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Introductio n 

Psychological and biological results suggest that many cognitive tasks like visual 

recognition ,  categorizatio n an d associativ e retrieva l  d o no t  tak e mor e tha n 10 0 

computationa l  steps .  Thi s follow s becaus e typica l  neurona l  firin g rate s ar e a  fe w 

millisecond s an d th e respons e tim e o f  cognitiv e agent s durin g numerou s 

experimenta l  task s i s a  fe w hundre d milliseconds .  Give n tha t  mos t  cognitiv e task s 

requir e acces s t o a  larg e bod y o f  information ,  th e abov e observatio n impose s a  majo r 

constrain t  o n th e manne r  i n whic h conceptua l  informatio n ma y b e organize d an d 

accesse d b y cognitiv e processes .  I n particula r  i t  seem s t o preclud e a n interprete r  tha t 

examine s th e knowledg e base .  Thi s pape r  briefl y outline s a  framewor k fo r  organizin g 

and accessin g conceptua l  informatio n tha t  appear s t o offe r  severa l  advantage s ove r 

previou s wor k [Fahlma n 79] .  Th e propose d framewor k suggest s a n evidentia l 

semantic s fo r  knowledg e an d describe s ho w th e abov e ma y b e encode d a s a n activ e 

and massivel y paralle l  (connectionist )  networ k [Feldma n &  Ballar d 82] .  Th e resultin g 

syste m ha s bee n ru n o n simpl e example s an d i s capabl e o f  supportin g existin g 

semanti c networ k application s dealin g wit h problem s o f  recognitio n an d recal l  i n a n 

unifor m manner .  Th e framewor k als o provide s a  natura l  wa y o f  representin g 

"inconsistent "  o r  conflictin g informatio n an d usin g i t  i n makin g inferences .  I t 

embodie s a n importan t  clas s o f  inferenc e tha t  ma y b e characterize d a s workin g wit h 

a se t  o f  competin g hypothesis ,  gatherin g evidenc e fo r  eac h hypothesi s an d selectin g 

th e bes t  amon g these .  A  detaile d treatmen t  o f  thi s framewor k appear s i n [Shastr i  & 

Feldma n 84] . 

Overview 

In the proposed framework, conceptual knowledge is organized as a network of 

activ e element s whic h interac t  wit h on e anothe r  vi a controlle d spreadin g o f 
activation .  Th e informatio n encode d i n th e "memory "  networ k i s accesse d vi a othe r 

networ k fragments ,  eac h o f  whic h i s a  connectionis t  encodin g o f  a  routine .  W e 

presen t  a  simpl e exampl e t o introduc e th e notatio n an d th e overal l  framework . 

Figur e 1  depict s th e interactio n betwee n a  fragmen t  o f  a n agent' s restauran t  routin e 

and a  par t  o f  hi s memor y network .  Th e routin e fragmen t  decide s whethe r  som e foo d 

goes wel l  wit h re d win e o n th e basi s o f  th e food' s taste .  A  routin e i s represente d a s a 

sequenc e o f  node s (units )  connecte d s o tha t  activatio n ca n serv e t o sequenc e throug h 

di e routine .  I n th e cours e o f  thei r  execution ,  routine s pos e querie s t o th e memor y 

networ k b y activatin g relevan t  node s o f  th e memor y network .  Th e memor y networ k 

return s th e answe r  b y activatin g appropriat e unit s i n th e routine .  W e depic t  actio n 

step s a s oval-shape d nodes ,  querie s a s hexagona l  node s an d answe r  node s a s circula r 
nodes .  I n thi s routin e fragment ,  th e tas k o f  decidin g o n a  win e result s i n a  quer y t o 

th e memor y networ k abou t  th e tast e o f  foo d an d th e decisio n i s mad e o n th e basi s o f 
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th e answe r  returne d b y th e memor y network .  Answe r  node s i n a  routin e mutuall y 

inhibi t  eac h othe r  an d th e answe r  nod e receivin g th e m a x i m u m activatio n fro m th e 

m e m o ry networ k trigger s th e appropriat e action .  Th e memor y networ k i n th e 

exampl e encode s th e followin g information : 

HAM and YAM are two concepts in the domain. 

Concept s i n th e exampl e domai n ar e characterize d b y tw o properties ,  HAS-TAST E 

and HASFOOD-KIND. 
H AM i s SALT Y i n tast e an d i s a  kin d o f  M E A T,  Y A M i s swee t  i n tast e an d i s a  kin d o f 

VEGETABLE. 

Each arc in the network represents a pair of links, one in either direction. The 

triangula r  node s associat e objects ,  propertie s an d propert y values .  Eac h nod e i s a n 

activ e elemen t  an d whe n i n a n "active "  state ,  send s ou t  activatio n t o al l  th e node s 

connecte d t o it .  A  nod e ma y becom e activ e o n receivin g activatio n for m anothe r 

nod e i n th e memor y networ k o r  a  routin e node .  Triangula r  node s behav e slightl y 

differentl y i n tha t  the y becom e activ e onl y o n receivin g simultaneou s activatio n fro m 

a pai r  o f  nodes . 

The crude deroutineion given above is sufficient to demonstrate how simple 

recognitio n an d retrieva l  task s ma y b e handle d b y suc h networks .  T o find  th e tast e o f 

H AM a  routin e woul d activat e th e node s Has-Tast e an d H A M.  Th e triangula r  nod e 

b l  linkin g has-tast e an d H A M t o salt y wil l  receiv e coinciden t  activatio n alon g 

tw o o f  it s  link s an d becom e active .  A s a  result ,  i t  wil l  transmi t  activatio n t o SALT Y 

whic h wil l  ultimatel y becom e active .  Figur e 2  show s th e activatio n level s o f  variou s 

node s durin g th e processin g o f  th e abov e query .  I f  a  routin e need s t o find  a n objec t 

tha t  ha s a  salt y tast e i t  woul d activat e th e node s HAS-TAST E an d SALTY .  Thi s wil l 

caus e th e sam e triangula r  nod e t o becom e activ e an d transmi t  activatio n t o HAM. 

Eventually ,  H A M wil l  becom e activ e completing  th e retrieval .  Th e tw o example s 

roughl y correspon d t o ho w retrieva l  an d recognitio n ma y b e processe d b y th e 

network .  I n th e res t  o f  th e pape r  w e wil l  focu s o n representationa l  issue s an d hop e 

tha t  th e exampl e discusse d abov e wil l  giv e th e reade r  a n ide a o f  th e dynamic s o f 

networ k operation . 

Representational framework 

The semantic information forms a conceptual structure defined over a space spanned 

by conceptua l  attributes .  Al l  domai n knowledg e i s define d i n term s o f  thes e attribute s 

an d thei r  values .  Example s o f  attribute s are :  has-shap e (wit h value s suc h a s round , 

triangular) ,  has-color ,  is-an-instance-o f  an d is-a-part-o f 

The primary level of organization in the conceptual structure is in terms of Concepts. 

Thes e ar e labelle d cluster s o f  "coherent "  <attribute ,  value > pairs .  Th e valu e o f  a n 

attribut e i s als o a  Concep t  an d henc e Concept s ma y b e arbitraril y  complex .  Concept s 

m ay refe r  t o differen t  sort s o f  thing s i n th e domai n suc h a s individuals ,  categories , 

events ,  properties ,  location s an d relations .  Attribute s ar e classifie d int o tw o broa d 

categories :  PROPERTIES an d structura l  links .  Propertie s correspon d t o th e intrinsi c 

feature s o f  Concept s an d ma y var y fro m domai n t o domain .  Thus ,  physica l  object s 

m ay hav e propertie s lik e HAS-SHAPE an d HAS-COLOR,  whil e event s ma y hav e 

propertie s lik e HAS-LOCATIO N an d HAS-DURATION.  Structura l  link s ar e fairl y 
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domai n independen t  an d defin e "inheritance-like "  inferenc e paths .  Th e mos t 

representativ e o f  thes e i s th e is-an-instance-o f  hn k tha t  i s use d t o organiz e 

informatio n i n hierarchica l  structure s i n semanti c networks .  Ou r  formulatio n employ s 

an extende d notio n o f  propert y inheritanc e an d include s othe r  structura l  link s suc h 

as th e is-a-part-o f  an d th e occurs-durin g link s [Alle n 83 ]  beside s th e is-an-instance-o f 

link . 

Concepts are classified into Types and Tokens. Tokens refer to instances and Types 

refe r  t o abstraction s define d ove r  Tokens .  Abstraction s m a y i n tur n b e define d ove r 

Type s t o yiel d mor e abstrac t  Types ,  o r  a  Typ e ma y b e differentiate d t o resul t  i n mor e 

refine d Types .  I n thi s framework ,  a  Typ e i s no t  viewe d a s a  se t  an d it s structur e i s 

simila r  t o tha t  o f  a  Toke n viz .  a  labelle d collectio n o f  <attribute ,  value > pairs .  Th e / > 

fl/i-m5to«ce-o/structural  link s encod e th e relatio n betwee n a  Toke n an d a  Typ e whil e 

is-instantiated-b y link s encod e th e invers e relationship . 

We use a graphical notation for the representational framework. Figure 3 displays a 

sampl e networ k encodin g th e followin g information : 

"Birds are a kind of Things, Swan is a kind of Bird, Hansa is a Swan, Things have 

th e propert y color .  Swan s ar e generall y Whit e an d Whit e i s a  Color. " 

The representation uses three kinds of nodes: the Type node, the Token node and 

th e Binde r  node .  Arc s i n th e networ k represen t  bidirectiona l  links .  Typ e an d Toke n 

node s labe l  cluster s o f  <attribute ,  value > pairs ,  eac h o f  whic h i s represente d b y a 

Binde r  node .  Fo r  instance ,  b l  represent s th e fact :  "Thing s hav e th e propert y color" , 

whil e b 2 represent s th e fact :  "Swan s ar e generall y colore d white "  i.e .  "th e valu e o f 
th e propert y colo r  fo r  Swan s i s generall y White" .  Th e framewor k permit s associatin g 

propertie s a s wel l  a s propert y value s wit h concepts .  Fo r  example ,  w e ma y represen t 

tha t  fruit s hav e colo r  withou t  specifyin g an y particula r  colo r  values . 

A weight is associated with each link and these provide the basis for the evidential 

semantic s o f  knowledge .  A  lin k fro m nod e A  t o nod e B  ma y b e interprete d t o mea n 

" A provide s evidenc e fo r  B" .  Conside r  th e link s fro m Typ e node s t o thei r  Binde r 

nodes .  Th e weight s o n thes e link s provid e a  wa y o f  encodin g th e strengt h o f 

generalization s represente d b y a  Type .  Thus ,  th e lin k fro m S W AN t o b l  i n figur e 3  i s 

a quantitativ e measur e o f  th e evidenc e provide d b y th e assertio n " x i s a  Swan "  t o th e 

assertio n "th e colo r  o f  x  i s White" .  Case s wit h mor e tha n on e typica l  valu e ar e easil y 

represente d a s show n i n figur e 4 .  I f  re d i s a  mor e typica l  colo r  o f  Appl e tha n green , 

th e weigh t  w l  wil l  b e greate r  tha n w2 .  Th e us e o f  weight s ha s otiie r  interestin g 

consequences .  Fo r  instance ,  i f  th e nod e Appl e i s activate d (th e networ k i s "imaginin g 

an Apple" )  activatio n fro m th e nod e Appl e wil l  driv e th e associate d Binde r  nodes . 
The Binde r  node s correspondin g t o th e mos t  typica l  propert y value s wil l  receiv e th e 

highes t  activatio n resultin g i n th e activatio n o f  wha t  woul d amoun t  t o a  virtua l 

Toke n correspondin g t o th e mos t  typica l  instanc e o f  th e Type .  Thus ,  th e colo r  o f  th e 

imagine d Appl e wil l  mor e likel y b e re d tha n green .  I n thi s framework ,  th e 

representatio n o f  a  Typ e doe s doubl e dut y an d act s a s i f  i t  wer e a  prototypica l 

representatio n [Rosc h 75] ,  beside s bein g a n abstrac t  representatio n o f  a  clas s o f 

Tokens . 

The use of weighted links from a Type to its Binders provides a more natural 
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interpretatio n o f  "exceptions "  an d "cancellations "  an d give s a  clea n semantic s o f  th e 

is-an-instance-of\m\i .  I n thi s framework ,  on e canno t  bot h say :  "Al l  Swan s ar e White " 

an d "Gisell e i s a  Swa n whos e colo r  i s black" .  However ,  on e ma y say :  "Mos t  Swan s 

ar e White "  an d "Gisell e i s a  Swa n whos e colo r  i s black" .  Thi s i s illustrate d i n Figur e 

5.  Th e crucia l  poin t  i s  tha t  Gisell e ma y no t  b e attache d a s a n instanc e o f  Swa n unles s 

th e weigh t  o f  th e lin k fro m Swa n t o b 2 i s reduce d t o a  valu e les s tha n 1.0 .  I n Figur e 

5 th e lin k fro m Swa n t o b 2 i s a  statemen t  o f  typicalit y an d henc e ha s a  weigh t  les s 

tha n l.O ,  wherea s th e lin k fro m Gisell e t o b 3 encode s a  definit e statemen t  an d henc e 

has a  weigh t  o f  1.0 . 

Just as weights on links from concepts to Binders were significant, the weights on 

link s fro m Binder s t o Concept s als o serv e a n importan t  functio n i n categorizin g a n 

instanc e (assignin g a  Typ e t o a  collectio n o f  <attribute ,  value > pairs) .  Th e weight s o n 

link s fro m Binder s t o Concept s ca n b e use d t o assig n a  metri c t o th e significanc e o f  a 

matc h betwee n th e <attribute ,  value > o f  a  Typ e an d tha t  o f  a n instance .  Th e proces s 

of  categorizatio n easil y translate s int o a  "bes t  fit"  situation .  Eac h Typ e receive s 

evidenc e fro m Binder s tha t  matc h th e inpu t  data .  Typ e node s accumulat e thi s 

evidenc e an d thei r  leve l  o f  activatio n provide s a  quantitativ e measur e o f  th e goodnes s 

of  match .  Th e Typ e wit h th e highes t  activatio n win s [Feldma n 82] .  Furthermore ,  thi s 

als o provide s a n interpretatio n o f  th e notio n o f  a  prototypica l  instanc e o f  a  category . 

I f  th e propert y value s o f  a n instanc e matc h th e typica l  value s o f  th e Typ e the n th e 

occurrenc e o f  thi s instanc e result s i n th e highe r  activatio n o f  th e Typ e node . 

Consequently ,  suc h a n instanc e appear s t o b e mor e prototypical .  Thus ,  a  Robi n 

matche s th e propertie s i n th e representatio n o f  th e Typ e Bir d mor e strongl y tha n a 
Penguin . 

Conclusion 

The representation and use of conceptual knowledge remains a core issue in 

cognitiv e science .  Thi s pape r  present s a n approac h t o thes e problem s tha t  appear s t o 

offe r  severa l  advantage s ove r  previou s work .  Th e basi c idea s o f  evidentia l  reasoning , 

multipl e hierarchie s an d connectionis t  implementatio n fit  togethe r  remarkabl y wel l 

an d coul d for m th e basi s fo r  a  detaile d modelin g o f  h o w knowledg e i s handle d i n 

natura l  systems . 
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