingsidesituationorderthoughtgovernmentworkeffectinterest

Table 1: self-organization of the list of 10 strongest links from the word �knowledge�, indifferent stages: initial random linking pattern, after 200 steps, after 800 steps, and after 4000steps. A step corresponds to a user selecting a link on one of the 150 nodes, in a web that evolvesaccording to the direct, transitive and symmetric learning rules.The net result of the experiment was a 150 x 150 matrix of association strengths,which reflected fairly well the most important intuitive associations existing among theconcepts. For example, a cluster analysis performed on the matrix produced 9 generalcategories (Time, Space, Movement, Control, Cognition, Intimacy, Vitality, Society,Office), grouping most of the related words in a single class. Such statistical clusteringtechniques may provide the equivalent for associative webs of the discrete conceptualclustering we discussed earlier.We are now trying to determine to what degree these results from our learning webcorrelate with different word associations derived by other means (e.g. free associationexperiments, or letting people judge the degree of synonymity). We also plan to test theusefulness of the self-organization, by checking in how far users find knowledge moreeffectively in a self-organized network, as compared to a network that did not undergolearning. This can be done by measuring the average number of steps needed to find anode, and the average time needed to choose a link. We are further considering additionallearning rules, such as similarity (nodes sharing several links would get stronger cross-connections), that may make the learning more effective. Although this research is still inits initial stage, and will need much empirical testing to confirm its usefulness, it seemslike a very promising approach to quickly and easily develop complex associativenetworks that are more adequate than hypertexts built manually.7. Towards an Intelligent WebApart from simple knowledge elicitation, the most obvious practical application of thevarious network models for knowledge structuring which we have reviewed lies in theWorld-Wide Web, the hypermedia interface to the information stored on the globalInternet computer network. As said, the hypertext organization maps directly onto thedirected graphs used in entailment nets or semantic networks. The web is a perfectexample of a distributed and collectively constructed system of knowledge. The wealth of

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS26information provided by the millions of web documents, however, is offset by the almosttotal lack of structure in the way these documents are linked. This makes it far from trivialto find the precise information one is looking for, even when that information is withineasy reach.The structuring algorithms which we discussed could be used to make the websimpler, more efficient, less redundant, and more complete, by pointing out lacking orsuperfluous links and nodes, and by suggesting better connection patterns. In particularthe associative learning algorithms we sketched could be applied rather straightforwardlyto the web as it now exists (Bollen & Heylighen, 1996; Heylighen & Bollen, 1996),resulting in a dramatic reduction in the average number of links a user needs to traverse inorder to find a specific item. The proposed node merging and conceptual clusteringtechniques may prove useful in creating automatic indexes or review documents,grouping links to similar documents. The semantic network organization should also beable to simplify web browsing by providing a simple and unified set of link types, so thatusers can be more selective in which links they need to explore. For example, if you areinterested in the general class to which a concept belongs, it would be meaningless tospend time exploring its instances.While such a bootstrapping structuration of the web would help a user navigatethrough hyperspace, entailment nets may support information retrieval in an even moredirect way. The directionality of entailment nets allows non-trivial inferences. Suchinferences can be used to answer queries. Queries can be formulated either in a well-structured, formal or in an associative, fuzzy way (cf. Heylighen, 1991a), depending onhow clear the problem is for the user. Formal queries are aimed at determining thepresence of a particular semantic or entailment relation between two or more concepts.For example, "Can a penguin fly?", is a "yes-no" query that needs to be resolved bydetermining the presence or absence of an entailment from penguin to can fly. Anopen-ended query like "Which birds cannot fly?" should produce a list of all concepts thatentail both bird and cannot fly. Associative queries, on the other hand, do not ask forthe presence of specific relations, but for the concepts that are in the most general wayassociatively related with the concepts the user has in mind, e.g. bird, ice, fish, cute.Both types of queries can be tackled in a knowledge network by the mechanism ofspreading activation (Jones, 1986; Salton & Buckley, 1988; Chen & Ng, 1995): nodes orconcepts that are linked to the concepts in the query are "activated". The activation spreadsfrom those nodes through their links to neighbouring nodes, and the nodes which havereceived the highest activation are brought forward as candidate answers to the query. Ifnone of the proposals are acceptable, those that seem closest to the answer are againactivated and used as sources for a new process of spreading. This process is repeated,with the activation moving in parallel from node to node via their links, until a satisfactorysolution is found.In the case of associative queries, the only constraint on spreading activation is thestrength of the intervening links: the activation passed through a link is proportional to itsstrength. The activation arriving in a node is the weighted sum of the activations arrivingthrough all input links of that node. If the associative network is represented by a matrixof link strengths, spreading activation can be implemented by repeatedly multiplying aninput vector representing the initial activation for all nodes in the network (typically with

27HEYLIGHENvalues of 1 for the query terms and 0 for all the others) with the matrix, and then selectingthe nodes with the highest activation values from the different output vectors. (Chen &Ng, 1995, explore the usefulness of some other spreading activation algorithms forconcept retrieval).We have implemented such a spreading activation program that uses the associativedata resulting from our learning web experiment (Bollen & Heylighen, 1996b). Theprogram often manages to mimic the "intuitive" reactions of a human subject trying toguess a word from various clues. For example, the input of the clue words "control" and"society" produces the word "government" as most highly activated, while the words"building", "work" and "paper" produce "office". This is similar to the way thoughtsdiffuse in the brain, moving along intuitive, fuzzy pathways, rather than retrieving exactmatches like traditional search engines. Such "inferences" could obviously never havebeen achieved through logical deductions, since there is no way in which "office" couldhave been defined by a boolean combination of the query terms above.In the case of formal queries, spreading activation will not be a continuouslydiffusing intensity, but a discrete state of activation which can only follow certain paths.For example, a query looking for birds that cannot fly should not follow links of the "haspart" or "causes" type, but only of the "is a" type. The typical implementation in asemantic network will activate the concepts in the query and let the activation follow allpossible links of the right type until the activated paths intersect. This is quite inefficientfor proving negative connections, though, since all possible paths need to be exploredbetween penguin and can fly in order to show that none exist. For such situations, itseems better to allow negative entailments or "inhibitory" links, of the type "if penguin,then not (can fly)".It seems that the introduction of these different types of flexible inference anddiscovery mechanisms could turn the rapidly developing World-Wide Web from a huge,static repository into an active processor and creator of knowledge (Heylighen & Bollen,1996). The best metaphor for capturing the collective intelligence formed by millions ofusers interacting with such a self-organizing, "thinking" web may be the one of a globalbrain (Russell, 1995). Although many issues still need to be resolved, work is starting indifferent quarters to turn this science-fiction-like vision into a concrete reality (Goertzel &Pritchard, 1997; Mayer-Kress & Barczys, 1995; Heylighen, 1997b).Such an implementation at the planetary scale was probably not envisaged by GordonPask. Yet, his conversational systems and the present vision of an intelligent web sharetheir view of knowledge as a collective construction striving to achieve coherence, ratherthan a mapping of external objects. By abandoning the correspondence epistemology andits reliance on fixed primitives, bootstrapping approaches open the way to a truly flexible,adaptive and creative knowledge system. Of course, the systems sketched here are still intheir infancy, and need to be thoroughly tested under diverse circumstances, andimplemented on a sufficiently large scale to show their practical usefulness. This willobviously require a very large effort. I hope that the work of Gordon Pask, myself andour colleagues will provide sufficient inspiration for other researchers to take up thesechallenges.

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS28Acknowledgments:I have been supported during this research by the Fund for Scientific Research-Flanders(FWO), as a Senior Research Associate. I wish to thank Johan Bollen, Cliff Joslyn andothers for collaboration and discussions on many of the ideas reviewed in this paper.ReferencesBAKKER R.R. (1987). Knowledge Graphs: representation and structuring of scientific knowledge, (Ph.D.Thesis, Dep. of Applied Mathematics, University of Twente, Netherlands).BICKHARD M. & TERVEEN L. (1995). Foundational Issues in Artificial Intelligence and CognitiveScience, (Elsevier, ).BOLLEN J. & HEYLIGHEN F. (1996) �Algorithms for the Self-organisation of Distributed, Multi-userNetworks. Possible application for the future World Wide Web�, in: Cybernetics and Systems ’96 R.Trappl (ed.), (Austrian Society for Cybernetics), pp. 911-916.B OLLEN J. & HE Y L I G H E N F. (1996b). Finding words through spreading activation[http://pespmc1.vub.ac.be/SPREADACT.html].BOLLEN J. & HEYLIGHEN F. (1997). "Dynamic and adaptive structuring of the World Wide Web basedon user navigation patterns". Proceedings of the Flexible Hypertext Workshop (ACM) (in press).BRACHMAN, R. J. (1977). "What’s in a Concept: Structural Foundations for Semantic Nets", Int. J.Man-Machine Studies 9, 127-152.CHEN H. & NG T. (1995). "An Algorithmic Approach to Concept Exploration in a Large KnowledgeNetwork (Automatic Thesaurus Consultation): Symbolic Branch-and-bound Search vs. ConnectionistHopfield Net Activation", Journal of the American Society for Information Science 46: 5, 348-369.CZIKO G. (1995). Without Miracles. Universal Selection Theory and the Second Darwinian Revolution,(MIT Press, Cambridge, MA).FISHER D.H. (1987). "Knowledge Acquisition via Incremental Conceptual Clustering", MachineLearning 2(7), 139-172.FORD K.M. & HAYES P.J. (Eds.) (1991). Reasoning Agents in a Dynamic World: The Frame Problem ,(JAI Press, Greenwich CT).GOERTZEL B. & PRITCHARD J. (1997) "About webMind", comoc "white paper" #1[http://www.comoc.com/About-Webmind.html].HARNAD S. (1990). "The Symbol Grounding Problem", Physica D 42, 335-346.HEYLIGHEN F. & BOLLEN J. (1996) �The World-Wide Web as a Super-Brain: from metaphor to model�,in: Cybernetics and Systems ’96 R. Trappl (ed.), (Austrian Society for Cybernetics).p. 917-922.HEYLIGHEN F. (1987). "Towards a General Framework for Modelling Representation Changes", in:Proc. 11th Int. Congress on Cybernetics, (Assoc. Internat. de Cybern�tique, Namur), pp. 136-141.HEYLIGHEN F. (1989). "A Support System for Structuring Complex Problem Domains", in: Proc. 12thInt. Congress on Cybernetics (Assoc. Intern. de Cybern�tique, Namur), pp. 1025-1032.HEYLIGHEN F. (1990a). "A Structural Language for the Foundations of Physics", International Journalof General Systems 18, 93-112.HEYLIGHEN F. (1990b). Representation and Change. An Integrative Metarepresentational Framework forthe Foundations of Physical and Cognitive Science, (Communication & Cognition, Gent).

29HEYLIGHENHEYLIGHEN F. (1990c). "Classical and Non-classical Representations in Physics I", Cybernetics andSystems 21, 423-444.HEYLIGHEN F. (1990d). "Relational Closure: a mathematical concept for distinction-making andcomplexity analysis", in: Cybernetics and Systems ’90, R. Trappl (ed.), (World Science, Singapore),pp. 335-342.HEYLIGHEN F. (1991a). "Design of a Hypermedia Interface Translating between Associative and FormalRepresentations", International Journal of Man-Machine Studies 35, 491-515.HEYLIGHEN F. (1991b). "Structuring Knowledge in a Network of Concepts", in: Workbook of the 1stPrincipia Cybernetica Workshop, Heylighen F. (ed.) (Principia Cybernetica, Brussels), pp. 52-58.[http://pespmc1.vub.ac.be/Papers/StructuringKnowledge.html]HEYLIGHEN F. (1992a). "From Complementarity to Bootstrapping of Distinctions: A Reply toL�fgren’s Comments on my Proposed ’Structural Language", International Journal of GeneralSystems 21(1), 99.HEYLIGHEN F. (1992b). "Principles of Systems and Cybernetics: an evolutionary perspective", in:Cybernetics and Systems ’92, R. Trappl (ed.), (World Science, Singapore), pp. 3-10.HEYLIGHEN F. (1993). �Selection Criteria for the Evolution of Knowledge�, in: Proc. 13th Int.Congress on Cybernetics (Association Internat. de Cybern�tique, Namur), pp. 524-528.HEYLIGHEN F. (1997). "Objective, subjective and intersubjective selectors of knowledge", Evolution andCognition[in press]HEYLIGHEN F., ROSSEEL E. & DEMEYERE F. (eds.) (1990). Self-Steering and Cognition in ComplexSystems. Toward a New Cybernetics, (Gordon and Breach Science Publishers, New York).H EYLIGHEN F., JOSLYN C. & TU R C H I N V. (1997). Principia Cybernetica Web[http://pespmc1.vub.ac.be/].JONES W. P. (1986). �On the Applied Use of Human Memory Models�, International Journal of Man-Machine Studies 25, 191-228.J OSLYN C., HE Y L I G H E N F. & BOLLEN J. (1997). Systems Concepts[http://pespmc1.vub.ac.be/SYSCONC.html].JOSLYN C., HEYLIGHEN F. & TURCHIN V. (1993). �Synopsys of the Principia Cybernetica Project�, in:Proc. 13th Int. Congress on Cybernetics (Association Internationale de Cybern�tique, Namur), pp.509-513.L�FGREN, L. (1991). "Complementarity in Language: Toward a General Understanding." In Carvallo,ed. Nature, Cognition and System II: Complementarity and Beyond. Dordrecht, Boston, London:Kluwer, pp. 73-104 .MATURANA H. R., & VARELA F. J. (1992). The Tree of Knowledge: The Biological Roots ofUnderstanding, (rev. ed.), (Shambhala, Boston).MAYER-KRESS G. & C. BARCZYS (1995). �The Global Brain as an Emergent Structure from theWorldwide Computing Network�, The Information Society 11 (1), 1-28.PASK G. & GREGORY D. (1986). "Conversational Systems", in: Human Productivity Enhancement(vol. II), Zeidner R. J. (ed.), (Praeger), pp. 204-235PASK G. (1975). Cognition, Conversation and Learning, (Elsevier, Amsterdam).PASK G. (1976). Conversation theory: applications in education and epistemology, Elsevier :Amsterdam.PASK G. (1980). "Developments in Conversation Theory�Part 1", Int. J. Man-Machine Studies 13,357-411.

BOOTSTRAPPING KNOWLEDGE REPRESENTATIONS30PASK G. (1984). "Review of Conversation Theory and a Protologic (or Protolanguage) Lp", EducationalCommunications and Technology 32, no. 1, pp. 3-40.PASK G. (1990). "Some Formal Aspects of Conversation Theory and Lp", in: Heylighen F., Rosseel E.& Demeyere F. (eds.). Self-Steering and Cognition in Complex Systems. Toward a NewCybernetics, (Gordon and Breach Science Publishers, New York), pp. 240-247.PASK G. (1991). "The Foundations of Conversation Theory, Interaction or Actors Theory, allCybernetic and Philosophically so", in: Heylighen F. (ed.), Workbook of the 1st PrincipiaC y b e r n e t i c a W o r k s h o p , (Principia Cybernetica, Brussels), pp. 15-18.[http://pespmc1.vub.ac.be/Papers/Workbook.html]PIAGET J. (1937). La Construction du R�el chez l’Enfant, (Delachaux & Niestl�, Neuch�tel).POPPER K. (1959). The Logic of Scientific Discovery, (Hutchinson, London).RESCHER N. (1973) Coherence Theory of Truth, London, Oxford University Press.ROCHA L. (1991). "Fuzzification of Conversation Theory", (presented at the 1st Principia CyberneticaWorkshop, Free University of Brussels). RUSSELL, P. (1995). The Global Brain Awakens: Our Next Evolutionary Leap (Miles River Press).SALTON G. & BUCKLEY C. (1988). �On the Use of Spreading Activation Methods in AutomaticInformation Retrieval�, Proc. 11th Ann. Int. ACM SIGIR Conf. on R&D in Information Retrieval(ACM), pp. 147-160.SHASTRI L. (1988). Semantic Networks (Morgan Kauffman, Los Angeles).SOWA J.F. (ed.) (1991). Principles of Semantic Networks: explorations in the representation ofknowledge (Morgan Kauffman, Los Angeles)SPENCER BROWN G. (1969). Laws of Form, (Allen & Unwin, London).STOKMAN F.N. & DE VRIES P.H. (1988). "Structuring Knowledge in a Graph", in: Human-ComputerInteraction, Psychonomic Aspects, G.C. van der Veer & G.J. Mulder (eds.), (Springer, Berlin).THAGARD, P. (1989) Explanatory Coherence. Behavioral and Brain Sciences 12: 435-467.TURCHIN V. (1993). "On Cybernetic Epistemology", Systems Research 10:1, 3-28.VAN BRAKEL, J. (1992) The Complete Description of the Frame Problem. PSYCOLOQUY 3(60)frame-problem.2VON FOERSTER H. (1996) Cybernetics of Cybernetics (2nd edition). (Future Systems, Minneapolis)VON GLASERSFELD E. (1984). "An Introduction to Radical Constructivism", in: The Invented Reality,P. Watzlawick (ed.), (Norton, New York).