Connectionist Mo del for Commonsen se Reasoning Incorp orating Rules and Similarities Ron Sun Honeyw ell SSDC 3660 ec hnology Dr. Minneap olis, MN 55413 rsun@orion.ssdc.honeyw ell. com (612) 782-737 Runnin Title: Connectionist reasoning bigskip bigskip app ear in: Kno wledge Acquisition. Academic Press, Cam bridge, UK. 1992 SUMMAR or the purp ose of mo deling commonsense reasoning, in estigate connectionist mo d- els of rule-based reasoning, and sho that while suc mo dels can usually carry out reasoning in exactly the same as sym olic systems, they ha more to o�er in terms of commonsense reasoning. connectionist arc hitecture, C O N S Y D E R is prop osed for capturing certain commonsense reasoning comp etence, whic partially remedies the brittleness problem in traditional rule-based systems. The arc hitecture emplo ys o-lev el, dual represen tational sc heme, whic utilizes oth lo calist and dis- tributed represen tations and explores the synergy resulting from the in teraction et een the o. CO N S Y D E R is therefore capable of accoun ting for man di�cult patterns in commonsense reasoning with this simple com bination of the lev els. This ork sho ws that connectionist mo dels of reasoning are not just \implemen tations" of their sym olic coun terparts, but etter computational mo dels of commonsense reasoning. In tro duction There has een quite lot of researc eing done in understanding commonsense reasoning in arti�cial in telligence. There is little doubt that rule-based reasoning has een the most prominen and the most successful paradigm of traditional sym olic arti�cial in telligence, includi ng ork in understanding and mo deling commonsense reasoning, up to no w. Based on this paradigm, umerous AI systems for theoretical or practical purp oses ha een built and/or deplo ed. Despite arious problems and ob jections lev eled against them, they ha een pro en to at least partially alid mo dels. So when connectionism came to the scene, it as natural to ask the question of ho to accoun for this yp of reasoning in connectionist mo dels. Whether connectionist mo dels can viable alternativ to sym olic AI dep ends, to certain exten t, on their abilit to accoun for rule-follo wing eha viors and rule-based reasoning (cf. Pink er Prince 1988, dor Pylysh yn 1988, and ouretzky Hin ton 1985), whic are imp ortan asp ects of commonsense reasoning. accoun for rules in connectionist mo dels, some approac hes ha een explored, and sev eral di�eren systems ha een implemen ted that can carry out rule-based reasoning rather completely Ho ev er, most of them are straigh \implemen tations" of sym olic rule-based reasoning, that is, they carry out sym olic rule-based reasoning faithful ly in connectionist framew or k, serially or in parallel, without an fundamen tal di�erence from sym olic systems in terms of logical capabili ties or reasoning capacities (esp eciall from the standp oin of mo deling commonsense reasoning). In order to really justify connectionist mo dels in terms of their abilit of mo deling arious kinds of commonsense reasoning, ha to ask the follo wing questions: Can connectionist mo dels do mor and etter in terms of accoun ting for robust, exible, and ultifaceted uman common- sense reasoning, esp eciall in the yp es of reasoning that are most often dealt with rule-based paradigms? Can those data (suc as in Collins Mic halski 1989) that are di�cult to accoun for existing sym olic rule-based systems explained connectionist rule-based reasoning mo dels? There is no can answ er these questions abstractly from purely theoretical standp oin t. Instead will ha to answ er these questions buildin connectionist reasoning systems that do accoun etter for commonsense reasoning. This ork dev elops suc system and sho ws that connectionist mo dels of reasoning are not just an \implemen tation" of their sym olic coun terparts; rather, they are etter computational mo dels of commonsense reasoning, taking in to considera- tion the appro ximate, eviden tial and exible nature of rule-based reasoning, and similarit y-based reasoning (a limited form of analogy), and in the same time accoun ting for the sp on taneit and parallelism in reasoning pro cesses. In the rest of the pap er, will �rst lo ok in to arious existing mo dels of commonsense reasoning, includi ng rule-based and connectionist ones. Then will iden tify some problems that are di�cult for these mo dels to solv e. will mo on to dev elop new connectionist arc hitecture that can etter deal with these problems. Examples will explained in detail to sho the orking of the system. This pap er, ho ev er, is concerned more with general approac hes, ideas and ossibili ties than with precise tec hnical details (whic can found elsewhere, as will oin ted out along the y). Previous ork Let us lo ok in to some previous ork in rule-based mo dels of commonsense reasoning, esp eciall connectionist rule-based reasoning mo dels. Sym olic rule-based systems ha long history in arti�cial in telligence and cognitiv science. The early successful ork suc as those describ ed in Buc hanan Shortli�e (1984) and Ha es-Roth et al (1983) (e.g., MYCIN, PR OSPECTOR, and DENDRAL) demonstrated the promise of this approac h, whic adopts simple represen tation with mo dular units called rules comp osed of small set of conditions and conclusions. Man elab orate cognitiv theories of learning, problem solving and memory etc. ere prop osed based on this paradigm. or example, Klahr et al (1989) con tains large ariet of them, includi ng the CT theory and SO AR. Roughly sp eaking, sym olic rule-based systems can classi�ed in to general categories: systems based on formal logics and pro duction systems. ormal logics are simple, formally de- �ned languages, capable of expressing rules in rigorous (Chang Lee 1973). There are basically yp es of formal logics: prop ositional logic and predicate logic. Prop ositional logic deals with declarativ sen tences (prop ositions) that can either true or false. Prop ositions can com bined, using logical connectiv es ), to form comp ound prop ositions. Man di�eren axiomatic systems are prop osed and studied, whic concerns the truth alue of prop osition or the relations et een truth alues of di�eren prop ositions. Predicate logic (�rst order logic) is made up of predicates, whic con tains argumen ts, and therefore there are also terms for argumen ts and quan ti�ers constraining argumen ts in this yp of logic. This yp of logic is more complex ecause of the in tro duction of argumen ts and consequen tly its bindings to terms, but it is th us more ex- pressiv e: it can represen n-ary relations, among other things. In formal logics, generally rules are expressed as logical implications, and they ha to follo the formal de�nitions and the asso ciated axioms regarding logical implications. Usually rules are enco ded using the Horn clause formalism, in whic conditions are the conjunction of atomic prop ositions and conclusions are single atomic prop ositions, and logical implication connects them; for example, is Horn clause. There are also man extensions to traditional (prop ositional and predicate) logics, suc non-monotonic logics, in tensional logics (includin mo dal logics), or fuzzy logic (cf. Shoham 1990, Ginsb erg 1987, and Zadeh 1983 regarding these logics). Ho ev er, formal logic is all to restrictiv to accoun for uman reasoning. It has to ha all conditions precisely sp eci�ed in order to erform one step of inference; it do es not tak in to accoun the gradedness of concepts, prop ositions, and rules (except fuzzy logic); there is no built-in device for inheritance, reasoning with incomplete information (except default logic), or similarit y-based inference; the paradigm is plagued the brittleness problem, as will discussed later. Pro duction systems are no di�eren from logics in this resp ect (cf. Klahr et al 1989, osner 1989, and Anderson 1983). Pro duction systems usually consist of pro duction (rule) base and orking memory and use con trol structure to decide whic rules are eligibl to �re, ho rules are pic ed for actual �ring, and in whic order they are supp osed to �re. Usually conditions of rules are matc hed against data in the orking memory; those rules whose conditions matc the orking memory data are eligible to �re. Con icts are resolv ed ordering rules and �ring the rule that comes �rst in the order. Usually the most sp eci�c rule �res �rst. Other olici es are also used in arious systems, for example, the olicy of refractoriness for oiding high-priorit rule eing executed rep eatedly with the same data, or the olicy of giving preference to rules that matc the data most recen tly created, or the olicy of giving preference to rules with stronger conditions, etc. In more recen systems, go al symb ols are used to con trol the order and to fo cus on relev an rules. goal sym ol can created rule, and thereafter only rules that ha that goal sym ol in their conditional parts are allo ed to �re, un til new goal sym ols are created. This atten tion is fo cused on only those rules that are most relev an to the curren situations, and also an order in whic rules are �red can created dynamically (P osner 1989). Because of the (partial) success of these rule-based systems in accoun ting for commonsense reasoning, one of the main hallenges for connectionism as ho to implemen rule-based reasoning in net o rk, or massiv ely parallel, fashion, without losing the basic haracteristics of connectionist mo dels. This hallenge as met um er of researc e�orts that build connectionist systems that can erform rule-based reasoning in some ouretzky Hin ton (1985) is the �rst ork to a rds this end. They basically em ulate the structure of sym olic rule-based (pro duction) system, with separate mo dules for orking memory rules, and facts; an elab orate pull-out net ork is designed to matc orking memory data against rules and to decide whic matc hing rule is to �re. Comp etition and winner-tak e-all are used for that purp ose. The result is the equiv alen of simple sequen tial sym olic rule-based system (dealing only with 3-tuples consisting of one predicate and argumen ts). Barnden (1988) represen ts another early attac on this problem. In his system, data reside in grid-lik net orks (called Con�guration Matrices), co ded with the help of adjacency relations and highligh ting tec hniques. Hardwired rules are used to detect the presence of data that matc particular rules, and an \Action art" mo dule can used to add new data structure represen ting the conclusion from the matc hed rule. Although there is some parallelism, it is mostly sequen tial rule-based system at the kno wledge lev el, carrying out sym olic pro cessing. Besides these early pieces of ork, there are also other e�orts, for example, Dolan Smolensky (1989), Ajjanagadde Shastri (1989), Lange Dy er (1989), Sun (1989) (see also Sun altz 1991), and Holldobler (1990). They basically ha similar functionaliti es. Dolan Smolensky (1989) presen ts connectionist pro duction system that uses tensor pro ducts for ariable bindin g. Ajjanagadde Shastri (1989) discusses connectionist rule-based reasoning system, whic repre- sen ts eac constan t, predicate, and argumen with an indivi dual no de and uses sync hronized �ring of no des for bindin constan ts (no des) to argumen ts (no des). Their system erforms bac kw ard haining for answ ering queries. Lange Dy er (1989) and Sun (1989) oth discuss forw ard haining inferences in feedforw ard net orks and ariable binding as propagating distinct constan alue (or signatur as called in Lange Dy er) through argumen no des. Holldoble (1990) discusses ho to implemen Horn clauses in conenctionist net o rks. rom these ab examples, it is quite clear no that connectionist mo dels are capable of implemen ting rule-based reasoning in ariet of ys. So no the question is: Can connectionist mo dels accoun etter for commonsense rule-based reasoning? The eviden tial, robust, exible, and ultifaceted nature of commonsense reasoning is eviden from arious studies (suc as in Collins 1979 and Collins Mic halski 1989; see detailed analyses elo w) et they are all absen from these ab mo dels. What is really needed for connectionist mo del of rule-based reasoning to able to mo del commonsense reasoning adequately? confron the ab questions, analyzing real proto col data and then actually buildin new kind of connectionist mo dels as computational mec hanism for commonsense reasoning. Common Reasoning atterns Allan Collins collected um er of proto cols of commonsense reasoning. He indicated the inade- quacy of traditional logic in explaini ng those reasoning patterns, and argued for the use of di�eren (logic-based) formalisms or framew orks in the study of ommon as oning atterns found in arious commonsense reasoning tasks. Collins Mic halski (1989) ha done an impressiv job in terms of analyzing the data and establishin unifying framew ork for explaini ng them. What is needed is computational mec hanism from whic arious inference patterns con tained in the data can emerge in to existence. Suc mec hanism, though ene�ted from existing analyses, do es not ha to conform to an existing framew o rks, esp eciall when existing framew or ks are conceptually or computationally to complex. elie that the mec hanism ough to analytically simple, structurally uni�ed, and mec hanistically sound. Connectionist mo dels, as uniform net orks of sim- ple pro cessing elemen ts, in general �t these ab descriptions ery ell; so they migh pro vide suc mec hanism. Let us lo ok at some examples from Collins Mic halski (1989). One proto col is as follo ws: Q: Do ou think they migh gro rice in Florida? R: eah. guess they could, if there ere an adequate fresh ater supply certainly nice, big, arm at area. In this example, the erson answ ering the question deduced an uncertain conclusion based on partial information, with piece of crucial information (the presence of fresh ater) missing. This example also indicates the need for an additiv pro cedure for accum ulating evidence. Another proto col is as follo ws: Q: Is the Chaco the cattle coun try? R: It is lik estern exas, so in some sense guess it’s cattle coun try Here ecause there is no kno wn kno wledge, an uncertain conclusion is dra wn based on similarit with kno wn kno wledge. et another proto col is Q: Are there roses in England? R: There are lot of o ers in England. So guess there are roses. Here the deduction is based on prop ert inheritance (England HOR TICUL TURE o er; rose IS o er; so England HOR TICUL TURE rose), and the conclusion is partially certain and can dra wn only when there is no information to the con trary (i.e. no cancellation). lot more proto col data similar to these are analyzed, and are presen ted in App endi A. Existing connectionist mo dels, or an computational mo dels for that matter, so far cannot deal ery ell with these ab patterns in single uni�ed mo del. Although some connectionist or non- connectionist systems can deal with some of these problems, e.g., uzzy logic, Dempster-Shafer, and Ba esian reasoning, etc., no one can deal with them al ery ell in uni�ed framew ork. The Brittl eness Problem Those examples analyzed ab are actually manifestations of general problem that has een plaguing sym olic AI for long, namely the brittleness problem, whic is esp eciall conspicuous in commonsense domains. Brittleness implies eing easily break able the sligh test discrepancy et een the kno wledge base of system and input situation can lead to breakdo wn of the system. The brittleness problem can delineated, for the purp ose of this researc h, as the inabili of system to deal with the follo wing asp ects of reasoning in systematic within uni�ed framew ork (Sun 1991): partial information (for example, the �rst proto col), One of the goals of this researc is to deal (to certain exten t) with these asp ects in uni�ed framew ork; no means is implie that this ork solv es all the problems. uncertain or fuzzy information, lac of matc hing rules (for example, the second proto col), rule in teractions, i.e., lac of consistency and completeness in fragmen t ed rule base, generalization, top-do wn inheritance (for example, the third proto col), ottom-up inheritance, learning new rules and mo difying existing rules. Detailed analyses of these asp ects (with lot of examples) sho that, while they lo ok lik disparate set of problems, they can all haracterized as reasoning with rules supplemen ted with (feature) similarit y-related inferences. �rst de�ne measure of conceptual similarit (cf. Tv ersky 1977) as [0 1] suc that if AC a; then AC where is the feature represen tation of no de \i", and AC is the activ ation of no de \i"; assume there is nothing else a�ecting AC de�ne measure of kno wledge links (i.e. rules) as 1] suc that if AC a; then AC where AC is the activ ation of no de \i", and is the kno wledge link (rule) strength et een and B. When there are ultiple conditions in rule, this measure ecomes ector, and the ultiplication used here is generalized to inner-pro ducts of ectors. or the full details of rule enco ding, see Sun altz (1991) and Sun (1992a). Eac of the ab proto cols can analyzed and dealt with utilizin these concepts; for example, the lac k-of-matc hing-rule situation can describ ed as: and is activ ated AC 0). So ha AC AC AC Other cases can describ ed similarly (Sun 1991), except learning new rules, whic is separate issue. These mec hanisms will em edded, as explained in the next section, in our new arc hi- tecture: C O N S Y D E R (whic stands for CONne ction ist SYstem with Dual epr es entation for Evidential obust ason ing ) so eac of these asp ects of brittleness in commonsense reasoning can handled our system. Sk etc of the Mo del The C O N S Y D E R arc hitecture consists of lev els: CL and CD. CL is connectionist net ork with lo calist represen tation, with one no de for eac concept, or roughly reasoning at the conceptual lev el (cf. Smolensky 1988). Rules (kno wledge links) are represen ted in CL as links et een no des represen ting the condition and the conclusion resp ectiv ely with computations as sp eci�ed ab e. The sc heme prop osed, FEL or uzzy Evidential gic can handle sup erset of (acyclic or hierarc hical) Horn clause logic (in other ords, there is no recursiv structure) and Shoham’s mo dal logic (or Causal The ory Shoham 1987), so that it can fully accommo date traditional rule-based reasoning and capture commonsense causal kno wledge (see Sun 1992a for pro ofs). Moreo er, it is capable of appro ximate and cum ulativ eviden tial reasoning and orks with partial and uncertain information. Unlik Horn clause logic, it can deal with negativ as ell as ositiv evidence. Ho ev er, FEL handles only acyclic rule sets. Th us it forms feedforw ard net orks, whic in general has simpler and more tractable dynamics. The basic op eration of this sc heme is simply eigh t ed- sum computations; that is, supp ose and are prop ositions, and rule is as follo ws: enco de the rule connecting the no des for ’s to the no de for and computing in the no de the activ ation: AC =1 AC Figure 1: Tw o-Lev el Arc hitecture: CL is the top lev el and CD is the ottom lev el when prop er eigh t ’s are giv en (Sun 1992a). Therefore, this sc heme can implemen ted, with ease, in connectionist ultila er, feedforw ard net ork with eigh t ed-sum no de activ ation functions. In this pap er, will not discuss in detail the ab oin ts regarding rule represen ta- tions; Sun (1992a) presen ts complete treatmen of these oin ts. The sc heme can handle ariable binding utilizi ng the DN (i.e., the Discr ete Neur on formalism, whic establishes mapping et een input/state and output (Sun 1989 and Sun 1990b), and th us facilitates ariable binding (see App endix B). CD is connectionist net ork with distributed represen tation, roughly corresp onding to rea- soning at the sub conceptual lev el. Concepts and rules are di�usely represen ted sets of feature no des erlapping eac other. The amoun of erlapping of sets of no des represen ting di�eren concepts is prop ortional to the degree of similarit et een these concepts. call this similarity-b ase epr es entation in whic units can features, erceptual primitiv es, in ternal goals or a�ect states. Concepts are \de�ned" in terms of their similarit to other concepts in these primitiv represen tations. will utilize these primitiv es only as substratum for similarit y-based represen tations of higher lev el concepts. No can link the lo calist net o rk (CL) with this distributed net ork (CD), linkin eac no de in CL represen ting one concept to all the no des in CD represen ting the same concept, and assign them appropriate eigh ts (see Figure 1). Those cross-lev el links td and bu are mo derated latc mec hanism. The rule links in CL (lab eled as are duplicated (di�usely) in CD (lab eled as ). The in teractions of the comp onen ts are in �xed cycles: �rst the latc op ens to allo the activ ation of CL no des to o in to corresp onding CD no des, and then the parts start settling 10 do wn on their wn sim ultaneously and �nally the latc op ens to allo the activ ation of no des in CD to o bac in to CL to com bined with the activ ation of corresp onding CL no des. rom the ab description it is clear that the system is com bination of rule-based and similarit y-based comp onen ts, in terw en together. It implemen ts naturally the functions de�ned ab for kno wledge links and conceptual similarit The synergy of the yp es of represen tation and reasoning helps to deal with the brittleness problem discussed earlier and, therefore, to accoun for the aforemen tioned common reasoning patterns. or example, in order to solv the no-matc hing-rule situation, can explore the similarit et een the curren situation and the rule conditions as represen ted in the CD part of the system. Consider the follo wing case: Cars are for tra eling on ground. Airplanes are for tra eli ng in air. Are buses for tra eling on ground or in the air? In the con text of deciding mo des of transp ortation, based on the similarit of relev an features (suc as Ha ving-wings, Ha ving-tails, Wheels-on-b oth-sides, Aero dynamic-shap es, Landing-gears, etc.) as represen ted with the amoun of erlapping in corresp onding sets of units in CD, buses are closer to cars than to airplanes. So \tra eling on ground" is activ ated more strongly One concludes that buses are for tra eling on ground. Another example concerns the problem of inconsisten t/incoheren rule bases (rule in teraction), can utilize the rule in teractions in CD: If carrying cargo, buy utilit ehicles. If carrying passengers, buy passenger ehicles. If carrying oth cargo and passengers, what shall one buy? Di�eren yp es of ehicles are represen ted as features in CD. When the ab rules are oth activ ated (in resp onse to the question), all features corresp onding to oth utilit and passenger ehicles will activ ated in CD. All this information will go up to CL, and the things corresp onding to the in tersection of utilit and passenger ehicles will activ ated strongly (b ecause they ha all the features). So something lik \v an" will win. Other asp ects of the brittleness problem can solv ed in similar fashion, includ in the common patterns iden ti�ed Collins Mic halski (1989) This solution is quite di�eren from Collins Mic halski (see App endix for comparison). Our con ten tion is that this mo del is conceptually simpler and computationally more e�cien (b com bining and eliminati ng man parameters). are certainly not implyin that solv ed the brittleness problem completely Rather, are aiming for simple and elegan mo del that can deal with some imp ortan and predominan asp ects of the problem ery e�ectiv ely and e�cien tly 11 ormal mathematical analyses ere erformed for eac of these asp ects, and came up with set of requiremen ts and constrain ts for eac asp ect regarding the parameters (including td bu and see Figure 1) of system that can deal with that particular asp ect. After analyzing ho these requiremen ts and constrain ts imp osed eac of these asp ects in teract with one another, syn thesis as ac hiev ed, so that uni�ed system as formed with unique set of parameter settings satisfying all requiremen ts (Sun 1991). Based on that, large-scale system (named G I consisting of ab out undred no des as built to test, in realistic setting, ho these fragmen ts com bine. The system utilizes geographical kno wledge extracted from encyclop edias and erforms commonsense reasoning based on that kno wledge (see the next section). The results sho ed that the system erforms ery reasonably under arious circumstances. Detaile Examples 6.1 The Problem Lo ok at the \Chaco" example (Collins Mic halski 1989): Q: Is the Chaco the cattle coun try? R: It is lik estern exas, so in some sense guess it’s cattle coun try can put it another to straigh ten out the reasoning: estern exas is cattle coun try Chaco is similar to estern exas (in some relev an asp ects). So Chaco is cattle coun try 6.2 An analysis In this example, ecause there is no kno wn kno wledge (or no applicable rules), an uncertain conclu- sion is dra wn based on similarit with kno wn kno wledge (rules). Using the formalism dev elop ed, it can describ ed as: haco ester nT exas ester nT exas cattl ecountr Giv en \Chaco" with AC haco 1, \cattlecoun try" is concluded with AC cattl ecountr calculated as follo ws: AC cattl ecountr ester nT exas cattl ecountr 12 AC haco haco ester nT exas where the similarit measure is hosen to facilitate later implemen tations in the C O N S Y D E R arc hitecture: haco ester nT exas haco ester nT exas haco [0 1] is parameter used for adjusting the system’s eha vior, from absolute rigidit to accom- mo dating similarit y-based asso ciativ thinking. These equations can readily translated in to the C O N S Y D E R arc hitecture: Links et een no des in oth CL and CD represen rule strength measures (the link eigh ts are de�ned to the corresp onding rule strengths), and similarit measures are implemen ted with CD represen tations (w use set of no des to represen all features in CD and the amoun of erlapping et een represen tations of concepts expresses the conceptual similarit of these concepts). See Figure 2. 6.3 The orking of the System After starting to receiv input data, the C O N S Y D E R system op erates in �xed cycles: (1) op-do wn phase, (2) Settling phase, and (3) Bottom-up phase. This cycle can rep eated to con tin uously trac inputs. In op-do wn phase, the computation is as follo ws: 1) max AC where is an no de in CL that has In Settling phase, the computation is as follo ws: AC 1) AC and 1) where ’s and ’s are rule strengths (w eigh ts) measures, and ’s and ’s are the activ ations of related concepts or features (premises or logical predecess ors); �; are parameters con trolli ng the net ork dynamics: and are rates of hanges, and and are deca rates. In this pap er, set 1, so that the equilibrium state is, follo ed from the ab equations, AC 13 where ’s and ’s are �nal con erged inputs to the no des, resp ectiv ely These inputs are from other no des that are link ed to and they ev en tuall con erge to some constan alues, when extenal inputs are clamp ed to few no des in the net ork and the feedforw ard net ork is giv en enough time to settle. In Bottom-up phase, the computation is as follo ws: AC 1) max AC where is an no de in CL. Applying this cycle to the example: op-do wn phase will activ ate the CD represen tation of \Chaco" and activ ate partially the CD represen tation of \W esternT exas" based on their similarit y; then in Settling phase, rules (links) tak e�ect and this amoun ts to applying in CD the rule: WesternT exas is attle-c ountry so the CD represen tation of \cattle coun try" is partially activ ated; �nally in Bottom-up phase, the partially activ ated CD represen tation of \cattle coun try" will ercolate up to activ ate the \cattle coun try" no de in CL. The result can read o� from CL. See Figure 2. 6.4 Another Example Another example is as follo ws: Q: Are there roses in England? R: There are lot of o ers in England. So guess there are roses. Here the deduction is based on prop ert inheritance (England HOR TICUL TURE o er; rose IS o er; so England HOR TICUL TURE rose), and the conclusion is partially certain and can dra wn only when there is no information to the con trary (i.e. no cancellation). This inheritance scenario can expressed as follo ws: ng and ower ow er ose Although not sho wn explicitl in this case actually ha ower ose and ow er ose Giv en AC ng and 1, the activ ation of \rose" can calculated with: AC ose AC ng and ng and ower ower ose 14 Figure 2: The Reasoning Pro cess for the Chaco Proto col: (1) Receiving inputs, (2) op-do wn, (3) Settling (rule application), and (4) Bottom-up. (T sa space, unrelated no des are not sho wn here). 15 Figure 3: The Reasoning Pro cess for the England Proto col: (1) Receivin inputs, (2) op-do wn, (3) Settling (rule application), and (4) Bottom-up. Therefore, the same as efore, this can implemen ted in C O N S Y D E R with the lev el dual represen tation and their in teraction. (Here use ose to represen horticultur e-r ose and ow er to represen horticultur e- ower i.e., prop ert y-v alue pair. See Sun 1991.) apply the same set of equations as efore to this example, utilizing the three phases: the top- do wn phase will activ ate the CD represen tation of \England"; then in the settling phase, rules links tak e�ect and amoun to applying in CD the rule: ng and ower so the CD represen tation of \rose" is partially activ ated due to similarit with \ o er"; �nally in the ottom-up phase, the partially activ ated CD represen tation of \rose" will ercolate up to activ ate the \rose" no de in CL. The result can read o� from CL. See Figure 3. 16 6.5 GIR O: Reasoning with Geographical Kno wledge Examining our previous examples, the question of sizes and scalabilit arises naturally: What if there are large um er of no des in eac lev el? What if there are lot of similar concepts, rules and features? sho that systems for commonsense reasoning (in some particular domains at least) can constructed systematically based on the C O N S Y D E R arc hitecture and that it will ork reasonably despite the existence of in terference, distractions, and large um er of related concepts, construct and study the system GIR (standing for system for Ge gr aphic al Information asoning and Or ganization ), whic stores large amoun of kno wledge extracted from encyclop edi as and reasons ab out agricultural haracterizations of regions. 6.5.1 The Structure of GIR The kno wledge represen tation in GIR utilizes the lev el idea in the C O N S Y D E R arc hitec- ture dividin the geographical kno wledge represen ted in the system in to categories: concepts, whic include basic geographic areas and regional haracterizations (suc as \cattle-coun try"), and features, whic include primitiv geographical descriptions of areas (suc as \highland", \moun- tainous", and \tropical", etc.). Concepts are represen ted in CL, and features are represen ted in CD. Eac geographic area represen ted in CL is connected to its corresp onding features in the CD lev el, and ecause of the fact that features are shared similar concepts, the CD represen tation is similarit y-based, i.e., concepts ha erlapping CD represen tations if and only if the are similar and the amoun of erlapping is prop ortional to the degree of the similarit et een them, as alluded to efore. Eac area is also connected to concepts describing its agricultural pro ducts links, if this kno wledge is ailable to the system. Figure lists concepts for haracterizing geographical area in terms of its agricultural pro ducts, suc as rice-gro wing-area, cattle-coun try etc. Figure lists features used in CD. 6.5.2 The ork ing of GIR GIR op erates this y: once name of geographical area is giv en to GIR O, as imp osing query GIR will �nd out its agricultural haracterization, suc as \cattle coun try", \rice-gro wing area", or \rubb er-pro ducing area". through rule application or similarit matc hing, or com bination of the o or example, let us ho ose to reason ab out \Brazil-north", whic is describ ed as \tropical rainforest hilly plateau". will start giving GIR query: What is the main agricultural pro duct of \Brazil-north"? That amoun ts to activ ating the no de represen ting \Brazil-north" and 17 |||||| || ||| || || ||| "cotton-pro ducing-area" "co�ee-gro wing-area" "wine-pro ducing-area" "p otato-gro wing-area" "rubb er-pro ducing-area" "goats-area" "rice-gro wing-area" "wheat-gro wing-area" "so yb ean-gro wing-area" "rubb er-pro ducing-area" "sheep-coun try" "pro ducing-banana" "pro ducing-tropical-fruits "corn-gro wing-area" "sugar-pro ducing-area" "fruit-v eg-gro wing-area" |||||| || ||| || || ||| Figure 4: Regional Characterization Included in the GIR System temp erate arctic dland plain mediterrainian plateau Mts coastal-l and lak tropical lo wland hill riv er-v alley-basi sw amp rainforest ev ergreen deciduous highland upland sparsely-p opulated densely-p opulated fertile infertile o prairie dep endable-rainfall scrub farming rugged subtropical rain sa anna dry-arid grassland desert Figure 5: Geographical eatures Include in the GIR System 18 lo oking for agricultural pro ducts in the output. answ er this question, let GIR run to erform its reasoning. The actual output from GIR is as follo ws: >(consyderr 0) TITLE: GEOGRAPHY focusing on context AGRICULTURE remove feature NIL setup done starting running top down cl propagating cd propagating bottom up the average activation is 0.121340989665 8248 2, "cattle-cou ntry" 0.12499988079 0710 10, "fruit-veg-gro wing- area" 0.1249998807 90710 12, "producing-ban ana", 0.12499988079 07104 13, "producing-tro pical -frui ts", 0.124999880790 7104 20, "rubber-produc ing-a rea", 0.99999904632 56836 29, "c-peru", 0.125 32, "Bolivia-orien t-rai nfore st", 0.125 40, "guiana-pgs", 0.125 41, "guiana-hilly- count ry-fo rest" 0.1666666666 66666 42, "guiana-hilly- count ry-sa vanna ", 0.125 45, "Brazil-cw", 0.125 50, "Brazil-n", 60, "columbia-basi n", 0.166666666 6666 667 61, "ecuador-coast ", 0.125 66, "suriname-plat eau", 0.125 The result sho ws that it is rubb er-pro ducin area for sure (with con�dence alue equal to 0.999999) and it is similar, to small exten t, to \Guiana hilly coun try" and \Bolivia orien rainforest area" etc. (If an to ho ose one answ er out of man can simply use winner- tak e-all net ork on top of this, but this is not an in trinsic part of GIR and is not needed in this case.) See Figure 6. Another test is as follo ws: supp ose an to kno ab out Ecuador coastal area, will giv GIR query: What is the main agricultural pro duct of Ecuador coast? activ ating the no de 19 "cattle-coun try" 0.12499988079 0710 10 "fruit-v eg-gro wing-area" 0.12499988079 0710 12 "pro ducing-banana" 0.12499988079 0710 13 "pro ducing-tropical-fruits" 0.12499988079 0710 20 "rubb er-pro ducing-area" 0.99999904632 5683 29 "c-p eru" 0.125 32 "Bolivi a-o rien t-rainforest" 0.125 40 "guiana-pgs" 0.125 41 "guiana-hil l y-coun try-forest" 0.16666666666 6666 42 "guiana-hil l y-coun try-sa anna" 0.125 45 "Brazil-cw" 0.125 50 "Brazil-n" 60 "colum bia-basin" 0.16666666666 6666 61 "ecuador-coast" 0.125 66 "suriname-plateau" 0.125 Figure 6: Output rom GIR O: Case represen ting \Ecuador coast". answ er this question, let GIR run to erform its reasoning. The actual output from GIR is as follo ws: (consyderr 0) TITLE: GEOGRAPHY focusing on context AGRICULTURE remove feature NIL setup done starting running top down cl propagating cd propagating bottom up the average activation is 0.143303508985 6102 6, "Uruguay-co astal ", 0.1666666666 6666 67 10, "fruit-veg-gro wing- area" 0.2499997615 81420 12, "producing-ban ana", 0.99999904632 56836 13, "producing-tro pical -frui ts", 0.249999761581 4209 30, "e-peru", 0.166666666666 6667 32, "Bolivia-orien t-rai nfore st", 0.1875 60, "columbia-basi n", 0.166666666 6666 667 61, "ecuador-coast ", 20 "Urugua y-coastal" 0.16666666666 66667 10 "fruit-v eg-gro wing-area" 0.24999976158 14209 12 "pro ducing-banana" 0.99999904632 56836 13 "pro ducing-tropical- fruits" 0.24999976158 14209 30 "e-p eru", 0.16666666666 66667 32 "Boli via -ori en t-rainforest", 0.1875 60 "colum bia-basin" 0.16666666666 66667 61 "ecuador-coast" Figure 7: Output rom GIR O: Case The result indicates that the area is pro ducing banana (with con�dence alue equal to 0.99999) and is ery lik ely pro ducing tropical fruits and other fruits/v egetables. It is similar, in some to \Urugua y-coast al", \eastern-P eru" and \Colum bia-basin". See Figure 7. 6.6 Initial Setup The question of ho can gather data and set up large system can divided in to questions: ho do obtain rule eigh ts and ho do obtain similarit measures? In GIR O, rules are obtained going through geograph sourceb oks, pic king out the relev an information and in tegrating it in to the net or with the CFRDN pro cedure Compilation of el ules into DN networks Sun altz 1991). The rules eing put in to the system includ West- ernT exas is attle ountry etc. In general, eigh ts represen ting rules can obtained reading textb oks, instructions, or using learning algorithms through in teractions with the en vironmen t. There is no univ ersally applicable to do this, or in other ords, it is domain-sp eci�c. One par- ticular rule learning algorithms dev elop ed is the IARL Incr emental Asso ciative ule arnin algorithm, whic is discussed in detail elsewhere (Sun altz 1991). Similarit measures are obtained an indirect means: �rst obtain all the relev an features needed for represen ting the concepts in olv ed, and then naturally the amoun of feature erlap determines the similarit et een concepts in olv ed. In order to come up with detailed feature represen tations for concepts, pre-establish set of feature no des, and then go through sourceb oks, establishing links (cross-lev el links) et een concept in CL and its features in CD, based on what read in the sourceb oks. The features include: altitude, rainfall, egetation, 21 opulation, temp erature, terrain, etc. with arious ranges. Another ossible of obtaining similarit measures is to conduct test, asking group of sub jects to rate the similarit of concepts concerned, and then construct CD represen tations based on the collected test scores with the STSIS pro cedure (Sun 1991). One thing that needs to stressed is that ev erything here is done with rather mec hanical pro cess, and the arc hitecture is mo dular: new no des can added and the existing ones can deleted at either la ers and the e�ect is lo calize d, without a�ecting the global structure. Another thing is that similarit is con text-sensitiv e, and mec hanisms are needed to fo cus on relev an features and ignore or discoun someho the irrelev an ones, giv en the con text (or the query in the ab e- men tioned cases). This is done the atten tion fo cusing mo dule external to the system, in whic set of \con text rules" are used to pic out all relev an features and suppress others (Sun 1991). 6.7 Comparisons C O N S Y D E R utilizes paralleli sm inheren in the data to the maxim um exten t, esp ecially when compared with ouretzky Hin ton (1985) or Dolan Smolensky (1989) (whic are basically se- quen tial at the kno wledge lev el). While most connectionist rule-based systems (Lange Dy er 1989, Ajjanagadde Shastri 1989, etc.) are functionally comparable to the CL part of C O N S Y D E R the CD part is unique in that it pro vides an e�cien for similarit matc hing to supplemen rule-based reasoning; the CL/CD dual represen tation sc heme constitutes principl ed of ac- coun ting for the dic hotom of the conceptual lev el and the sub conceptual (in tuitiv e) lev el reasoning (Smolensky 1988, Sun 1991). More sp eci�call in C O N S Y D E R once CD represen tation of concept is activ ated, man other concepts that share features with the concept will activ ated to arious degrees subsequen tly In order to ac hiev this in purely rule-based systems, ha to ha rule links from ev ery concept to all of the other concepts that share some features with it; this can mak systems to complex, and moreo er it will di�cult in suc systems to distinguish directly applicable rules from mere similarities and asso ciations. More recen tly Barnden Sriniv as (1990) describ es an attempt at utilizi ng similar ases in reasoning in connectionist net orks for the purp ose of com bating the rigidit that is undermining oth sym olic reasoning systems and purely rule-based connectionist systems, whic is the same idea as what motiv ates the CO N S Y D E R arc hitecture. Their system is adopted from their original rule-based connectionist system; it has ultiple con�guration matrices (CMs), eac of whic con tains case for short term pro cessing; relativ small set of gatew CMs pro vides 22 the in terface et een short term pro cessing and long term memory whic is not CM but instead enco des cases in connection eigh ts; cases in non-gatew CMs comp ete to ha their con ten ts copied in to gatew CMs, where it can cause cases similar to it to retriev ed from long term memory and some sym ol substitutions tak place after the retriev al to adapt the cases to the curren situation. Comparing CO N S Y D E R with Barnden Sriniv as (1990), notice the follo wing di�erences: CONSYDERR is more massiv ely parallel: there are no gatew ys and complex cop ying and substitution pro cesses that ma hamp er parallelism. Matc hing in C O N S Y D E R is more automatic (sp on taneous): there is no sp ecial matc hing mec hanism. The di�eren systems represen ts di�eren attac ks on the same problem, and therefore the approac hes migh con erg someho w. The com bination of rules and similarit in C O N S Y D E R is analogous in to relativ ely new paradigm of AI (to whic Barnden and Sriniv as 1990 elong) case-based reasoning (or CBR), whic in olv es retriev al of relev an cases, matc hing, and adaptation of the matc hed cases (Riesb ec Sc hank 1989). In CO N S Y D E R the retriev al is accomplished automatically consider all existing kno wledge at the same time. Similarit matc hing for �nding the est case is done in truly massiv ely parallel fashion all cases are matc hed against the curren case at the same time, distributiv ely with simple lo cal computations. Di�erences et een our approac and that of CBR include, for example, that in tegrate rules with cases, use uniform represen tation for cases and rules alik e, and utilize massiv parallelism. It seems that although case-based inference (or the use of analogous kno wledge in general) is ery imp ortan for commonsense reasoning, it is supplemen tary to abstract kno wledge enco ded in rules. In other ords, rules are primary and concrete analogous kno wledge are secondary and they should in tegrated in to uni�ed framew ork, suc as done in CONSYDERR. One dire ossibil it of similarit matc hing is that risk infering from one thing ev erything else. Ho ev er, this situation will not happ en, as demonstrated the ab examples, ecause of the follo wing facts: (1) the similarit relation is not transitiv e, that is, similarit will not propagate; only those concepts that actually matc the concepts �red rules will activ ated; (2) most concepts activ ated from similarit ha only eak activ ations, and are hence suppressed; can use, for example, the erage activ ation of net as dynamic threshold to �lter out relativ ely 23 eak activ ations. Adding ariables to CONSYDERR The system describ ed ab has only limited expressiv er ecause of lac of ariables, only single ob ject can considered at time. Adding ariables to CO N S Y D E R is helpful in impro ving oth expressiv and reasoning er in erforming rule-based reasoning. (F or other reasons wh ariable bindin is imp ortan t, see Pink er Prince 1988 and dor Pylysh yn 1988.) add ariables to C O N S Y D E R �rst of all is the question of ho to represen ariables. Eac ariable in eac predicate can handled one no de. The ariable can get ound an application of relev an rule that has in its conclusion the predicate that con tains the ariable. The binding is done umerical alue, whic represen ts particular constan (a domain ob ject, binding), eing passed along the link (whic represen ts the rule in question) to the no de represen ting the ariables, from no de represen ting ariable ha ving the same name in predicate in the condition part of the rule applied. or example, supp ose ha rule: \if an area gro ws something, it is an agricultural area." It can expressed as follo ws (where represen ts \gro w ", and represen ts \agricultural area"): x; and the input is A(a, b) (meaning ar gro ws ), where and are constan ts, e.g., a=Florida and b=or ange The bindin is passed to the no de represen ting x, and to the one represen ting in A(x,y). Then applying the rule, is further passed from the no de represen ting in A(x, y) to the no de represen ting in B(x). Let us lo ok at one lev el, sa CL, to see ho this can accommo dated in the C O N S Y D E R arc hitecture. add ariables in to CL, the same structure of CL can ept just as efore, but in place of no de no ha an assembly or collection of no des in terconnected in some serv our purp ose of incorp orating ariables and the ariable binding mec hanism in to the mo del, an assem bly should consist of certain um er of no des, one of whic is for computing and storing con�dence (activ ation) alues (w will call it the no de), exactly the same as efore, and the rest are for ariables (w will call them no des). ha to place an upp er limit on the um er of ariables predicate ma ha e, ecause can ha only �xed um er of no des in an assem bly (or net ork in general). Supp ose are allo ed to ha ariables, an assem bly then con tains k+1 no des, eac of whic except one is for storing and passing along bindings of the ariable whic 24 Figure 8: An Assem bly it represen ts. Among all the no des, the no de of an assem bly receiv es inputs from no des in other assem blies whic are conditions of rule that use this assem bly for its conclusion predicate; eac ariable (X) no de receiv es inputs from ariable (X) no des in the same other assem blies as its corresp onding no de, pic king up its wn binding and passing it on. See Figure 8. Besides the ab basic connections, eac of the ariable no des in an assem bly should also comm unicate with the no de to send its bindi ngs, so that the no de can hec consistency (and other things), and should also receiv from the no de \instructions", whic are to tell ariable no de whic binding to tak in case there are ultiple inputs for ariable no de. Let us lo ok again at the aforemen tioned example: x; and the input is A(a, b), where and are constan ts. will ha in CL assem blies: one for A(x,y) and the other for B(x). The �rst assem bly has three no des: C, X, and Y. The second assem bly has no des: and X. The no de in the �rst assem bly is link ed to the no de in the second assem bly The no de in the �rst assem bly is link ed also to the no de in the second assem bly (There should also some in tra-assem bly links, whic are omitted for simplic it .) See Figure 9. First the no de in the �rst assem bly is activ ated, and the bindin is passed to the no de in A(x,y), and to the no de. Then applying the rule (i.e., propagating activ ation along the link), the no de in the second assem bly is activ ated, and is passed from the no de in A(x, y) to the no de in B(x). Th us conclusion is reac hed: B(a). The ab description regarding CL is readily applicable to CD. rom computational stand- oin t, CD is exactly the same as CL. The di�erence is in the represen tational primitiv es: instead of concepts and prop ositions, ha features as basic elemen ts in the CD represen tation. So whatev er orks for CL orks for CD. It should oin ted out that ariable no des do not necessarily con tain particular umerical 25 Figure 9: The Net ork for Represen ting the Rule: if A(X,Y) then B(X) alue or sym ol that represen ts particular domain ob ject, or in other ords, they can free ariables. or example, if ha rule: ), giv en P(z), can deriv Q(z), represen ting with sp ecial sym ol in ariable no des of the assem blies for P(x) and Q(x). One issue ha to lo ok deep er in to is the in ter-lev el connections et een CL and CD. The main question is ho bindings are passed along when top-do wn activ ation, or ottom-up activ ation, is in e�ect. simplistic answ er is that can pass appropriate bindin gs along with activ ations the same as in the in tra-lev el case. One problem that arises from this solution is ho deal with the situation, at the ottom-up phase, where di�eren features of the same CL no de ha di�eren bindin gs asso ciated with them (see Figure 10). One to deal with this is to use the ma jorit rule principl e, ho osing the bindin that is asso ciated with more features than an others. related, but complemen tary problem is, at the top-do wn phase, ho to decide prop er binding when there are more than one bindin receiv ed at CD assem bly represen ting feature, from di�eren CL assem blies (see Figure 11). This can ccur when assem blies represen ting di�eren predicates with di�eren argumen ts and bindings but sharing some features are activ ated at the same time. This problem can solv ed ho osing the binding asso ciated with the assem bly that has stronger activ ation (and hence stronger con�dence). If they unfortunately ha the same activ ation, random hoice has to made. The solutions to the ab problems giv the system a or of comp etition and winner-tak e-all. With ariable binding, the structure of CL net ork is quite complicated. need of setting up net ork, giv en set of rules in FEL (extracted from exp erts or learned from data, etc.). Although the pro cess of setting up suc net ork is complex, it can done mec hanically follo wing some �xed pro cedures (not with some \art of net o rk buildi ng"). As men tioned efore, Ob viously this erall sc heme ma not ork for all cases. Nev ertheless, it is adequate for dealin with most of the in teresting cases. 26 Figure 10: Multiple Bindings Receiv ed During the op-Do wn Phase Figure 11: Multiple Bindings Receiv ed During the Bottom-up Phase 27 CFRDN is suc set of pro cedures for automatically transforming �rst order FEL rules in to forw ard haining reasoning net ork. Sun (1992b) is concerned sp eci�cal ly with the analysis of some more in tricate issues in ariable binding and some comparisons with other prop osed ariable binding mec hanisms (Ajjanagadde Shastri 1989, Lange Dy er 1989, and others). Conclusion In this pap er, connectionist arc hitecture CO N S Y D E R is prop osed to accoun for some common patterns found in commonsense reasoning (and set of proto cols), and to remedy to certain exten the brittleness problem found in ypical sym olic systems. In the pap er, di�eren from other existing connectionist systems, dual represen tational sc heme is devised, whic has extensional ob jects (lo calist represen tation) as ell as in tensional ob jects (distributed represen tation with features). By using feature-based distributed represen tation in addition to the lo calist represen tation, are able to explore the synergy resulting from the in teraction et een these yp es of represen tations and et een rule-based reasoning and similarit y-based reasoning. This synergy helps to deal with problems suc as partial information, no exact matc hing, prop ert inheritance, rule in teraction, with only ery simple represen tation as sho wn ab (some of these issues are not treated in depth here; readers are refered to the pap ers dealing sp eci�call with them, suc as Sun 1989, 1992a, 1992b, and Sun altz 1991). Therefore, the CO N S Y D E R arc hitecture is capable of accoun ting for man di�cult reasoning patterns in one uni�ed system. This ork demonstrates that the simple com bination of the simple tec hniques (rules and feature similarit y) can go long in solving commonsense reasoning problems. This arc hitecture also demonstrates that connectionist mo dels equipp ed with sym olic capabiliti es are erful to ols for reasoning and they are not mere implemen tations of their sym olic coun terparts. uture ork will include applying CO N S Y D E R to wider ariet of problems, theoretical and practical, to demonstrate and further dev elop its capabiliti es; also an to explore other ys of com bining rule-based reasoning with connectionist mo dels, to etter accoun for commonsense reasoning; �nally FEL and logical capabiliti es of C O N S Y D E R shall further studied. 28 The Colli ns Proto cols This app endix will presen and brie y examine all the proto cols considered, most of whic are from Collins (1979) and Collins Mic halski (1989) (some of them ere presen ted efore, but are still listed here for completeness). (1) The �rst proto col sho ws uncertain, eviden tial reasoning: Q: Do ou think they migh gro rice in Florida? R: eah. guess they could, if there ere an adequate fresh ater supply certainly nice, big, arm, at area. In this example, the erson answ ering the question deduced an uncertain conclusion based on partial kno wledge, with piece of crucial information (i.e. the presence of fresh ater) absen t. (2) the second proto col is as follo ws: Q: Is the Chaco the cattle coun try? R: It is lik estern exas, so in some sense guess it’s cattle coun try Here ecause there is no kno wn kno wledge (in other ords, no applicable rules), an uncertain conclusion is dra wn based on similarit with kno wn kno wledge (or rules). (3) the third proto col is: Q: Are there roses in England? R: There are lot of o ers in England. So guess there are roses. Here the deduction is based on pr op erty inheritanc ormally England HOR TICUL TURE o er; rose IS o er; so England HOR TICUL TURE rose, to use the jargon of the inheritance theory The conclusion is only partially certain and is dra wn ecause there is no information to the con trary (i.e. no anc el lation of prop erties). (4) The fourth proto col is: Q: Is that [Llanos] where they gro co�ee up there? A: don’t think the sa a nna is used for gro wing co�ee. The trouble is the sa a nna has rain season and ou can’t coun on rain in general [for gro wing co�ee]. This proto col sho ws hain of reasoning: Llanos is sa anna, sa anna has rain season, and rain seasons do not ermit co�ee gro wing. (5) The �fth proto col is: 29 Q: Is Urugua in the Andes Moun tains? A: It’s go guess to sa that it’s in the Andes Moun tains ecause lot of the coun tries [of South America] are. Here there is no rule stating whether Urugua is in the Andes or not. Ho ev er, since most South American coun tries are in the Andes, the default is therefore in the ndes Urugua just \inherits" this default alue (although incorrectly). (6) The sixth proto col is: Q: Can go ose quac k? A: No. go ose ell, it’s lik duc k, but it’s not duc k. It can honk, but to sa it can quac k. No. think its cal cords are built di�eren tly They ha eak and ev erything. But no, it can’t quac k. Tw patterns are presen here. One is based on similarit et een geese and duc ks, indep enden of kno wledge regarding geese, yieldi ng the conclusion that geese ma able to quac k. Another pattern is rule: since geese do not ha cal cords built for quac king, they cannot quac k. (7) The sev en th proto col is: Q: Is Florida moist? A: The temp erature is high there, so the ater holding capacit of the air is high to o. think Florida is moist. In this example the concepts in olv ed are not all-or-nothing, but someho graded, so the conclusion ust graded, or lo er in con�dence, corresp onding with the con�dence alues of kno wn facts and rules. (8) The eigh th proto col is: Q: Will high in terest rates cause high in ation rates? A: No. High in terest rates will cause lo money supply gro wt h, whic in turn causes lo in ation rates. This example sho ws haining of rules: High in terest rates will cause lo money supply gro w th, and lo money supply gro wth will cause lo in ation rates, so high in terest rates will cause lo in ation rates. (9) The nin th proto col is: 30 Q: What kind of ehicles are ou going to buy? A: or carrying cargo, ha to buy utilit ehicle, but for carrying passengers, ha to buy passenger ehicle. So will buy ehicle that is oth utilit and passenger ehicle. or example, an. This example sho ws the additiv in teraction of rules: if carrying cargo, buy utilit ehicle, and if carrying passengers, buy passenger ehicle. The result is the com bination of the rules: something that is oth utilit ehicle and passenger ehicle. (10) The ten th proto col is: Q: Do omen living in that [tropical] region ha short life exp ectancy? A: Men living in tropical regions ha short life exp ectancy so probably omen livin in tropical regions ha short life exp ectancy to o. This is another case of using similarit ecause of the lac of direct kno wledge. (11) The elev en th proto col is: Q: Are all South American coun tries in the tropical region? A: think South American coun tries are in the tropical region, ecause Brazil is in the tropical region, Guy ana is in the tropical region, enezuela is in the tropical region, so on and so forth. Although the conclusion is incorrect, this example illustrates ottom-up inheritanc (a form of gen- eralization). Since there is no kno wledge directly asso ciated with the sup erclass \South American coun tries" as to whether they are in the tropical or not, sub classes are lo ok ed at, and conclusion is dra wn based on the kno wledge of the sub classes. In Collins Mic halski (1989), these patterns are divided in to the follo wing categories: Deriv ation from utual implication, in whic particular alues of di�eren en tities are related. Deriv ation from utual dep enden ce, in whic functional relationships et een en tities are exploited. GEN-based transformation, in whic what is kno wn ab out particular class is generalized to its sup erclass. 31 SPEC-based transformation, in whic what is kno wn ab out class is sp ecializ ed to sub class. SIM-based transformation, in whic what is kno wn ab out class is mapp ed to another class based on similarit DIS-based transformation, in whic what is kno wn ab out class is excluded from another class based on dissimilarit On the other hand, according to our analysis, there are uc few er categories: the �rst categories ha little di�erence and oth are dealt with rule applications; the rest categories are similarit related, that is, generalization and sp ecialization are sp ecial cases of similarit and therefore they can dealt with similarit matc hing. Dis-simil arit based inference is extremely un-reliabl e: it is generally not the case that, just ecause the things are di�eren in some particular asp ects, they are di�eren in some other asp ects. Therefore, this kind of inference is not considered here. Ov erall, all the cases are describ ed and dealt with rules plus similarit in our analysis. In the analysis Collins Mic halski, the con�dence of the conclusions reac hed dep ends on um er of parameters: Conditional lik eliho Degree of certain Degree of ypicalit of subset within set Degree of similarit of one set to another requency of the referen in the domain of the descriptor Dominance of subset in set Multiplici of the referen Multiplici of the argumen According to our analysis, ho ev er, smaller set of parameters can iden ti�ed: rule eigh ts and similarit measures. These parameters can subsume the ab parameters used Collins Mic halski: the �rst o conditional lik eliho and degrees of certain can easily captured rule eigh ts; the rest can accoun ted for similarit measures or com bination of rule eigh ts and similarit measures. 32 ormal reatmen t the DN No des and Assem bli e formal treatmen of the basic elemen ts in C O N S Y D E R namely no des, assem blies and net- orks, will presen ted. will use ery general formalism for connectionist mo dels, the Discr ete Neur onal Mo del or the DN mo del. This formalism is �rst prop osed in (Sun 1989) and later further dev elop ed in (Sun 1990b). It is generalization of con en t ional connectionist mo dels, aiming at resolving some di�culties inheren in these mo dels (suc as ariable binding) remo ving some unnecessary restrictions. The generalization in this formalism go es along sev eral dimensions: in- ternal states, di�eren tiated outputs, and temp oral resp onses (see Sun 1989 for augumen ts in fa or of these). The resulting mo del can deal with ariable binding, rule matc hing, and con�dence alue propagation all at the same time. Th us the mo del forms reasonable basis for dev eloping complex reasoning system incorp orating ariables. An automaton-theoretic description of no de in DN mo del is 7-tuple: N= A; S= the set of all the ossible states of no de, O= the set of all outputs, A= the set of all the actions (output sym ols), I= the set of inputs, B= the set of all input sym ols, U= the state transition function, V= the action function. think of no de as ha ving set of input and set of output: :::: ::; :::::: And the state transition and action functions are net ork of DN no des is graph with (m ultiple) directed edges et een pairs of no des. An added constrain is if there is directed link from no de to no de j, then Although the 33 formalism is complex (it is aimed for generalit ey ond this ork; Sun 1989, 1990b), the actual mec hanism for ariable binding is ery simple, as will seen elo w. In this mo del set of mapping et een inputs and outputs is explici tly sp eci�ed instead of con tin uous activ ation function. This allo ws more exible relationship et een inputs and outputs, esp eciall useful for erforming ariable bindin g. An in ternal state is in tro duced for no de to ha kind of memory Distinct ultiple sim ultaneous outputs are allo ed in this mo del, whic is ery imp ortan for dealing with ariable bindings. Because of the generalit this mo del can em ulate other more con en t ional connectionist mo dels (Sun 1989). Con ersely DN no des can also implemen ted with the con en t ional eigh t ed-sum threshold mo del (Sun 1990b). These facts together further ensure the compatibilit of this formalism with more con en tional mo dels. Let us see ho the DN formalism can used to construct one lev el of C O N S Y D E R giv en some �rst order FEL rules with ariables (w will use CL as an example for illustration). can map from the �rst-order FEL to CL net ork with ariable binding as follo ws: predicate is represen ted an assem bly of DN no des in CL, and rules are enco ded in net ork the connections an assem bly has to the other assem blies. or example, Figure 12 sho ws ho assem blies represen ting predicates are wired in to net ork. So CL is made up of assem blies whic in turn are made up of no des represen ting predicates and argumen ts, that is, AS where AS is set of assem blies AS ::::; is an arbitrary um er and is the connectivit et een assem blies as as i; as as AS i; [0 are lab els denoting no des within an assem bly The connections among no des are sp eci�ed in lab els whic indicate whic no de in one assem bly is connected to whic no de in another assem bly (There ma also connections from eac to and from to eac X, as explained efore.) In eac assem bly there are k+1 no des of the DN yp e: C, ::::; The no de con tains the activ ation alue of the predicate (whic represen ts the con�dence, plausibil it or certain of the predicate) and connects to other no des in other assem blies for represen ting di�eren predicates that are related to it rules. The no des tak care of ariable bindings (i.e., for argumen ts to 34 Figure 12: The Wiring of Net o rk for Represen ting the Rule: if A(X) B(Y) C(Z), then D(W) where X, Y, and are ectors of argumen ts. the predicate) for maxim um of ariables. The set of states and the set of input/output sym ols in the ariable no des are umerical alues represen ting all ossible bindings in domain. The set is �xed priori. Eac elemen in an assem bly or X’s, is no de with sp eci�c action function (a state transition function is not need for this application), as sp eci�ed elo w: or C: ::::: NOTE Action function here is eigh t ed-sum function. are outputs of other no des in other assem blies impinging on this no de. is the set of output sym ols in the no de C. (No de can also receiv inputs from no des in the same assem bly useful in certain situations where consistency hec king is needed in ariable bindin g; see Sun 1992b.) And for i=1,2,....k, :::::I NOTE Action function here is mapping sp ecifying the output of based on ’s, inputs from no des in other assem blies. This function alw ys pass on the bindin it receiv es (some other complications regarding consistency hec king, uni�cation, selec- 35 tions, and inputs from no des are explained in Sun 1992b). is the set of output sym ols in the no de CO N S Y D E R can de�ned as follo ws, with ariables and the ariable binding mec hanism included CONSYDERR is an arc hitecture comp osed of hierarc hical (acyclic) CL and hier- arc hical (acyclic) CD, oth built with the DN no des and assem blies (as de�ned ab e), with separate top-do wn and ottom-up in ter-lev el connectivit (or path) and phasic in teraction in ter-lev el dynamics (i.e., three phase cycle). 36 Ac kno w ledgmen ts wish to thank Da altz, James Pustejo vsky and Tim Hic ey for man helpful discussions. My thanks also go to the editor and the review ers for their helpful suggestions. References V. Ajjanagadde and L. Shastri, 1989. E�cien Inference with Multi-place Predicates and ariables in Connectionist System. In Pro c.11th Cognitiv Science So ciet Conference, 396-403. Hillsdale, NJ: Erlbaum. J. R. Anderson, 1983. The chite ctur of Co gnition Cam bridge, MA: Harv ard Univ ersit Press. J. Barnden, 1988. The righ of free asso ciation: relativ e-p osition enco ding for connectionist data structures. In Pro c.10th Conference of Cognitiv Science So ciet 503-509. Hillsdale, NJ: Erlbaum. J. Barnden and K. Sriniv as, 1990. Ov ercoming Rule-Based Rigidit and Connectionist Limitati ons Through Massiv ely arallel Case-based Reasoning. ec hnical Rep ort MCCS-90-187, Computing Researc Lab oratory New Mexico State Univ ersit Las Cruces, NM. B. Buc hanan and E. Shortli�e, 1984. Rule-Based Exp ert Systems. Reading, MA: Addison-W esley C. Chang and R. C. Lee, 1973. Symb olic gic and Me chanic al The or em Pr oving Academic Press. A. Collins, 1979. ragm en ts of theory of um an plausible reasoning. Pro c.TINLAP A. Collins and R. Mic halski, 1989. The logic of plausible reasoning. Cognitiv Science, 13(1), 1-49. C. Dolan and Smolensky 1988. Implem en ti ng connectionist pro duction system using tensor pro ducts. In D. ouretzky et al. eds. Pro c.1988 Connectionist Summ er Sc ho ol, 265-272. San Mateo, CA: Morgan Kaufman, 1989. J. dor and Z. Pylysh yn, 1988. Connectionism and Cognitiv Arc hitecture: Critical Analysis. in Pink er and Mehler (eds.) Conne ctions and Symb ols Cam bridge, MA: MIT Press. M. Ginsb erg (ed.) 1987. adings in Non-monotonic asoning pp.53-55, San Mateo, CA: Morgan Kauf- man. F. Ha es-Roth, D.A. aterm an and D.B. Lenat, eds. 1983. Building Exp ert Systems Reading, MA: Addison-W esley S. Holldobler, 1990. On High-lev el inferencing and the ariable binding problem. in Dor�ner, G. (ed.), OEGAI-90. pp.180-185. Berlin, FR G: Springer-V erlag. J. Klahr et al, eds. 1989. Pro duction System Mo dels of Learning and Dev elopmen t. Cam bridge, MA: MIT Press. T. Lange and M. Dy er, 1989. ram selection in connectionist mo del. In Pro c.11th Cognitiv Science Conference, 706-713. Hillsdale, NJ: Erlbaum. 37 A. Pink er and A. Prince, 1988. On Language and Connectionism. in S. Pink er and J. Mehler (eds.), Conne ctions and Symb ols Cam bri dge, MA: MIT Press. M. osner, 1989. (ed.) oundations of Co gnitive Scienc Cam bridg e, MA: MIT Press. C. Riesb ec and R. Sc hank, 1989. Inside Case-b ase asoning Hillsdale, NJ: La wrence Erlbaum Asso ciates. L. Shastri, 1988. Connectionist Approac to Kno wledge Represen tation and Limi ted Inference. Cognitiv Science, 12, 331-392. Y. Shoham, 1987. Reasoning ab out Change: Time and Causation from AI Standp oin t. Ph.D Dissertation, ale Univ ersit New Ha en, Connecticut. Y. Shoham, 1990. Non-monotonic Reasoning and Causation. Cognitiv Science, 14, 213-252. Smolensky 1988. On the prop er treatmen of connectionism, Beha vioral and Brain Sciences, 11, 1-43. R. Sun, 1989. Discrete Neural Net ork Mo del for Conceptual Represen tation and Reasoning. In Pro c.11th Cognitiv Science So ciet Conference, 916-923. Hillsdale, NJ: Erlbaum. R. Sun, 1990a. Rules and Connectionism. In Pro c.INNC-P aris, p.545. Netherlands: Klu er. R. Sun, 1990b. The Discrete Neuronal Mo dels. In Pro c.INNC-P aris, 902-907. Netherlands: Klu er. R. Sun and D. altz, 1991. Neurally Inspired Massiv ely arallel Mo del of Rule-Based Reasoning. In B. Soucek ed. Neural and In telligen System In tegration. New ork, NY: John Wiley Sons. R. Sun, 1991. In tegrating Rules and Connectionism for Robust Reasoning: An Arc hitecture with Dual Represen tation. Ph.D Thesis, Computer Science Departmen t, Brandeis Univ ersit altham MA. R. Sun, 1992a. Bey ond asso ciativ mem ories, logics and ariabl es in connectionist net orks. Information Scienc es sp ecial issue on AI and neural net orks. R. Sun, 1992b. On ariabl binding in connectionist net orks. Conne ction Scienc submitted. D. ouretzky and G. Hin ton, 1985. Sym ol Among Neurons. In Pro c.9th In ternational Join Conference on Arti�cial In telligence, pp.238-243. San Mateo, CA: Morgan Kaufman. A. Tv ersky 1977. eatures of Simila rit Psyc hological Review, 84(4), 327-352. D. altz and J. ollac k, 1985. Massiv parallel parsing. Cognitiv Science, 9, 51-74. L. Zadeh, 1983. Comm onsense kno wledge represen tation based on fuzzy logic. Computer ol.1 6, No.10, 61-66. 38