IEICE TRANS. INF ORMA TION AND SYSTEM, V OL. E??{D, NO. 6 JUNE 1998 1 P APER Asso ciative Semantic Memo ry Capable of F ast Inference on Conceptual Hiera rchies Qing Ma y and Hitoshi Isahara y , Memb ers SUMMAR Y The adaptiv e asso ciativ e memory prop osed b y Ma is used to construct a new mo del of seman tic net w ork, re- ferred to as asso ciativ e seman tic memory (ASM). The main no v- elt y is its computational e�ectiv eness whic h is an imp ortan t issue in kno wledge represen tation; the ASM can do inference based on large conceptual hierarc hies extremely fast|in time that do es not increase with the size of conceptual hierarc hies. This p erfor- mance cannot b e realized by an y existing systems. In addition, ASM has a simple and easily understandable architecture and is exible in the sense that mo difying kno wledge can easily b e done using one-shot relearning and the generalization of kno wledge is a basic system prop ert y . Theoretical analyses are given in gen- eral case to guaran tee that ASM can a wlessly infer via pattern segmen tation and reco v ery whic h are the t w o basic functions that the adaptiv e asso ciativ e memory has. key wor ds: adaptive asso ciative memory, p attern se gmentation and r e c overy, c onc eptual hier ar chy, infer enc e, c omputational ef- fe ctiveness 1. In tro duction If w e analyze h uman b eha vior w e �nd that in spite of op erating with a large kno wledge base, h uman agen ts tak e but a few h undred milliseconds to p erform a broad range of cognitiv e tasks, suc h as recognizing ob jects, understanding sp ok en and written text, and making in- ferences suc h as: \Tw eet y is a bird therefore it ies". The h uman p erformance data indicates that the repre- sen tation of conceptual information and cognitiv e pro- cesses that access it are computationally e�ectiv e. The question of computational e�ectiv eness therefore m ust b e tac kled at the v ery o�set for understanding the prin- ciples underlying the organization and use of conceptual information in cognitiv e systems [20][21]. The tradi- tional AI approac hes (i.e., sym b olic metho ds), ho w ev er, cannot attain suc h a computational e�ectiv eness. T o address this imp ortan t issue in kno wledge represen ta- tion, w e think that the arti�cial neural net w orks, among whic h particularly the asso ciativ e memories, are the ap- propriate paradigm. Asso ciativ e memories [7] are among the most ex- tensiv ely studied and b est-understo o d paradigms in the �eld of arti�cial neural net w orks b ecause of their h uman-lik e manner of information storage and re- triev al. The basic attribute of con v en tional asso cia- Man uscript receiv ed ******* Man uscript revised ******** y The authors are with the Comm unications Researc h Lab oratory , Ministry of P osts and T elecomm unications, 588-2, Iw aok a, Nishi-ku, Kob e, 651-24, Japan tiv e memories prop osed so far is one-to-one asso ciativ e function in heteroasso ciativ e t yp es or pattern reco v ery function in autoasso ciativ e t yp es. Sev eral studies ha v e sho wn that when an asso ciativ e memory is equipp ed with one-to-man y asso ciativ e function (or pattern seg- men tation function in autoasso ciativ e t yp es), it b e- comes a p o w erful mo del to address v arious cognitiv e pro cesses [8]-[10],[13]. It has b een particularly indicated b y these studies that the pro cedural kno wledge, a kind of kno wledge consisting of the skills of p erceptual mo- tion or cognition, can b e w ell represen ted b y suc h an asso ciativ e memory . This pap er further demonstrates that the seman tic kno wledge, another kind of kno wl- edge for understanding sp ok en and written text, mak- ing inferences, and so on can also b e w ell represen ted b y suc h an asso ciativ e memory . Th us, b oth this t w o kinds of kno wledge can b e addressed within the same framew ork of the asso ciativ e memory . The asso ciativ e memory can therefore b e regarded as an essen tial mo d- ule of cognitiv e systems in hardw are lev el. According to Marr’s theory [17], it is indisp ensable to understand cognitiv e systems in hardw are lev el, i.e., in the details of ho w the computational theory or algorithm is imple- men ted. Seman tic net w orks (accurately conceptual hierar- c hies) express seman tic kno wledge in terms of concepts, their prop erties, and the hierarc hical relationships b e- t w een concepts. Since their in tro duction b y Quillian [18], seman tic net w orks ha v e pla y ed a signi�can t role in kno wledge represen tation and form the bac kb one of man y cognitiv e and AI systems [6]. T o date, sev- eral connectionist mo dels of seman tic net w orks (e.g., [4][5][11][20][21][23]) ha v e b een prop osed to attain com- putational e�ectiv eness; they could do inference in time that is logarithmic in the n um b er of concepts in the kno wledge base. As represen ted b y Shastri’s system [20], most of them used con trolled spreading activ a- tion as a computational primitiv e and ha v e v ery com- plex arc hitectures. A few mo dels ha v e b een prop osed that use t ypical arti�cial neural net w orks prop osed so far (e.g., asso ciativ e memory and the Boltzmann ma- c hine). These mo dels usually ha v e simple and easily understandable arc hitectures, but lac k su�cien t abilit y to handle general problem cases. The Hin ton’s net w ork [11], the one most closely related to our mo del, for example, uses a kind of as-

2 IEICE TRANS. INF ORMA TION AND SYSTEM, V OL. E??{D, NO. 6 JUNE 1998 so ciativ e memory in whic h higher-order problems, in- heritance and recognition inference based on concep- tual hierarc hies, are attempted to b e solv ed b y reduc- ing them in to lo w er-lev el pro cessing, i.e., pattern reco v- ery . More sp eci�cally , the net w ork enco des conceptual hierarc hies b y a set of triples of the form: (concept, prop ert y , v alue). Giv en t w o comp onen ts of a triple, the net w ork can determine the third tuple. Ho w ev er, b e- cause the net w ork p erforms inference only b y pattern reco v ery , there are inheren t problems. First, if there are exceptions in the conceptual hierarc hies, i.e., if there are concepts that do not inherit prop erties from their an- cestors (suc h exceptions alw a ys exist in the real w orld), in terference ma y b e caused b y these exceptions. As a result, inference tak es longer and the accuracy drops. Eviden tly , if conceptual hierarc hies are large (so that there are more exceptions), the in terference ma y b e- come so strong that inference cannot b e p erformed cor- rectly . F urthermore, it is almost imp ossible to obtain correct answ ers for complex recognition inference prob- lems that are giv en b y a large n um b er of clues. Besides these inheren t problems, the net w ork also su�ers hea v- ily from the shortcomings of the p erceptron algorithm that it uses. F or example, in large conceptual hierar- c hies, learning tak es a v ery long time, and con v ergence cannot b e guaran teed. Moreo v er, new kno wledge can only b e added b y relearning the en tire conceptual hi- erarc h y , and unnecessary and/or incorrect kno wledge cannot b e deleted. Our prop osed mo del resolv es the dilemma of ob- taining high p erformance while at the same time main- taining a simple and easily understandable arc hitecture. F or its k ernel, it uses the adaptiv e asso ciativ e memory (AAM) [16] prop osed b y Ma, whic h can do pattern seg- men tation as w ell as pattern reco v ery . W e therefore re- fer to the prop osed mo del as the asso ciativ e seman tic memory (or ASM for shortly). ASM p erforms infer- ence m uc h faster than existing mo dels; the computation time tends not to increase with the size of the concep- tual hierarc h y . By using pattern segmen tation, ASM resolv es the problems in Hin ton’s net w ork: it solv es inference problems with exceptions and complex recog- nition problems a wlessly . Because one-shot learning is used in ASM, there are also no learning problems, the same as in Hin ton’s net w ork, and the mo di�cation (addition and deletion) of kno wledge is v ery easy . As in Hin ton’s net w ork, generalization is a basic prop ert y of ASM in the sense that concepts automatically acquire an y e�ects p ossessed b y their sub ordinate concepts. In this pap er w e b egin b y describing conceptual hi- erarc hies, a class of inference problems based on them, and ho w the inference problems can b e formalized and transformed in to lo w er lev el pro cessing, i.e., pattern segmen tation and pattern reco v ery . W e then in tro duce AAM, the k ernel of ASM. Next w e describ e ASM and theoretically sho w that ASM p erforms inference p er- fectly . W e also sho w that the inference time do es not increase with the size of the conceptual hierarc h y . W e explain wh y kno wledge can b e easily mo di�ed and that the generalization of kno wledge is a basic system prop- ert y . W e next conduct sev eral computer sim ulations to con�rm our theoretical analyses and to ev aluate ho w fast ASM p erforms inferences. Finally , w e conclude this w ork and p oin t out the future extension of this researc h. 2. Conceptual hierarc hies Concepts are primitiv es of seman tic kno wledge in cog- nitiv e science [12][19][22] and eac h concept can b e c har- acterized b y a set of features whic h are also instances of concepts. F or example, the concept \dog" can b e c har- acterized b y a set of features ( mammal, fur, te eth, four le gs, � � � , ). Seman tic kno wledge can therefore b e repre- sen ted b y a set of suc h concepts whic h are related with eac h other via their prop erties, e.g., is a, part of, and so on. If w e use no des to express concepts and lab eled links to express prop erties (the relationships b et w een concepts), seman tic kno wledge can b e represen ted b y a graph whic h consists of no des and links. Suc h graphs are called seman tic net w orks. The seman tic net w orks sp ecially from the concep- tual hierarc hical p oin t of view are called conceptual hi- erarc hies. As p oin ted out b y Shastri [20], the c harac- terization of conceptual hierarc hies is broad enough to capture the basic organizational principles underlying frame-based represen tation languages suc h as KRL [1] and KL-ONE [2]. In real w orld, w e can �nd man y ex- amples of conceptual hierarc hies. Roget’s thesaurus [3] constructed from the viewp oin t of linguistics and cogni- tion, for example, is a v ery large w ord (conceptual) hi- erarc h y in whic h more than 325,000 w ords and phrases are divided in to six �elds and the w ords in eac h �eld are further classi�ed in to more than 1,000 meaning cat- egories. This kind of dictionaries has b een constructed in sev eral languages and widely used in explaining h u- man language activities (phenomena) and constructing natural language pro cessing systems. 2.1 A class of inference: inheritance and recognition Figure 1 sho ws an example of conceptual hierarc hies. A basic c haracteristic in conceptual hierarc hies is prop- ert y inheritance: the prop erties of sup erordinate con- cepts are inherited b y their sub ordinate ones. Prop- ert y inheritance leads to the e�cien t storage of kno wl- edge. Ho w ev er, a class of basic inference, inheritance and recognition, based on conceptual hierarc hies is re- quired to obtain needed kno wledge. Inheritance inference enables us to infer the prop- erties of concepts based on those of their ancestors. Supp ose, for example, w e kno w elephan ts are a mammal and w an t to kno w ho w man y legs elephan ts ha v e. Sym- b olically , w e �nd the no de for E l ephant . If there is no information ab out legs attac hed directly to this no de,

MA and ISAHARA: ASSOCIA TIVE SEMANTIC MEMOR Y CAP ABLE OF F AST INFERENCE ON CONCEPTUAL HIERAR CHIES 3 Fig. 1 Real-w orld example of conceptual hierarc hies. then the no de for E l ephant ’s ancestor, M ammal , is c hec k ed. If the answ er is again not attac hed to the no de, then its ancestor, Animal , is examined, and so on. In Fig. 1, the answ er can b e found in the M ammal no de. Consequen tly , to answ er a seemingly simple query with a sym b olic approac h, w e migh t ha v e to visit man y no des in the data base to retriev e the desired information. Recognition inference enables us to �nd individual concepts that ha v e m ultiple sp eci�c prop erties. When w e are told that something has four legs, runs fast, and so on, for example, w e can use the conceptual hierarc h y sho wn in Fig. 1 to infer that it is a tiger. Sym b olically , the sets f Mammal, Elephant, Tiger g with four le gs and f Tiger, Swal low g with runs fast are found �rst. Then, the answ er is obtained b y examining the in tersection of these sets. In this example, T ig er is obtained. Al- though T ig er has b oth four le gs and runs fast , these prop erties are not necessarily a v ailable lo cally at the no de for T ig er . They ma y ha v e to b e determined via inheritance inference. Doing set-in tersection op erations sym b olically tak es m uc h longer time compared to doing inheritance inference. In the real w orld there are exceptions to prop ert y inheritance. F or example, birds are though t to y , but some, suc h as p enguins, do not. Exceptions in concep- tual hierarc hies giv e rise to nonmonotonicit y and am bi- guit y , neither of whic h can b e handled using �rst-order logic. 2.2 F ormalization of inference problems Conceptual hierarc hies include t w o kinds of kno wledge: hierarc hical relationships b et w een concepts (e.g., Ele- phants ar e mammals ), whic h can b e represen ted us- ing a sp ecial enco ding pro cedure that will b e describ ed in Sec. 4, and kno wledge ab out eac h concept, whic h can b e represen ted b y triples ( concept; pr oper ty ; v al ue ) (e.g., (Elephant, fe e ding habits, herbivor ous) ). By using triple expressions, an y inheritance infer- ence problem can b e formalized as ( c onc ept: c, pr op- erty: p, value: ? ), where c onc ept: c and pr op erty: p are clues and value: ? is the solution ( value: v ) that should b e found to �ll the triple so that the kno wl- edge represen ted b y this triple is true (i.e., in agree- men t with the conceptual hierarc h y). Note that triple ( c onc ept: c, pr op erty: p, value: v ) is not necessar- ily found lo cally at the represen tation of c onc ept: c . F or example, for the triple ( Elephant, r espir ation, pul- monary r espir ation ), the prop ert y r espir ation and its v alue pulmonary r espir ation are not directly attac hed in the represen tation of Elephant as sho wn in Fig. 1. In connectionist represen tation, eac h elemen t of a triple is enco ded as a binary pattern, whic h can b e regarded as a one-dimensional v ector whose elemen ts (bits) ha v e v alue zero or one. The inheritance problem can th us b e rewritten as ( patter n ( c ) ; patter n ( p ) ; patter n (#)) or more simply , patter n ( c; p; #), where patter n (#) is the de�cien t part to b e recalled, using pattern reco v ery (and pattern segmen tation as the case ma y b e; see Sec. 4 for more detail). Also, an y recognition inference problem can b e for- malized as ( c onc ept: ?, pr op erty: p 1 , value: v 1 ) & ( c on- c ept: ?, pr op erty: p 2 , value: v 2 ) & � � � & ( c onc ept: ?, pr op erty: p m , value: v m ), where pr oper ty : p i and v al ue : v i ( i = 1 ; � � � ; m ) are clues and c onc ept: ? is the solution ( c onc ept: c ) that should b e found to �ll these triples so that all the kno wledge represen ted b y these triples is true. Note that ( c onc ept: c, pr op- erty: p i , value: v i ) ( i = 1 ; � � � ; m ) also need not nec- essarily b e found lo cally at the represen tation of c on- c ept c . In connectionist represen tation, the recogni- tion problem can further b e rewritten as ( patter n (#), P m i =1 patter n ( p i ), P m i =1 patter n ( v i )) or more simply , patter n (# ; P m i =1 p i ; P m i =1 v i ), where P m i =1 patter n ( x i ) (= patter n ( P m i =1 x i )) is a comp osite (sup erimp osed) pattern comp osed of patter n ( x i ) ( i = 1 ; � � � ; m ). Here, comp osite patterns are also binary ones (i.e., they are also one-dimensional v ectors whose elemen ts (bits) ha v e v alue zero or one) that are obtained b y adding all bits with the same su�x n um b er in the m ultiple patterns in a Bo olean w a y (a logical addition). The recogni- tion problem can therefore b e regarded as a comp osite pattern with de�cien t part. T o recall the de�cien t part, the comp osite pattern m ust b e separated and reco v ered in to a single pattern lik e patter n ( c; p 1 ; v 1 ). 3. Adaptiv e Asso ciativ e Memory (AAM) Adaptiv e asso ciativ e memory (AAM) [16] can separate and reco v er comp osite patterns whic h migh t b e de- graded b y de�ciency or noise. An example where AAM separates and reco v ers a de�cien t comp osite input is sho wn in Fig. 2, in whic h the blac k dots indicate the bits that ha v e p ositiv e v alues and the others indicate the bits that ha v e v alue zero. Since suc h patterns can b e easily transformed in to binary patterns b y using a binary thresholding function, whic h will b e sho wn later (see Eq. (4)), the bits sho wn b y blac k dots are called \1-bits" and the others are called \0-bits" in case with no confusion. Figure 3 sho ws a simpli�ed structure of AAM com-

4 IEICE TRANS. INF ORMA TION AND SYSTEM, V OL. E??{D, NO. 6 JUNE 1998 Fig. 2 Example of recall from a de�cien t comp osite input. Fig. 3 Simpli�ed structure of AAM comp osed of t w o units. p osed of t w o units. The units are inhibited with eac h other via inhibitory connections w ij / w j i and ha v e p osi- tiv e self-lo ops via auto-connections w ii / w j j . AAM con- sists of a fully-in terconnected set of suc h units. It op er- ates sync hronously and the dynamics can b e expressed as s i ( k +1) = ’ ( w ii ( k ) s i ( k ) � X j j = i w j i s j ( k )+ cP i + b ) ; (1) where s i ( k ) denotes the activit y of unit i at time k , P i is the external input (0 or 1), c and b are, resp ectiv ely , the connecting co e�cien t from P i to unit i and the bias of unit i , and ’ ( x ) is an analog thresholding function: ’ ( x ) = � x if x > 0 0 if x < = 0 : (2) The activities of units in AAM are reset when a new input is giv en; i.e., s i (0) = 0. As men tioned in Sec. 2.2, the patterns sho wn in Fig. 2 can b e regarded as one-dimensional v ectors. Their ith elemen t (bit) corresp onds to unit i of AAM and the v alue of the ith bit equals to the activit y s i ( k ) at stable state. Since the basic function of AAM is the pattern segmen tation, a p ositiv e bias b in (1) has to b e in tro duced in to AAM to enable pattern reco v ery . By setting a p ositiv e bias b , all units of AAM are initially with p ositiv e activities. When a single pattern (e.g., \0" as sho wn in Fig. 2) with some de�cien t 1-bits is giv en, for the 1-bits that exist, the corresp onding units of AAM will initially ha v e large p ositiv e activit y c + b (see Eq. (1)) and for all other bits including the 1- bits that are de�cien t, the corresp onding units of AAM will initially ha v e small but non-zero (p ositiv e) v alues b . That is, w e can equiv alen tly regard that all bits of the pattern including the part to b e reco v ered and its bac kground are non-zero, but the bias b of AAM is zero instead. T o reco v er a pattern (e.g., \0") is th us p erformed b y separating it from its bac kground. As a result, the complete pattern (e.g., \0"), in whic h the 1- bits that originally exist ha v e large p ositiv e v alues c + b , the de�cien t 1-bits ha v e small p ositiv e v alues b , and the remaining bits with v alue zero, can b e obtained. On the other hand, if bias b is set to zero, the units of AAM corresp onding to the 1-bits that are de�cien t are alw a ys with activit y zero and the de�cien t \1-bits" cannot b e reco v ered. The auto-connection w eigh t w ii ( k ) c hanges adap- tiv ely to reduce the recall of spurious memories and to sp eed up the recall time (see details in Ref. [16]). Sp eci�cally , it c hanges according to the activities of the other units j ( j j = i ) that are w eigh ted with the corresp onding inhibitory connections: w ii ( k ) = � X j j = i w j i ( s j ( k )) ; (3) where � is a p ositiv e co e�cien t called adaptiv e w eigh t and ( x ) is a binary thresholding function: ( x ) = � 1 if x > 0 0 if x < = 0 : (4) Since the activities of units in AAM are reset when a new input is giv en, the auto-connection w eigh t w ii (0) is therefore also reset b y (3). The w eigh t of inhibitory connection w j i is decided at the learning phase according to the follo wing one- shot learning algorithm: (i) Initially , w j i = W for all i and j ( i j = j ), where W > 0 (ii) When a learning pattern is presen ted, w j i = � 0 if P i � P j > 0 w j i if P i � P j = 0 : ( L � 1) F rom ( L � 1) w e can see that inhibitory connections are symmetric; i.e., w ij = w j i . After the learning phase, the auto correlations of the learned patterns are formed b y the inhibitory connections that ha v e disapp eared. In other w ords, the inhibitions b et w een the 1-bits in the same learned pattern are remo v ed, but those b et w een 1-bits in di�eren t learned patterns remain in tact. Th us, if a de�cien t comp osite pattern (see Fig. 2 for example) is input, the patterns constituting the input (\0" and \1" in this example) comp ete for surviv al via the in tact inhibitory connections, w j i . One pattern (\1" in this example) �nally wins and is recalled. More strictly , w e ha v e the follo wing corollary deriv ed in [16]. Cor ol lary 1: (a) When a single stored (learned) pattern is input, the input itself app ears as a stable state; i.e., the input itself is recalled. (b) When a com- p osite pattern is input, an AAM can reac h a stable state (recall a pattern) in whic h there are no inhibi- tions among the 1-bits.

MA and ISAHARA: ASSOCIA TIVE SEMANTIC MEMOR Y CAP ABLE OF F AST INFERENCE ON CONCEPTUAL HIERAR CHIES 5 Actually , the recalled pattern describ ed in Cor ol- lary 1 is most probably a single stored pattern; i.e., spurious memories are rarely recalled. The probabil- it y that no spurious memories are recalled is 1 b y the follo wing corollary whic h w as also deriv ed in [16]. Cor ol lary 2: When M patterns, P ( X 1 ) , P ( X 2 ) , � � � , P ( X M ) , are stored, for an y comp osite input, a su�cien t condition to guaran tee that the desired patterns are recalled (i.e., no spurious memories are recalled) is as follo ws: for P ( A ) 2 f P ( X 1 ) ; P ( X 2 ) ; � � � ; P ( X M ) g ; 9 i 2 P ( A ) suc h that Y j 2 P ( B ) w ij j = 0 : ( C � 1) Here, a pattern P is regarded as a set of su�x n um- b ers (e.g., i and j ) whose bits are with v alue one and P ( B ) = S M l =1 P ( X l ) � P ( A ) . This ( C � 1) means that a 1-bit i should exist in eac h pattern P ( A ) suc h that all the inhibitory connections b et w een the 1-bit i and the 1-bits of an y other stored pattern are non-zero after learning. By suppressing the comp etitiv e strength of the cur- ren tly recalled pattern (\1" in the example sho wn in Fig. 2), the next pattern (\0" in this example) can b e recalled. Suppression is done b y a readout con trol unit, R C U i , attac hed to eac h unit of AAM (not sho wn in Fig. 3, but sho wn in Ref. [16]). Note that once a pattern is recalled, the same pattern will not b e recalled again. In comp etitiv e pro cess, b ecause eac h unit has a p ositiv e self-lo op (the �rst terms in (1) and (3)), the more inhibitions receiv ed b y an AAM unit, the stronger the unit will b ecome. W e can th us easily obtain the fol- lo wing corollary , whic h is closely related to the presen t w ork. Cor ol lary 3: Supp osing that all the stored patterns satisfy ( C � 1), among the stored patterns in comp eti- tion, the one that has a 1-bit receiving the most inhibi- tions from other patterns will win the comp etition (b e recalled �rst). It should b e noted that AAM itself has high p er- formance for pattern segmen tation and reco v ery ev en if ( C � 1) is not satis�ed. Ho w ev er, to construct a mo del of seman tic net w ork that can p erform inference p erfectly , the stored patterns m ust b e enco ded to satisfy ( C � 1). 4. Asso ciativ e seman tic memory (ASM) 4.1 Arc hitecture Our prop osed ASM (Fig. 4) comprises an enco der, a deco der, and a single adaptiv e asso ciativ e memory (AAM), whic h is divided in to three parts: CON, PR OP , and V AL. The states of these three parts are used to represen t concept, prop ert y , and v alue of triples. Within CON, w e assume that there are no inhibitory Fig. 4 Structure of ASM. connections b et w een units. Besides this constrain t, the units in the three parts are connected with eac h other: not only within PR OP and V AL, but also b e- t w een all three parts. As sho wn in Fig. 4, the out- put (stable state) of AAM ( P O P T = patter n ( c o ; p o ; v o )) is fed bac k to the enco der; patter n ( c o ), patter n ( p o ), and patter n ( v o ) are the stable states of CON, PR OP , and V AL, resp ectiv ely . The enco der initially transforms sym b olic input lik e ( c; p; ?) in to spatial pattern P I = patter n ( c; p; #). Then, it further com bines P I with the output of AAM, if it exists, to form an input to AAM, i.e., P I P T = P I + P O P T = patter n ( c + c o ; p + p o ; v o ). Th us, patter n ( c + c o ), patter n ( p + p o ), and patter n ( v o ) are giv en to CON, PR OP , and V AL, resp ectiv ely . In the same w a y , for recognition problem ( ?, p 1 , v 1 ) & ( ?, p 2 , v 2 ) & � � � & ( ?, p m , v m ), the input to AAM will b e P I P T = patter n ( c o ; P m i =1 p i + p o ; P m i =1 v i + v o ). Note that b efore AAM �rst reac hes a stable state, there is no output from AAM, i.e., P O P T = patter n ( c o ; p o ; v o ) = #. On the other hand, the deco der extracts subpattern patter n ( v o ) or patter n ( c o ) corresp onding to the kind of problems (inheritance or recognition inference) from output P O P T of AAM and transforms it in to sym b olics

6 IEICE TRANS. INF ORMA TION AND SYSTEM, V OL. E??{D, NO. 6 JUNE 1998 represen ting the solution. Wishfully , the enco der and deco der are exp ected to b e automatically constructed in the sense of self-�nding the rules for enco ding con- cepts in hierarc h y , using self-organization tec hniques. In this pap er, ho w ev er, they are b oth assumed to exist and their mo delings are left as a future w ork. ASM has b een designed to giv e an answ er through at most t w o stages (i.e., AAM will at most do t w o se- quen tial recalls or t wice reac h the stable state). A t the �rst stage, bias b of the AAM in Eq. (1) is set to a p os- itiv e v alue so that b oth pattern reco v ery and pattern segmen tation are p ossible. The input to AAM is sim- ply the pattern transformed from the sym b olic input, i.e., P I P T = P I . F or this input, AAM will reac h stable state P O P T 1 through sev eral steps. If P O P T 1 � = P I P T , ASM will not to pro ceed to the second stage and deco de P O P T 1 to obtain a sym b olic answ er. Otherwise, ASM will pro ceed to the second stage. The input to AAM is the pattern comp osed of the pattern transformed from the sym b olic input and the output of AAM obtained at the �rst stage, i.e., P I P T = P I + P O P T 1 . Bias b of the AAM in Eq. (1) is set to 0 so that only pattern segmen- tation is p ossible, i.e., only the subpattern of P I P T can b e recalled. Th us, at the second stage, AAM will reac h another stable state, P O P T 2 , whic h will b e deco ded to obtain a �nal answ er. Note that P O P T 1 and P O P T 2 are sequen tially recalled patterns, and P O P T 2 is therefore di�eren t than P O P T 1 (see details in [16]). 4.2 Enco ding and storing of conceptual hierarc hies T o mak e ASM b eha v e as exp ected, sp ecial enco d- ing for conceptual hierarc hies is needed. T o repre- sen t hierarc hical relationships b et w een concepts, sim- ilar to Hin ton’s net w ork, the concepts in the hierar- c hical relationships are enco ded as patterns with in- clusion relations. The concepts in the same lev els (i.e., the concepts ro oted in one ancestor) are en- co ded in to patterns that satisfy ( C � 1) and ha v e the same n um b er of 1-bits so that whic hev er pattern wins the comp etition �rst is not a�ected b y the struc- ture of the pattern itself. If w e consider the concep- tual hierarc h y in Fig. 1, for example, E l ephant ma y b e enco ded in patter n ( E l ephant ) = (1 ; 0 ; 0 ; 0), T ig er ma y b e enco ded in patter n ( T ig er ) = (0 ; 1 ; 0 ; 0), and their ancestor, M ammal , ma y therefore b e enco ded in patter n ( M ammal ) = (1 ; 1 ; 0 ; 0), whic h consists of b oth patter n ( E l ephant ) and patter n ( T ig er ). All prop erties and v alues are also resp ectiv ely enco ded in to patterns that satisfy ( C � 1), and the n um b ers for the 1-bits in these patterns are set the same; a simplest w a y is to, resp ectiv ely , use one 1-bit to represen t one prop ert y and v alue. Note that b ecause the concepts, prop erties, and v alues are enco ded indep enden tly , the enco dings for the three elemen ts are not a�ected with eac h other and it is not di�cult to enco de a large-scale concep- tual hierarc h y . Needless to sa y , these sp ecial enco dings destro y ed the real connectionist sense. By in tro ducing suc h sym b olic enco ding in a connectionist system, ho w- ev er, the inference can b e p erformed p erfectly and the time required do es not increase with the size of concep- tual hierarc h y . This cannot b e done b y purely sym b olic metho ds or previous connectionist systems. By using suc h enco ding metho ds, a conceptual hi- erarc h y can b e stored in ASM b y simply learning a set of patterns for triples ( c i ; p ij ; v ij ), in whic h ( p ij ; v ij ) is the j th pair of a prop ert y and its v alue attac hed to the no de for the ith concept c i (e.g., ( Elephant, fe e ding habits, herbivor ous ) in Fig. 1). By assuming no con- nections among units in CON and the sp ecial enco ding describ ed ab o v e, it can easily b e kno wn that for an y stored pattern patter n ( c; p; v ), the 1-bits in patter n ( p ) and patter n ( v ) will alw a ys ha v e a larger, or at least the same, n um b er of inhibitory connections (with the 1-bits in other stored patterns) than the 1-bits in patter n ( c ). Th us, from Cor ol lary 3 w e can further obtain the fol- lo wing corollary . Cor ol lary 4: When l patterns P i = patter n ( c i ; p i ; v i ) (1 < = i < = l ) stored in ASM are in comp etition, pattern P h (1 < = h < = l ) will b e recalled �rst if and only if its subpattern patter n ( p h ) or patter n ( v h ) has a 1-bit that receiv es the most inhibitions compared to the other l � 1 subpatterns, patter n ( p i ) and patter n ( v i ) ( i j = h ), without taking accoun t of patter n ( c i ) (1 < = i < = l ). 4.3 Inheritance inference In this subsection w e use a general analysis case to sho w that ASM can correctly p erform inheritance inference via pattern segmen tation and reco v ery . The inference problems handled in this and the next subsections are assumed to b e solv able using ASM’s kno wledge, i.e., the answ er can b e uniquely determined from input b y using the conceptual hierarc h y stored in ASM. The unknown , clashing , and ambiguous problems will b e describ ed in Sec. 4.5. F or inheritance problem ( c; p; ?) w e supp ose v to b e the correct solution. A t the �rst stage, the pattern in- put to AAM is P I P T = P I = patter n ( c; p; #), and b oth pattern reco v ery and pattern segmen tation are p ossi- ble. When solution v is not an exception to prop ert y inheritance, there is a pattern [sho wn in (5)] stored in ASM that includes input pattern P I P T : patter n ( c; p; v ) or patter n ( c 0 ; p; v ) ; (5) where c 0 is c ’s ancestor, i.e., patter n ( c 0 ) � = patter n ( c ). On the other hand, when solution v is an exception to prop ert y inheritance, there are t w o patterns [sho wn in (6)] stored in ASM that include input pattern P I P T : patter n ( c; p; v ) and patter n ( c 0 ; p; v 0 ) ; (6) where c 0 is c ’s ancestor and v j = v 0 . In general, w e can assume that in the conceptual hierarc h y there are fur-

MA and ISAHARA: ASSOCIA TIVE SEMANTIC MEMOR Y CAP ABLE OF F AST INFERENCE ON CONCEPTUAL HIERAR CHIES 7 ther m concepts, c 1 ; � � � ; c m ( m > = 0), that satisfy the follo wing conditions: � they are c 0 ’s ancestors, i.e., patter n ( c i ) � = patter n ( c 0 ) for i = 1 ; � � � ; m ; � they are in hierarc hical relationships, i.e., patter n ( c i ) � = patter n ( c j ) for i < j and i; j = 1 ; � � � ; m ; � they ha v e di�eren t v alues v i in prop ert y p , i.e., all v i ( i = 0 ; � � � ; m � 1) are exceptions in prop ert y inheritance. Th us, there are additional m patterns [sho wn in (7)] also stored in ASM that include input pattern P I P T : patter n ( c i ; p; v i ) ; i = 1 ; � � � ; m: (7) The patterns in (5) and (7), or in (6) and (7), comp ete with eac h other when patter n ( c; p; #) is giv en. L emma 1: When the patterns in (5) and (7), or in (6) and (7), comp ete with eac h other, in b oth cases the pattern that has v alue v , i.e., patter n ( c; p; v ) or patter n ( c 0 ; p; v ) in (5), or patter n ( c; p; v ) in (6), is re- called �rst. Pr o of: App endix A . The correct solution v can th us b e obtained. Be- cause the recalled pattern of the triple includes the in- put pattern, ASM stops pro cessing at the �rst stage. Let us assume the conceptual hierarc h y sho wn in Fig. 1 is stored in ASM. F or the ( T ig er , motil ity , ?) problem, i.e., P I P T = ( T ig er ; motil ity ; #), for example, b ecause the only pattern stored in ASM that includes the input pattern is patter n ( M ammal , motil ity , r unning ), this pattern can b e regarded as patter n ( c 0 ; p; v ) in (5). Th us, this pat- tern is recalled �rst b y L emma 1 . That is, P O P T 1 = patter n ( M ammal ; motil ity ; r unning ). Be- cause P O P T 1 � = P I P T , whic h means that the input pat- tern has b een reco v ered p erfectly , it is therefore not needed to pro ceed to the second stage. Th us, v (= r unning ) can b e obtained as the solution. On the other hand, for the problem ( P eng uin; motil ity ; ?), i.e., P I P T = patter n ( P eng uin; motil ity ; #), where not y- ing is the exception solution, for example, only t w o patterns, patter n ( P eng uin; motil ity ; not f l y ing ) and patter n ( B ir d , motil ity , f l y ing ), stored in ASM in- clude the input pattern. These t w o patterns therefore can b e regarded, resp ectiv ely , as patter n ( c; p; v ) and patter n ( c 0 ; p; v 0 ) in (6), where c = P eng uin , c 0 = B ir d , p = motil ity , v = not f l y ing , and v 0 = f l y ing , By L emma 1 , patter n ( c; p; v ) is recalled �rst. That is, P O P T 1 = patter n ( P eng uin; motil ity ; not f l y ing ). Because P O P T 1 � = P I P T , whic h means that the input pattern has b een reco v ered p erfectly , it is therefore not needed to pro ceed to the second stage. Th us, v (= not f l y ing ) can b e obtained as the solution. 4.4 Recognition inference In this subsection w e giv e a general analysis case to sho w that ASM can correctly p erform recognition in- ference via pattern segmen tation and reco v ery . F or a solv able recognition inference problem, (? ; p 1 ; v 1 ) & (? ; p 2 ; v 2 ) & � � � & (? ; p m ; v m ) ( m > = 1), w e assume c to b e the correct solution that has all the giv en ( p i ; v i ) for i = 1 ; � � � ; m . A t the �rst stage, the input to AAM is P I P T = P I = patter n (# ; P m i =1 p i ; P m i =1 v i ) and b oth pattern reco v ery and pattern segmen tation are p ossible. In general the patterns for triples stored in ASM that resp ectiv ely include patter n ( p i ; v i ) ( i = 1 ; � � � ; m ) can b e written as follo ws: patter n ( f c; S i g ; p i ; v i ) ; i = 1 ; � � � ; m; (8) where f c; S i g is the set of concepts that ha v e ( p i ; v i ). S i is the subset excluding c , and patter n ( f c; S i g ) = patter n ( c ) + patter n ( S i ). All patterns included in (8) comp ete with eac h other when the problem is giv en, and one of them will b e recalled via pattern segmen ta- tion and pattern reco v ery . Without loss of generalit y , w e can assume this pattern is patter n ( f c; S 1 g ; p 1 ; v 1 ) (= P O P T 1 ). Because P O P T 1 � = P I P T do es not hold, ASM pro ceeds to the second stage, where the input to AAM is P I P T = P I + P O P T 1 = patter n ( f c; S 1 g , P m i =1 p i , P m i =1 v i ) and only pattern segmen tation is p ossible, i.e., only a subpattern of P I P T can b e recalled. L emma 2: F or P I P T = patter n ( f c; S 1 g , P m i =1 p i , P m i =1 v i ) at the second stage (i.e., only pattern seg- men tation is p ossible and ( f c; S 1 g ; p 1 ; v 1 ) w as recalled at the �rst stage), a pattern that has the single concept c , i.e., patter n ( c; p x ; v x ) ( x j = 1) is recalled �rst. Pr o of: App endix B . The correct solution c can th us b e obtained. Let us assume the conceptual hierarc h y sho wn in Fig. 1 is stored in ASM. F or the recognition problem (?, motility, running) & (?, sp e e d, fast) , for example, only t w o patterns, patter n ( f M ammal ; E l ephant; T ig er g , motil ity , r unning ) and patter n ( f T ig er ; S w al l ow g , speed , f ast ), in ASM include the pattern for eac h clue, resp ectiv ely . By matc hing the t w o patterns with those sho wn in (8), they can, resp ectiv ely , b e rewritten as patter n ( f c; S 1 g ; p 1 ; v 1 ) and patter n ( f c; S 2 g ; p 2 ; v 2 ), where c = T ig er , S 1 = f M ammal ; E l ephant g , S 2 = S w al l ow , ( p 1 ; v 1 ) = ( motil ity ; r unning ), and ( p 2 ; v 2 ) = ( speed; f ast ). Th us, c (= T ig er ) can b e obtained as the solution. 4.5 Unkno wn, clashing, and am biguous problems Besides the solv able problems that w ere describ ed in Sec. 4.3 and 4.4, there are also problems that can- not b e solv ed using existing kno wledge ( unknown pr ob- lems ), problems in whic h the giv en clues are insu�cien t to pro vide unique answ ers ( ambiguous pr oblems ), and problems in whic h the giv en clues con ict with eac h

8 IEICE TRANS. INF ORMA TION AND SYSTEM, V OL. E??{D, NO. 6 JUNE 1998 other ( clashing pr oblems ). In this subsection w e sho w ho w ASM rejects unkno wn and clashing problems b y outputting a n ull pattern and giv es am biguous answ ers to am biguous problems b y outputting a pattern con- sisting of sev eral solutions. F or unkno wn inheritance problem ( c; p; ?), i.e., P I = patter n ( c; p; #), there are no patterns for triples that include P I and are stored in ASM. But there are patterns for triples that only include c or p instead, pro vided that all individual concepts, prop erties, and v alues giv en b y suc h a problem are kno wn ones, i.e., they app ear in the stored conceptual hierarc h y . These patterns comp ete with eac h other and one of them is recalled. Note that if a problem includes unkno wn con- cepts, prop erties, or v alues, it is rejected in the enco d- ing stage. Without loss of generalit y , w e can assume the pattern, P O P T 1 , recalled at the �rst stage is: patter n ( c oth ; p; v oth 1 ) or patter n ( c; p oth ; v oth 2 ) ; (9) where patter n ( c oth ) � = pater n ( c ) do es not hold, p j = p oth , and v oth 1 and v oth 2 are, resp ectiv ely , the v alues of p and p oth . Because P O P T 1 � = P I do es not hold, ASM pro ceeds to the second stage where P I P T = P I + P O P T 1 = patter n ( c + c oth ; p; v oth 1 ) or patter n ( c; p + p oth ; v oth 2 ) and only pattern segmen tation is p ossible, i.e., only a subpattern of P I P T can b e recalled. L emma 3: If P I P T = patter n ( c + c oth ; p; v oth 1 ) or P I P T = patter n ( c; p + p oth ; v oth 2 ) at the second stage, patter n ( c; # ; #) or patter n (# ; p; #) is recalled. Pr o of: App endix C . The obtained pattern for solution (v alue) is there- fore n ull. F or unkno wn recognition problem (? ; p 1 ; v 1 ) & (? ; p 2 ; v 2 ) & � � � & (? ; p m ; v m ) ( m > = 1), i.e., P I = patter n (# ; P m i =1 p i ; P m i =1 v i ), there are no concepts ha ving all the giv en ( p i ; v i ) ( i = 1 ; � � � ; m ) in the stored conceptual hierarc h y . The same as the analysis in Sec. 4.4, at the �rst stage, a pattern, P O P T 1 , in- cluding one of the giv en ( p i ; v i ) ( i = 1 ; � � � ; m ) will b e recalled. Without loss of generalit y , w e can as- sume P O P T 1 = patter n ( c 1 ; p 1 ; v 1 ), where c 1 ma y b e a single concept or a set of concepts. Th us, at the second stage, the input is P I + P O P T 1 = patter n ( c 1 , P m i =1 p i , P m i =1 v i ). Because the problem is unkno wn, without loss of generalit y w e can assume that ( p i ; v i ) for i = 1 ; � � � ; l (1 < = l < m ) are held b y c 1 , whereas ( p i ; v i ) for i = l + 1 ; � � � ; m are not held b y c 1 . This means the follo wing learned patterns comp ete with eac h other: patter n ( c 1 ; p i ; v i ) ; i = 1 ; � � � ; l ; (10) and patter n (# ; p i ; v i ) ; i = l + 1 ; � � � ; m: (11) Because the patterns of (11) receiv e inhibitions from patter n ( c 1 ), whereas those of (10) do not, one of the patterns of (11) will b e recalled (segmen ted) b y Cor ol- lary 4 . Consequen tly , the obtained pattern for the so- lution (concept) is n ull. F or clashing problem (? ; p 1 ; v 1 ) & (? ; p 2 ; v 2 ) & � � � & (? ; p m ; v m ) ( m > = 1), where at least t w o prop erties p i and p j ( i j = j ), exist suc h that p i = p j but v i j = v j , there is clearly no concept that can hold all the giv en ( p i ; v i ) ( i = 1 ; � � � ; m ). These kinds of problems can therefore b e regarded as a sp ecial case of the unkno wn recognition problem. Th us, the obtained pattern for a solution (concept) is also n ull. F or am biguous problem (? ; p 1 ; v 1 ) & (? ; p 2 ; v 2 ) & � � � & (? ; p m ; v m ) ( m > = 1), there is more than one concept c 1 ; � � � ; c l ( l > = 2) ha ving all the giv en ( p i ; v i ) ( i = 1 ; � � � ; m ). If w e in tro duce denotation c to express the set f c 1 ; � � � ; c l g , then the same as the analysis in Sec. 4.4, patter n ( c ) will b e obtained as a �nal solu- tion (concept). Because the c consists of more than one concept, c 1 ; � � � ; c l ( l > = 2), the answ er is am biguous. 4.6 Computation time for inference According to Ref. [14], the computation time for pat- tern segmen tation and reco v ery of AAM tends to b e sub-linearly prop ortional to the n um b er of patterns in comp etition. Because ASM mak es inference b y pat- tern segmen tation and reco v ery , the computation time for inference therefore tends to b e sub-linearly prop or- tional to the n um b er of patterns in comp etition. F or most inheritance inference problems, b ecause the pat- terns sho wn in (7) do not exist, and only at most t w o patterns are in comp etition as sho wn in (5) and (6), the computation time do es not v ary with the size of the conceptual hierarc hies. Similarly , for the recognition in- ference problem, the n um b er of patterns in comp etition only dep ends on the input complexit y (i.e., the n um b er of giv en clues, or, the n um b er of giv en pairs of prop er- ties and v alues), as sho wn in (8). Therefore, the compu- tation time for recognition problems do es not v ary with the size of the conceptual hierarc h y and is sub-linearly prop ortional to the input complexit y . Ev en for those rare inheritance inference problems in whic h the pat- terns sho wn in (7) do exist, b ecause m + 2 < = D , where D is the depth of (i.e., the n um b er of lev els in) the con- ceptual hierarc h y , the computation time for suc h prob- lems is at most sub-linearly prop ortional to the depth of the conceptual hierarc h y . 4.7 Flexibilit y In ASM, mo difying the kno wledge is v ery easy . Adding a new triple, suc h as (Elephant, b o dy, lar ge) , is done using one-shot relearning according to ( L � 1) with- out the need to relearn the en tire conceptual hierar- c h y . Deleting triple ( c; p; v ) is also done using one-shot relearning b y restoring the inhibitory connections b e-

MA and ISAHARA: ASSOCIA TIVE SEMANTIC MEMOR Y CAP ABLE OF F AST INFERENCE ON CONCEPTUAL HIERAR CHIES 9 t w een patter n ( c ) and patter n ( v ). The relearning algo- rithm for deletion can b e written as follo ws: When the pattern of the triple to b e deleted is presen ted, for an y units i and j whic h are in parts CON and V AL, resp ectiv ely , w j i = � W if P i � P j > 0 w j i if P i � P j = 0, ( L � 2) where W is an initial v alue that is the same as that of ( L � 1). Note that to delete triple ( c; p; v ), the in- hibitory connections b et w een CON and PR OP (i.e., b e- t w een patter n ( c ) and patter n ( p )) and b et w een PR OP and V AL (i.e., b et w een patter n ( p ) and patter n ( v )) can- not b e restored. Otherwise, the patterns of other triples that include ( c; p ) or ( p; v ) and that are also stored in ASM will b e destro y ed. Note that the learning algo- rithm ( L � 1) and the deleting algorithm ( L � 2) are not symmetry . In tuitiv ely , the deleting algorithm ( L � 2) can b e comprehended as one that cuts the link b et w een concept and v alue in the lo op-train of concept, prop- ert y , and v alue so that the triple cannot b e recalled no more as a whole. ASM also has a generalizing abilit y . Assum- ing c 1 ; � � � ; c n to b e the concepts ro oted to c 0 , w e ha v e patter n ( c 0 ) = P n i =1 patter n ( c i ). If new prop- ert y ( p new ; v new ) is added to c 1 ; � � � ; c n , b y ( L � 1) the inhibitory connections b et w een ( p new ; v new ) and patter n ( c i ) for i = 1 ; � � � ; n are remo v ed, whic h means that those b et w een ( p new ; v new ) and patter n ( c 0 ) are also remo v ed. As a result, ancestor c 0 will acquire the new prop ert y ( p new ; v new ) automatically . If a new prop ert y , (nutritive sour c e, or ganic matter) , is added to Mam- mal , Fish , and Bir d in Fig. 1, for example, then their ancestor, A nimal , will automatically obtain this new prop ert y . Needless to sa y , there are also demerits in ASM caused b y the one-shot learning algorithm under trade o� with its merits as describ ed ab o v e. Because the w eigh ts learned b y this algorithm are binary , i.e., they tak e 0 or a �xed p ositiv e v alue, for example, ASM can- not deal with probabilistic represen tations whic h are also needed in handling real-w orld problems. 5. Computer Sim ulations T o con�rm whether ASM b eha v es as exp ected in solv- ing inference problems and to ev aluate ho w fast it p er- forms inference, w e conducted t w o kinds of computer exp erimen ts. The parameters w e used w ere as follo ws. Adaptiv e w eigh t � w as set to 1.2, and bias b (at the �rst stage) w as set to 1.0. Connecting co e�cien t c w as set to 19, to whic h a random v alue from 0 to 0.00001 w as added. The random v alue w as set as small as p ossible so that it w ould not bias the comp etitiv e p o w er of eac h pattern in comp etition. Initial w eigh t W w as set to 20, and the gain of R CU, W R I , w as set to the same v alue as W . T o prev en t the units of AAM from b eing to o large b efore AAM reac hed a stable state, units s i w ere assumed to ha v e a saturation v alue of 10. All units s i w ere normalized b y this v alue at eac h step. 5.1 Beha vior of ASM This exp erimen t w as conducted to con�rm whether ASM b eha v es as exp ected, using the conceptual hi- erarc h y sho wn in Fig. 1 as an example. The results sho w ed that for all solv able inheritance and recogni- tion problems, no matter whether there are exceptions or not, correct answ ers can alw a ys b e obtained. F or the problem ( S w al l ow ; motil ity ; ?), the answ er f l y ing and for the problem ( P eng uin; motil ity ; ?), the an- sw er not f l y ing , for example, w ere obtained. Also, for the problem (?, r espir ation, pulmonary r espir ation) & (? ; motil ity ; r unning ) & (? ; speed; f ast ), for exam- ple, the answ er T ig er w ere obtained. On the other hand, for unkno wn or clashing problems, the obtained solutions are alw a ys n ull. When an unkno wn problem, e.g., ( P eng uin; speed; ?), or a clashing problem, e.g., (?, r espir ation, pulmonary r espir ation) & (?, r espir ation, br anchial r espir ation) , w as giv en, the obtained pattern for solution (v alue or concept) w as n ull and the sym- b olic answ er w as th us n ull. F or am biguous problems, the answ ers w ere alw a ys am biguous. F or the am bigu- ous problem (?, r espir ation, pulmonary r espir ation) & (?, sp e e d, fast) , for example, a comp osite pattern com- p osed of the patterns for T ig er and for S w al l ow w as obtained, and a sym b olic answ er that included b oth T ig er and S w al l ow w as th us obtained. The n um b er of computation steps needed to obtain the answ er de- p ended on b oth the t yp e of problem and its complex- it y . It w as smaller than 20 for all problems w e tested. Our exp erimen ts also con�rmed the ease of mo di�cation (i.e., adding and deleting kno wledge b y using one-shot relearning) and the generalizing abilit y (i.e., if a new prop ert y is added to all concepts ro oted in an ancestor, then this ancestor acquires the new prop ert y automat- ically). 5.2 Computation time of ASM This exp erimen t w as conducted to ev aluate ho w quic kly the ASM p erforms inference. It consisted of t w o sub- exp erimen ts: Exp eriment I w as p erformed to examine the relationship b et w een the inference time and the size of the conceptual hierarc h y and Exp eriment II w as p er- formed to examine the relationship b et w een the infer- ence time and the input complexit y . In Exp eriment I , a conceptual hierarc h y with �v e la y ers in whic h the n um b er of concepts w as v ariable w as used. As an initial structure, the ro ot concept (the concept at the top la y er) had t w o branc hes and the concepts from the 2nd through the 4th la y er had

10 IEICE TRANS. INF ORMA TION AND SYSTEM, V OL. E??{D, NO. 6 JUNE 1998 Fig. 5 Relationship b et w een inference time and size of conceptual hierarc h y . Fig. 6 Relationship b et w een inference time and the input complexit y . one branc h eac h. Eac h concept had only one pair of prop ert y and v alue. Th us, there w ere a total of nine concepts and therefore nine triples to b e learned in the initial structure. The conceptual hierarc h y w as then expanded gradually . First, the n um b er of branc hes for eac h concept in the 4th, 3rd, and 2nd la y er w as in- creased to t w o in order. Th us, the total n um b er of concepts w as increased to 11, 17, and 31 from 9 in or- der. The n um b er of branc hes for eac h concept in the 4th la y er w as increased from t w o to eigh t in incremen ts of t w o, the n um b er of branc hes for eac h concept in the 3rd la y er w as increased from t w o to six in incremen ts of t w o, and the n um b er of branc hes for eac h concept in the 2nd la y er w as increased to four in incremen ts of one in order. Th us, the total n um b er of concepts w as further increased to 47, 63, 79, 151, 223, 333, and 443 from 31 in order. F or eac h of these cases, �v e prob- lems ( c; p; ?), where c w as a randomly selected concept from the 5th la y er and p w as a prop ert y lo cated in the ro ot concept, w ere solv ed to obtain an a v erage compu- tation time for inheritance inference. Also, for eac h of these cases, �v e problems (? ; p 1 ; v 1 )&(? ; p 2 ; v 2 ), where ( p 1 ; v 1 ) w as randomly selected from those in the con- cepts lo cated in the 5th la y er and ( p 2 ; v 2 ) w as randomly selected from those in the concepts lo cated in the 4th la y er, w ere solv ed to obtain an a v erage computation time for recognition inference. As sho wn in Fig. 5, the time required to compute b oth inheritance and recog- nition inference w as nearly una�ected b y the size of the conceptual hierarc h y . Because the recognition inference requires t w o pro cessing stages, it to ok longer than in- heritance inference. In Exp eriment II , a conceptual hierarc h y that had the same structure as that used in Exp eriment I and with the maxim um of 443 concepts w as used. Ho w ev er, the n um b er and lo cation of the prop erties and their v alues w ere di�eren t. In this exp erimen t, the prop er- ties and v alues w ere lo cated only on concepts selected as follo ws: 1) for eac h la y er only one concept w as se- lected and 2) all the selected concepts w ere in one train, i.e., w ere in a hierarc hical relationship. F or eac h of the selected concepts, 20 di�eren t prop erties and v al- ues w ere lo cated. Recognition problems that had m pairs of prop erties and v alues w ere solv ed; m w as ini- tially set to 1, then increased un til it reac hed 100 in incremen ts of 1 when m < = 5, in incremen ts of 5 when 5 < m < = 20, and in incremen ts of 10 when m > 20 in order. The prop erties and v alues w ere selected from the stored conceptual hierarc h y as follo ws: those lo cated in the ro ot concept w ere used �rst when m < = 20, and then

MA and ISAHARA: ASSOCIA TIVE SEMANTIC MEMOR Y CAP ABLE OF F AST INFERENCE ON CONCEPTUAL HIERAR CHIES 11 those lo cated in the concepts of the 2nd, 3rd, and 4th la y ers w ere used in order with increasing m . As sho wn in Fig. 6, the computation time for inference tended to b e sub-linearly prop ortional to the input complexit y . 6. Conclusion W e ha v e demonstrated that the adaptiv e asso ciativ e memory can b e used to construct a new mo del of se- man tic net w orks. The main feature of the prop osed mo del is its computational e�ectiv eness whic h is an im- p ortan t issue in kno wledge represen tation; it can do in- ference based on large conceptual hierarc hies extremely fast|in time that do es not increase with the size of conceptual hierarc hies. This p erformance cannot b e re- alized b y an y existing mo dels. By this w ork, it has b een v eri�ed that not only pro cedural kno wledge, whic h has b een treated in the previous studies, but also seman- tic kno wledge can b e w ell represen ted within the same framew ork of the asso ciativ e memories that can do one- to-man y asso ciation or pattern segmen tation. Suc h as- so ciativ e memories can therefore b e regarded as an es- sen tial mo dule of cognitiv e systems. By memorizing domain sp eci�c seman tic and pro cedural kno wledge in suc h asso ciativ e memories, it can b e exp ected that a computationally e�ectiv e mo del to address v arious cog- nitiv e pro cesses suc h as problem-solving and language understanding can b e constructed. References [1] D. G. Bobro w and T. Winogard, \An o v erview of KRL: a kno wledge represen tation language," Co gnitive Scienc e , 1(1), pp. 3-46, 1977. [2] R. J. Brac hman and J. Sc hmolze, \An o v erview of KL-ONE kno wledge represen tation system," Co gnitive Scienc e , 9(2), pp. 171-216, 1985. [3] R. L. Chapman, \Roget’s in ternational thesaurus, Fifth Edition, Harp erP ernnial," A division of Harp erCollins Pub- lishers, 1992 [4] M. Derthik, \A connectionist arc hitecture for represen ta- tion and reasoning ab out structured kno wledge," Pr o c. Co g- nitive Scienc e Confer enc e, 1987. [5] S. E. F ahlman, \Represen ting implicit kno wledge," In G. E. Hin ton & J. A. Anderson (Eds), Par al lel mo dels of as- so ciative memory, La wrence Erlbaum, 1989. [6] J. Geller, \Adv anced up date op erations in massiv ely paral- lel kno wledge representation," In H. Kitano & J.A. Hendler (Eds), Massively p ar al lel arti�cial intel ligenc e, Cam bridge, MA, AAAI Press/MIP Press, 1994. [7] M. H. Hassoun, \Asso ciativ e Neural Memories{Theory and Implemen tation," Oxford Univ ersit y Press, 1993. [8] Y. Hirai, \Represen tation of pro cedural kno wledge b y a mo del of h uman asso ciativ e pro cessor, HASP ," T r ans. IECE of Jap an , J69-D, pp. 1743-1753, 1986 (in Japanese). [9] Y. Hirai, \Represen tation of con trol structures b y a mo del of asso ciativ e pro cessor, HASP ," Pr o c. 1st A nnual Inter- national Confer enc e on Neur al Networks , pp. I I-447-454, 1987. [10] Y. Hirai and Q. Ma, \Mo deling the pro cess of problem- solving b y asso ciativ e net w orks capable of impro ving the p erformance," Biol. Cyb ern. , v ol. 59, pp. 353-365, 1988. [11] G. E. Hin ton, \Implemen ting seman tic net w orks in paral- lel hardw are," In G. E. Hin ton & J. A. Anderson (Eds), Par al lel mo dels of asso ciative memory, La wrence Erlbaum, 1989. [12] J. J. Katz and J. A. F ordor, \The structure of a seman tic theory ," L anguage , 39, pp. 170-210, 1963. [13] Q. Ma and Y. Hirai, \Mo deling the acquisition of coun ting with an asso ciativ e net w ork," Biol. Cyb ern. , v ol. 61, pp. 271-278, 1989. [14] Q. Ma, \An adaptiv e t yp e of comp etitiv e net w ork for pat- tern segmen tation in asso ciativ e memory ," IEICE of Jap an , T ec h. Rep. NC93-64, pp. 75-82, 1993 (in Japanese). [15] Q. Ma, \Connectionist realization of seman tic net w orks using an adaptiv e asso ciativ e memory , AAM," 1995 IEEE International Confer enc e on Neur al Networks Pr o c. (ICNN’95), pp. 1328-1333. [16] Q. Ma, \Adaptiv e asso ciativ e memories capable of pattern segmen tation," IEEE T r ans. Neur al Networks, v ol. 7, no. 6, pp. 1439-1449, 1996. [17] D. Marr, \Vision," F reeman, 1982. [18] M. R. Quillian, \Seman tic memory ," In M. Minsky (Ed.), Semantic information pr o c essing, Cam bridge, MA: MIT Press, 1968. [19] P . G. Sc h yns, \A mo dular neural net w ork mo del of concept acquisition," Co gnitive Scienc e , 15, pp. 461-508, 1991. [20] L. Shastri, \A connectionist approac h to kno wledge repre- sen tation and limited inference," Co gnitive Scienc e, 12, pp. 331-392, 1988. [21] L. Shastri, \Wh y seman tic net w orks?," In J. F. So w a (Ed), Principles of semantic networks, Morgan Kaufmann Pub- lishers, 1991. [22] E. E. Smith and D. L. Medin, \Categories and concepts," Cam bridge, MA: Harv ard Univ ersit y Press, 1981. [23] M. Zeidenberg, \Neural net w orks in arti�cial in telligence," Ellis Horw o o d, 1990.

12 IEICE TRANS. INF ORMA TION AND SYSTEM, V OL. E??{D, NO. 6 JUNE 1998 App endix A: App endix Pr o of of L emma 1: (a) Because all patterns in (5)-(7) ha v e the same prop ert y p and are stored ones, there are no inhibitory connections b et w een the 1-bits in patter n ( p ) and the 1- bits in patter n ( x ) where x = c; c i ; v ; v i for i = 0 ; � � � ; m b y ( L � 1). Th us, patter n ( p ) do es not a�ect the com- p etition. (b) W e can sho w that the 1-bits in patter n ( v ) re- ceiv e more inhibitions than the 1-bits in patter n ( v i ) for i = 0 ; � � � ; m as follo ws. When the patterns in (5) and (7) comp ete with eac h other, b ecause all of them are stored pat- terns, the 1-bits in patter n ( v i ) ( i = 1 ; � � � ; m ) do not receiv e inhibitions from the 1-bits in patter n ( c i ) ( i = 1 ; � � � ; m ) b y ( L � 1). F urther, b ecause patter n ( c i ) � = patter n ( c 0 ) � = patter n ( c ) ( i = 1 ; � � � ; m ), the 1-bits in patter n ( v i ) ( i = 1 ; � � � ; m ) also do not receiv e inhibitions from the 1-bits in patter n ( c 0 ) and patter n ( c ). Therefore, the 1-bits in patter n ( v i ) ( i = 1 ; � � � ; m ) only receiv e inhibitions from the 1-bits in patter n ( c j ) for j = 1 ; � � � ; m and j j = i . On the other hand, the 1-bits in patter n ( v ) receiv e at least inhibi- tions from the 1-bits in patter n ( c i ) for i = 1 ; � � � ; m . Therefore, the 1-bits in patter n ( v ) receiv e more inhibi- tions than the 1-bits in patter n ( v i ) for i = 1 ; � � � ; m . Similarly , when the patterns in (6) and (7) comp ete with eac h other, the 1-bits in patter n ( v ) receiv e inhibi- tions from patter n ( c i ) for i = 0 ; � � � ; m , but the 1-bits in patter n ( v i ) ( i = 0 ; � � � ; m ) only receiv e inhibitions from patter n ( c j ) for j = 0 ; � � � ; m and j j = i . Therefore, the 1-bits in patter n ( v ) also receiv e more inhibitions than the 1-bits in patter n ( v i ) for i = 0 ; � � � ; m . By (a), (b), and Cor ol lary 4 , L emma 1 is pro v ed. 2 App endix B: App endix Pr o of of L emma 2: (a) If S 1 in P I P T is n ull, patter n ( c; p i ; v i ) for i = 2 ; � � � ; m comp ete with eac h other and patter n ( c; p x ; v x ) (2 < = x < = m ) is recalled. Note that ( c; p 1 ; v 1 ), whic h w as recalled at the �rst stage, cannot b e recalled again. (b) If S 1 in P I P T is not n ull, b ecause the answ er ex- ists uniquely , among S 2 ; � � � ; S m in (8) there is at least one S -set in whic h all concepts are not those of S 1 . Without loss of generalit y , w e can assume S m is suc h a set. Th us, the inhibitory connections b et w een the 1- bits in patter n ( p m ; v m ) and the 1-bits in the patterns for the concepts of S 1 are in tact after learning b y ( L � 1). The follo wing m � 1 stored patterns therefore comp ete with eac h other: patter n ( c; p m ; v m ) ; (B-1) patter n ( f c; S (1) i g ; p i ; v i ) ; i = 2 ; � � � ; m � 1 : (B-2) Here S (1) i is a subset of S 1 and its elemen t has ( p i ; v i ). Note that S (1) i ma y b e n ull. Among these patterns, the 1-bits in patter n ( p m ; v m ) [in ( B � 1)] receiv e inhibitions from all patterns for the concepts in S 1 as noted ab o v e, whereas the 1-bits in patter n ( p i ; v i ) ( i = 2 ; � � � ; m � 1) [in ( B � 2)] at least do not receiv e inhibitions from the concepts in S (1) i . Th us, if no S (1) i ( i = 2 ; � � � ; m � 1) is n ull, the 1-bits in patter n ( p m ; v m ) receiv e more inhi- bitions, and patter n ( c; p m ; v m ) is recalled b y Cor ol lary 4 . If there are some S � sets , S (1) l (2 < = l < = m � 1), that are n ull, either the 1-bits in patter n ( p m ; v m ) or the 1-bits in patter n ( p l ; v l ) (2 < = l < = m � 1) receiv e more inhibitions, and therefore either patter n ( c; p m ; v m ) or patter n ( c; p l ; v l ) (2 < = l < = m � 1), i.e., patter n ( c; p x ; v x ) ( x j = 1), is recalled �rst b y Cor ol lary 4 . L emma 2 is th us pro v ed. 2

MA and ISAHARA: ASSOCIA TIVE SEMANTIC MEMOR Y CAP ABLE OF F AST INFERENCE ON CONCEPTUAL HIERAR CHIES 13 App endix C: App endix Pr o of of L emma 3: If P I P T = patter n ( c + c oth ; p; v oth 1 ) at the second stage, (a) neither patter n ( c oth ; p; v oth 1 ), whic h w as re- called at the �rst stage, nor all its subpatterns can b e re- called again; (b) patter n ( c; p; v oth 1 ) cannot b e recalled, b ecause it is not stored in ASM; (c) patter n ( c; p; #) can not b e recalled, b ecause there are inhibitory connec- tions b et w een patter n ( c ) and patter n ( p ). Con v ersely supp osing there are no inhibitory connections b et w een patter n ( c ) and patter n ( p ), this means that there is a pattern patter n ( c or c 0 ; p; v x ) stored in the ASM, where c 0 is ancestor of c . This is con tradictory to the def- inition of unkno wn problems; (d) patter n ( c; # ; v oth 1 ) can not b e recalled, b ecause there are inhibitory con- nections b et w een patter n ( c ) and patter n ( v oth 1 ). Con- v ersely supp osing there are no inhibitory connections b et w een patter n ( c ) and patter n ( v oth 1 ), this means there is a pattern patter n ( c or c 0 ; p x ; v oth 1 ) stored in the ASM, where c 0 is ancestor of c and p x j = p . Be- cause this pattern cannot b e the same one of the pat- terns sho wn in (9), the previous supp osition is false. By (a)-(d), the uniquely p ossible pattern that can b e recalled (segmen ted) is patter n ( c; # ; #). Similarly , if P I P T = patter n ( c; p + p oth ; v oth 2 ) at the second stage, the uniquely p ossible pattern that can b e recalled (seg- men ted) is patter n (# ; p; #). L emma 3 is th us pro v ed. 2 Qing Ma receiv ed B.S. degree in electrical engineering from Beijing Uni- v ersit y of Aeronautics and Astronautics, China, in 1983, and the M.S. and Dr. Eng. degree in computer science from Univ ersit y of Tsukuba, Japan, in 1987 and 1990. Since 1993 he has b een work- ing at the Comm unications Researc h Lab- oratory , Ministry of P osts and T elecom- m unications, Japan, curren tly as a Senior Researc her. His research in terests include neural net w orks and its applications in kno wledge represen tation and natural language pro cessing. Hitoshi Isahara receiv ed B.E., M.E. degrees in electrical engineering from Ky- oto Univ ersit y , Japan, in 1978 and 1980 resp ectiv ely , and Dr. Eng. degree in electrical engineering from Ky oto Univ er- sit y , Japan, in 1995. He w ork ed in Elec- trotecnical Lab oratory , Ministry of In- ternational T rade and Industry , Japan, from 1980 to 1995. In 1995, he mo v ed to the Comm unications Researc h Lab ora- tory , Ministry of P osts and T elecomm uni- cations, Japan, where he is no w the Chief of the In telligen t Pro- cessing Section. His researc h in terests include natural language pro cessing, AI, and kno wledge represen tation.