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1 Introductio n 

Computational models have played an important 

rol e i n cognitiv e science ,  givin g researcher s a  pre -

cise ,  unambiguou s languag e i n whic h t o expres s 

theorie s o f  cognition .  Earl y wor k i n cognitiv e sim -

ulatio n focuse d o n th e collectio n o f  verba l  proto -

col s fo r  a  smal l  numbe r  o f  subjects ,  th e detaile d 

analysi s o f  thos e protocols ,  an d th e creatio n o f 

program s tha t  simulate d thei r  behavio r  i n con -

siderabl e detail .  Thi s approach ,  exemplifie d b y 

th e wor k o f  Newe U an d Simo n (1972) ,  ha s le d t o 

importcin t  insight s abou t  humci n cognition ,  par -

ticularl y i n th e are a o f  proble m solving . 

Anothe r  earl y approach ,  exemplifie d b y Feigen -

baiun' s (1963 )  wor k o n Epam ,  focuse d o n robus t 

empirica l  generalizations ,  showing  ho w suc h phe -

nomena aros e a s emergen t  propertie s o f  a  compu -

tationa l  model .  Althoug h originall y les s commo n 

tha t  th e forme r  approach ,  i n recen t  year s thi s re -

searc h paradig m ha s bee n gainin g ascendancy .  I n 

thi s paper ,  w e conside r  theorie s o f  categor y learn -

in g tha t  hav e take n thi s form .  First ,  w e sum -

mariz e severe d memory ,  reasoning ,  an d learnin g 

phenomena tha t  model s o f  categor y leeirnin g mus t 

explain .  Next ,  w e giv e brie f  overview s o f  thre e 

categor y learnin g model s an d indicat e ho w thes e 

model s accoun t  fo r  som e o f  th e empirica l  findings. 

Finally ,  w e discus s som e ope n issue s ein d conside r 

promisin g direction s fo r  futur e research . 

2 Empir ica l  Generalization s a b o u t 

Categorizatio n 

Theories attempt to explain empirical phenom-

ena ,  s o w e begi n b y reviewin g som e generaliza -

tion s tha t  hav e emerge d fro m th e experimenta l 

stud y o f  huma n categorization .  W e hav e no t  at -

tempte d t o b e exhaustive ,  bu t  w e believ e th e 

statement s tha t  follo w provid e importcin t  con -

straint s o n theorie s o f  categor y leeirning . 

1.  Peopl e ar e abl e t o represent ,  access ,  an d 

acquir e concept s tha t  involv e logice d 'rules ' 

(Bourne ,  1966) ,  bu t  the y ca n als o handl e 

'fuzzy '  categorie s fo r  whic h n o 'logical '  rule s 

exis t  (Smit h &  Medin ,  1981 ;  Barsalou ,  1985) . 

For  example ,  on e migh t  defin e bird s a s fly-

ing ,  beake d animals ,  bu t  som e bird s cjinno t 

fly  an d som e hav e bill s  instea d o f  be?iks . 

2.  Categorie s ar e influence d b y th e informa -

tiona l  structur e o f  th e enviroimien t  (Rosch , 

Mervis ,  Johnson ,  Gray ,  &  Boyes-Braem , 

1976) ,  i n tha t  differen t  experience s lea d t o 

differen t  concepts .  However ,  the y ar e als o in -

fluenced  b y th e gocd s o f  th e perceive r  (Barsa -

lou ,  1983a ,  1983b )  an d b y intuitiv e belief s an d 

theorie s o f  th e worl d (Chapma n &  Chapman , 

1969 ;  fo r  discussion ,  Murph y &  Medin ,  1985) . 

3.  Peopl e ca n detec t  ein d exploi t  correlation s 

among feature s (Medin ,  Altom ,  Edelson ,  & 

Freko) ,  a s wel l  a s informatio n abou t  th e 
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frequenc y o f  categorie s (Medi n &  Edelson , 

1988 ;  Gluc k &  Bower ,  1988a) .  Fo r  instance , 

feather s ar e positivel y correlate d wit h beeiks , 

wherea s fu r  tend s t o co-occu r  wit h teeth . 

Further ,  correlation s ar e learne d mor e easil y 

when par t  o f  a  coheren t  se t  o f  relation s (Bill -

m a n,  1989 ;  Billma n &  Jeong ,  1989) . 

4.  Peopl e divid e categorie s int o subcategories , 

wit h som e level s bein g mor e 'natural '  tha n 

others .  Thes e 'basic '  categorie s ten d t o occu r 

at  intermediat e level s o f  abstraction .  Fo r  in -

stance ,  th e categor y 'bird '  i s  mor e basi c tĥ l n 

th e categorie s 'animal '  o r  'robin' .  Researc h 

wit h natura l  ?in d artificie d categorie s indicate s 

tha t  suc h concept s ar e lejirne d earlie r  devel -

opmentall y Jin d mor e rapidl y i n experiment s 

(Corter ,  Gluck ,  &  Bower ,  1988 ;  Rosc h e t  al. , 

1976) .  Object s ar e ofte n identifie d a t  th e ba -

si c leve l  mos t  rapidly ,  thoug h thi s interact s 

wit h th e tjrpiceJit y o f  th e objec t  (Murph y & 

Brownell ,  1985) . 

5.  Som e insteince s ar e mor e 'typical '  o f  a  cat -

egor y tha n other s (Rosc h &  Mervis ,  1975) . 

Thes e ar e name d mor e frequentl y an d ac -

cesse d mor e rapidl y tha n les s typicc J ones . 

For  instance ,  robin s cir e mor e typica l  bird s 

tha n ar e penguins ,  an d picture s o f  th e forme r 

ar e recognize d a s bird s mor e quickl y thei n th e 

latter .  However ,  typicalit y varie s acros s indi -

vidual s cin d context s (B«irsadou ,  1985 ,  1987 , 

1989) .  Moreover ,  ther e i s dissociatio n be -

twee n membershi p an d typicalit y i n som e cat -

egorie s (Armstrong ,  Gleitmcin ,  &  Gleitman , 

1983 )  bu t  no t  i n other s (Feh r  &  Russell ,  1984 ; 

Hampton ,  1987) . 

6.  Jus t  a s categor y learnin g i s influence d b y 

prio r  beliefs ,  recognitio n o f  item s a s categor y 

members include s a  top-dow n aspect :  entitie s 

ar e categorize d faste r  i n expecte d context s 

tha n i n unexpecte d context s (Palmer ,  1975) . 

For  exeimple ,  a  drawin g o f  a  loa f  o f  brea d i s 

recognize d mor e rapidl y whe n locate d i n a 

kitche n tha n i n a  stree t  scene . 

7.  Peopl e ca n represent ,  access ,  an d acquir e cat -

egorie s tha t  involv e structura l  an d conceptua l 

relation s betwee n component s (Barsalou ,  i n 

press ;  Fodor & Pylyshyn ,  1988) .  Fo r  instance , 

th e relativ e location s o f  th e eye s an d nos e ar e 

essentia l  aspect s o f  th e concep t  'face' . 

8.  Peopl e us e categorie s t o guid e inferenc e a s 

wel l  a s classificatio n an d recognition .  Infer -

ence s abou t  ne w instance s ar e guide d b y cat -

egor y membership .  Fo r  example ,  give n tha t 

a nove l  entit y ca n b e identifie d a s a  bird ,  on e 

ca n infe r  tha t  i t  probabl y hatche d fro m a n 

egg-

9.  Categorie s ar e use d i n inference s abou t  ne w 

properties .  Generalizatio n o f  ne w propertie s 

t o individuj d instance s an d t o set s o f  instanc e 

i s guide d b y categor y membershi p (Gelmei n 

& Markm?m ,  1987 ;  Nisbett ,  Ross ,  Jepson , 

& Kunda) .  Indeed ,  unde r  som e conditions , 

peopl e generaliz e propertie s o f  a  singl e exem -

pla r  t o a n entir e categor y (Osherson ,  Smith , 

Wilkie ,  Lopes ,  &  Shafir ,  i n press ;  Maceirio , 

Shipley ,  &  BiUma n i n press) . 

I n sum ,  theorie s shoul d eventuall y accoun t  fo r 

categor y learning ,  fo r  classification ,  an d fo r  us e o f 

categorie s i n inference .  Bot h cheiracteristic s o f  th e 

inpu t  (e.g. ,  correlation s amon g attributes ,  featur e 

frequency )  an d backgroun d knowledg e influenc e 

al l  thes e processes .  I n th e followin g sections ,  w e 

provid e overview s o f  thre e computationa l  model s 

of  categor y formation .  I n eac h case ,  w e describ e 

th e model' s representatio n o f  conceptua l  knowl -

edge ,  th e maime r  i n whic h tha t  knowledg e i s used , 

and th e lesirnin g mechanism s throug h whic h i t  i s 

acquired .  W e als o exjmiin e eac h model' s abilit y 

t o explai n som e subse t  o f  th e empirics d genered -

izatio n liste d above . 

3 Configural-Cue Adaptive Networks 

Gluck and Bower (1988a, 1988b) describe an 

adaptiv e networ k mode l  o f  h u m a n learnin g tha t 

extend s Rescorl a an d Wagner' s (1972 )  theor y 

of  classica l  conditionin g t o humci n classificatio n 

learning .  Th e mode l  represent s knowledg e a s a 

set  o f  one-laye r  classifiers ,  on e fo r  eac h category . 

Eac h networ k ha s a  se t  o f  inpu t  tha t  correspon d 

t o feature s tha t  m a y occu r  i n a n experience ,  a 

set  o f  weighte d links ,  an d a  singl e outpu t  node . 

Give n a  ne w experience ,  on e output s a  classifica -

tio n probabilit y  b y addin g th e weight s o n matche d 

inpu t  features .  Learnin g involve s changin g th e 

weight s o n link s usin g Widro w Jin d Hoflf' s  (1960 ) 

leas t  mea n squjire s method .  Briefly ,  thi s jJter s 

weight s s o a s t o decreas e th e differenc e betwee n 

th e actua l  Jin d desire d scor e fo r  eac h classifier . 

990 



Thi s adaptiv e networ k mode l  ha s accuratel y ac -

:ounte d fo r  humei n behavio r  i n experiment s o n 

probabilisti c  classificatio n learnin g wit h multipl e 

:ues ,  bu t  i t  ca n onl y lear n 'linearl y separable '  cat -

jgories ,  tha t  is ,  one s tha t  Cei n b e separate d b y a 

hyperplan e throug h th e spac e o f  instances .  How -

ever ,  on e ca n exten d th e mode l  t o non-linearl y 

separabl e categorie s b y lettin g conjimction s o f  el -

ementar y stimulu s feature s serv e a s 'higher-order ' 

feature s o f  a  stimtdu s pattern .  Thus ,  give n th e 

presentatio n o f  a n experimenta l  patter n consist -

in g o f  elementar y feature s B C D ,  on e assiune s tha t 

thi s i s reflecte d no t  onl y throug h activatio n o f  in -

put  node s fo r  th e singl e element s B ,  C ,  an d D ,  bu t 

als o throug h activatio n o f  th e pair-wis e conjunct s 

BC,  B D ,  Jin d C D .  I n thi s approach ,  a  domju n 

involvin g N  elementar y feature s woul d b e repre -

sente d usin g N ^  +  N  inpu t  feature s fo r  eac h cat -

egory ,  bu t  th e categorizatio n an d learnin g mech -

anism s woul d remai n unchjinged . 

Gluck ,  Bower ,  an d He e (1989 )  hav e show n ho w 

thi s extende d mode l  account s fo r  severa l  aspect s 

of  comple x categor y lecirnin g b y humans .  More -

over ,  Corter ,  Gluck ,  an d Bowe r  (1988 )  hav e ap -

plie d th e configural-cu e approac h t o mode l  basic -

leve l  effect s i n hierarchicall y orgcinize d categories . 

For  instance ,  whe n th e networ k mode l  i s  traine d 

on thre e level s o f  a n Jirtificic d domai n involvin g hi -

erarchica l  categor y structure ,  hig h level s o f  activa -

tio n cir e reache d soone r  fo r  th e outpu t  node s cor -

respondin g t o th e intermediat e (basic )  leve l  cate -

gories .  Th e predicte d learnin g curve s closel y re -

sembl e th e observe d cxirve s fo r  humams ,  ein d th e 

model  als o correctl y predict s a  shif t  i n relativ e 

difficult y betwee n th e subordinat e ein d superordi -

nat e level s i n differen t  experimenta l  conditions . 

A ke y propert y o f  th e configural-cu e mode l  i s 

tha t  i t  embodies ,  implicitly ,  a n approximat e expo -

nentia l  deca y relationshi p betwee n stimulu s sim -

ilarit y an d psychologicc d distance ,  a  relationshi p 

wit h considerabl e independen t  suppor t  i n stud -

ie s o f  stimulu s generalizatio n (Shepard ,  1958 )  an d 

categorizatio n (Nosofsky ,  1984) .  Thi s effec t  ca n 

be see n b y notin g ho w th e numbe r  o f  overlap -

pin g activ e node s (similarity )  change s a s a  func -

tio n o f  th e numbe r  o f  overlappin g componen t  cue s 

(distance) .  I f  tw o triple t  pattern s shjir e on e fea -

tur e (ABC ,  X Y C ) ,  the y wil l  hav e onl y on e activ e 

node i n commo n an d five  node s nonoverlapping ; 

i f  the y sheir e tw o feature s ( A B C ,  X B C ) ,  the y wi U 

have thre e activ e node s i n c o m m o n (tw o compo -

nent  cue s an d on e configurjd-cu e node )  an d thre e 

nonoverlappin g nodes .  I n fact ,  th e networ k mode l 

can b e viewe d a s a n extensio n o f  Shepard' s (1987 ) 

theor y o f  stimulu s generalizatio n t o classificatio n 

learning . 

I n additio n t o basic-leve l  effects ,  th e configural -

cue mode l  i s  consisten t  wit h m?in y o f  th e phenom -

ena fro m Sectio n 2 .  I t  ca n certainl y acquir e non -

logicc J categories ,  an d it s us e o f  pjiir-wis e feature s 

let s i t  captur e correlations .  Th e concept s learne d 

by th e mode l  ar e certaird y a  functio n o f  th e envi -

roiunen t  i t  experiences ,  thoug h thi s i s represente d 

ord y i n differen t  weights .  I n summary ,  combinin g 

th e adaptiv e networ k mode l  wit h a  representatio n 

of  stimul i  tha t  include s pair-wis e configuration s 

of  feature s let s on e accoim t  fo r  a  wide r  rjmg e o f 

learnin g result s fro m bot h th e anim? d an d huma n 

lecirrun g literatures . 

The configured-cu e mode l  ha s severa l  obviou s 

limitations ,  includin g th e rapi d growt h o f  inpu t 

node s wit h increasin g patter n size .  I n addition , 

th e approac h ca n ord y mak e prediction s abou t 

prelabele d classes ,  an d i t  Ccumo t  handl e struc -

tura l  representation s o f  knowledge .  Nevertheless , 

th e mode l  i s theoreticcdl y parsimonious ,  account s 

fo r  a  wid e rcing e o f  phenomena ,  an d use s assump -

tion s fo r  whic h independen t  evidenc e alread y ex -

ists .  Furthermore ,  it s successe s ar e instructiv e i n 

identifyin g empiricc d phenomen a tha t  ca n b e ex -

plciine d a s emergen t  fro m th e sam e elementary , 

associativ e processe s foim d i n lowe r  species . 

4 Representation Change in Concept 

F o r m a t i o n 

Although some concept-learning tasks involve su-

pervision ,  peopl e als o acquir e conceptua l  knowl -

edge withou t  explici t  supervision .  Th e researc h 

describe d i n thi s sectio n take s th e primjir y tas k 

of  categor y learning ,  pzirticulcirl y  unsupervise d 

learning ,  t o b e recover y o f  th e correlationa l  struc -

tur e o f  input .  Thi s produce s coheren t  categorie s 

usefu l  i n predictio n ein d inference .  Model s devel -

ope d i n thi s framewor k directl y represen t  correla -

tione d structur e a s probabilisti c  pattern s o r  rules . 

Further ,  thes e model s assum e categor y forma -

tio n i s intimatel y Linke d t o representatio n change , 

jm d specificedl y t o chcing e i n th e attribute s an d 

feature s use d t o represen t  input .  Representa -

tio n chang e i s importemt ,  bu t  littl e studie d fro m 

th e perspectiv e o f  concep t  lecirning .  W e distin -

guis h betwee n tw o type s o f  representatio n change . 
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'Weak '  representatio n chang e involve s a  chjing e i n 

attentio n t o o r  significanc e o f  a  property .  I n con -

trast ,  'strong '  representatio n chang e involve s th e 

introductio n o f  ne w propertie s ( a 'limitin g case ' 

of  increas e i n attention) . 

Car i  (Billma n &  Heit ,  1988 )  an d descendan t 

model s (Chalnic k &  BiUman ,  1988 )  investigate d 

procedure s fo r  attentio n chang e i n imsupervise d 

leeirning .  I n peirticular ,  increasin g attentio n i s 

directe d t o attribute s tha t  prov e predictiv e i n 

some relation ;  thi s facilitate s th e discover y o f 

othe r  relate d predictiv e pattern s whe n inpu t  ex -

hibit s an y o f  a  broa d clas s o f  coheren t  structure s 

(psychologica l  motivatio n fro m Billmein ,  1989) . 

Mor e recently ,  B iUma n an d Mcirti n hav e explore d 

a context-sensitiv e for m o f  attentionc d lecirning . 

Th e ide a i s derive d fro m th e philosophe r  Good -

man' s (1955,1984 )  concep t  o f  overhypothese s (se e 

als o Russell ,  1986 ,  o n well-define d categories) . 

Categorie s o f  a  particula r  typ e (jewels ,  animals , 

ethni c groups )  ar e homogeneou s -  o r  predictabl e 

-  wit h respec t  t o som e propertie s (crysta l  struc -

ture ,  diet ,  language )  bu t  no t  other s (weight ,  age , 

first  name) .  Member s o f  on e categor y shar e Vcd -

ues o f  th e homogeneou s attribute s jin d contras t 

wit h othe r  categorie s o n thes e attributes .  Thi s 

informatio n ca n b e use d t o mak e inference s abou t 

nove l  categorie s an d attribut e values .  Seein g on e 

instanc e o f  a  ne w kin d o f  jewel ,  on e woul d gen -

eraliz e it s crysta l  structur e bu t  no t  it s weigh t  t o 

othe r  categor y members .  Further ,  peopl e d o see m 

t o mak e us e o f  thi s informatio n (Nisbett ,  Krjintz , 

Jepson ,  &  Kunda ,  1983 ;  Shiple y 1989) . 

I n relate d work ,  Billma n an d Marti n hav e in -

vestigate d tw o type s o f  'strong '  representatio n 

chcinge .  On e concern s th e formatio n o f  ne w at -

tribute s fro m previousl y imcoordinate d features ; 

thus ,  someon e m a y com e t o se e legs ,  fins,  an d 

wing s a s value s o f  a  ne w attribut e 'limbs' .  Th e 

secon d involve s th e formatio n o f  ne w feature s 

from  conjoinin g ol d feature s o r  attribut e values . 

Marti n an d B iUma n (i n press ;  Martin ,  1989 )  de -

scrib e C o r a ,  a  computationa l  mode l  o f  thi s latte r 

process ,  whic h w e no w describ e i n som e detail . 

C o r a represent s conceptua l  knowledg e i n 

term s o f  probabiUsti c inferenc e rules .  Fo r  in -

stance ,  i t  migh t  hav e th e rul e I f  X  ha s wing s 

A ND X  HA S FEATHERS,  THE N INFE R THA T X 

FLIE S WIT H PROBABILIT Y 0.95 .  I n thi s case ,  a 

conjunctio n o f  tw o feature s predict s th e presenc e 

of  a  third ,  bu t  simple r  ein d mor e comple x rule s 

ar e possible .  C o R A doe s no t  represen t  concept s 

as sepcirat e knowledg e structures ;  rather ,  i t  orga -

nize s knowledg e a n intercotmecte d networ k tha t 

directl y represent s conditiona l  probabiUtie s be -

twee n feature s jm d conjunction s o f  features .  Th e 

syste m als o contain s knowledg e abou t  feature s 

whic h ar e mutuaU y exclusive ,  tha t  is ,  whic h ax e 

alternativ e value s o f  th e sam e attribute . 

Give n a  ne w experienc e wit h th e value s o f  som e 

attribute s omitted ,  C o R A use s it s inferenc e rule s 

t o predic t  th e missin g values .  Fo r  eac h attribute , 

i t  appUe s a U rule s tha t  infe r  a  valu e fo r  tha t 

attribut e an d whos e condition s matc h agjuns t 

th e ne w experience .  Th e syste m the n estimate s 

th e overal l  probabilit y  fo r  eac h possibl e valu e a s 

th e geometri c averag e o f  th e individua l  predicte d 

probabiUties .  FinaUy ,  C o R A predict s th e valu e o f 

th e attribut e tha t  ha s th e highes t  overa U proba -

biUty . 

BiUmji n an d Martin' s syste m begin s wit h sim -

pl e inferenc e rule s i n whic h th e conditio n side s 

contai n onl y on e feature ,  an d i n whic h a U rule s 

hav e th e sam e associate d probabiUty .  However , 

C o r a augment s thi s knowledg e usin g tw o learn -

in g mechjinisms .  First ,  whe n th e syste m i s give n 

a ne w experience ,  i t  iterate s throug h eac h ob -

serve d vcJue ,  updatin g th e conditiona l  probabiht y 

of  eac h rul e tha t  infer s tha t  value .  Afte r  this ,  i t 

check s t o determin e whethe r  th e update d rule s 

-  i n combinatio n -  actuaU y predic t  th e observe d 

valu e ove r  th e alternatives .  I f  the y d o not ,  thi s 

suggest s tha t  ther e ax e interaction s amon g fea -

ture s whic h ar e no t  bein g take n int o accoimt ,  an d 

C o r a create s a  ne w inferenc e rul e whos e condi -

tio n sid e i s th e conjimctio n o f  tw o existin g rules . 

Th e componen t  rule s ar e thos e whic h hav e bee n 

most  frequentl y associate d wit h error s i n th e pjist . 

I n thi s way ,  th e syste m begin s wit h simpl e in -

ferenc e rule s an d incremen t  cdl y construct s mor e 

comple x one s i n whic h higher-orde r  feature s cir e 

present . 

The basi c approac h share s severe d character -

istic s wit h Gluck' s configural-cu e model .  Bot h 

system s represen t  conjunction s o f  features ,  asso -

ciat e weight s wit h thes e higher-orde r  terms ,  an d 

combin e th e relevjm t  'rides '  t o mak e predictions . 

However ,  th e configural-cu e mode l  assume s tha t 

aH pairwis e conjimction s eir e presen t  fro m th e out -

set ,  wherea s C o R A begin s wit h singl e featxire s an d 

construct s higher-orde r  term s a s necessjiry .  Thus , 

Gluck' s learnin g metho d seiche s onl y th e spac e 
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of  weight s o n prespecifie d links ,  wherea s Marti n 

and Billman' s syste m carrie s ou t  a  general-to -

specifi c  searc h throug h th e spac e o f  featur e com -

binations .  Anothe r  differenc e i s tha t  C o r a i s un -

supervised ,  i n tha t  i t  require s n o labele d trciinin g 

instance s an d predict s th e valu e o f  an y missin g 

attribute . 

The C o r a mode l  i s consisten t  wit h a  numbe r 

of  th e phenomen a give n i n Sectio n 2 .  Th e syste m 

can handl e bot h logica l  'rules '  an d mor e 'fuzzy ' 

representation s o f  knowledge ,  ein d i t  construct s 

differen t  inferenc e rule s dependin g o n th e infor -

mationa l  structur e o f  th e envirormient .  C o R A 

predict s tha t  som e experience s ar e mor e typica l 

tha n others ,  bu t  i t  msike s n o assumption s abou t 

reactio n times .  Th e mode l  ca n certainl y exploi t 

correlation s amon g features ,  cin d i t  emphasize s 

th e us e o f  conceptua l  knowledg e fo r  prediction . 

However ,  i t  provide s n o accoun t  o f  basic-leve l  ef -

fects ,  an d i t  fail s  t o addres s th e structura l  natur e 

of  som e knowledge .  Nevertheless ,  th e approac h 

provide s a  promisin g accoim t  o f  th e representa -

tion ,  use ,  an d acquisitio n o f  conceptua l  knowl -

edge ,  an d futur e wor k m a y addres s thes e issues . 

5 Hierarchical Concept Formation 

Many models of concept formation construct 

classificatio n hiereirchie s ove r  envirorunenta l  ob -

servations .  Perhap s th e earlies t  suc h syste m 

was Feigenbavmi' s (1963 )  E p a m ,  whic h incremen -

tall y forme d discriminatio n network s an d use d 

the m t o classif y ne w observations .  Lebowitz' s 

(1982 )  Un ime m an d Kolodner' s (1983 )  Cy ru s 

buil t  mor e sophisticated ,  redimdan t  classificatio n 

structures ,  bu t  the y sifte d observation s dow n al -

ternativ e path s i n a  hierarch y muc h lik e Epam . 

Her e w e wil l  focu s o n Fisher' s (1987 )  Cob -

web,  whic h wa s intende d t o synthesiz e idea s fro m 

thes e ecirUe r  system s an d thu s wil l  serv e briefl y 

t o highligh t  cheiracteristic s o f  th e genera l  hierar -

chicc d approach. ^  I n particuljir ,  th e syste m use s 

a probabilisti c  representatio n o f  concept s (Smit h 

& Medin ,  1981) .  Eac h concep t  specifie s a  se t  o f 

attribute s an d thei r  possibl e values ,  alon g wit h 

th e conditiona l  probabilit y  o f  tha t  valu e give n th e 

concept .  C o b w e b als o store s th e overal l  proba -

biht y o f  occurrenc e fo r  eac h concept .  Moreover , 

concept s cir e organize d int o a  concep t  hierarch y 

'We direc t  reader s Gennari ,  Langley ,  an d Fishe r 
(1989 )  fo r  a  revie w o f  hierarchica l  approache s t o concep t 
formation . 

tha t  i s  partiall y  ordere d accordin g t o specificity , 

wit h mor e abstrac t  categorie s a t  highe r  levels , 

mor e specifi c  one s a t  lowe r  levels ,  an d specifi c  ob -

servation s a s termina l  nodes . 

Lik e it s predecessors .  C o b w e b sort s ne w ob -

servation s downwar d throug h it s hierarchy ,  select -

in g th e bes t  branc h a t  eac h level .  I n makin g thi s 

decision ,  i t  find s th e 'bes t  match '  accordin g t o 

categor y utility ,  a n evaluatio n functio n propose d 

by Gluc k an d Corte r  (1985 )  t o accoun t  fo r  ba -

si c level s observe d i n experimenta l  studie s o f  hu -

m an categorization .  The y arrive d a t  thi s functio n 

throug h a  rationji l  analysi s (Anderson ,  i n press )  o f 

th e categorizatio n task ,  i n whic h basic-leve l  con -

cept s ar e preferre d becaus e the y facilitat e mor e 

accurat e prediction s abou t  thei r  members . 

Lik e Mcirti n an d BiUman' s model ,  C o b w e b ac -

quire s concept s incrementedly ,  durin g th e proces s 

of  categorization .  A s i t  sort s experience s dow n 

th e hiercirchy ,  th e syste m alter s th e probabilitie s 

store d wit h eac h concep t  an d it s associate d val -

ues .  I n som e cases .  C o b w e b als o change s th e 

structur e o f  it s hierarchy .  I f  a n experienc e differ s 

sufficientl y fro m th e childre n o f  a  concept ,  th e sys -

te m store s i t  a s a  ne w chil d a t  tha t  level .  I n othe r 

cases .  C o b w e b find s tha t  mergin g o r  splittin g ex -

istin g concept s a t  a  give n leve l  wi U improv e th e 

matc h score .  Th e structur e o f  th e resultin g hi -

erarch y i s a  functio n no t  onl y o f  th e experience s 

give n t o th e system ,  bu t  o f  th e orde r  i n whic h 

the y cir e presented . 

Not e tha t  C o b w e b differ s fro m C o r a i n tha t 

i t  doe s no t  explicitl y  comput e correlation s amon g 

features .  Categor y utilit y  sum s a  functio n o f  in -

dividua l  featur e probabilities ,  s o tha t  eac h nod e 

i n memor y effectivel y represent s a  categor y a s a n 

independen t  cu e mode l  (Smit h &  Medin ,  1981) . 

Fishe r  an d Langle y (i n press )  hav e show n tha t 

favorin g th e creatio n o f  categorie s tha t  meiximiz e 

thi s functio n o f  individua l  feature s wil l  ten d t o re -

war d categorie s tha t  captur e correlations .  How -

ever ,  leave s o f  th e concep t  hiereirch y correspon d 

t o specifi c  observation s (cases ,  exemplars) ,  givin g 

representationa l  powe r  equivcden t  t o tha t  o f  ex -

emplei r  (Smit h &  Medin ,  1981 )  o r  relationa l  cu e 

(Medin ,  1983 )  representations .  I n addition ,  hier -

eirchicz d system s offe r  a  natura l  representatio n o f 

defaul t  Ein d exceptionei l  properties :  on e assume s 

th e mos t  likel y attribut e valu e fo r  a  give n cat -

egory ,  unles s cm d th e observe d feature s warran t 

deepe r  classification . 
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C o b w eb an d mos t  othe r  hiercirchica l  system s 

assimi e tha t  observation s ar e represente d a s nom -

ina l  attribute-valu e pairs .  However ,  recen t  wor k 

has extende d th e basi c fr?miewor k t o handl e real -

value d attribute s (Geimari ,  Langley ,  &  Fisher , 

1989 )  an d structure d description s (Thompso n & 

Langley ,  1989) ,  i n whic h acquire d concept s ar e de -

fine d i n term s o f  othe r  acquire d concept s an d re -

lation s amon g them .  Moreover ,  som e researcher s 

hav e adapte d suc h relationa l  representation s fo r 

use i n concep t  formatio n ove r  trace s o f  problem -

solvin g experience s (e.g. ,  Yang ,  Yoo ,  &  Fisher , 

i n press) .  I n thi s approach ,  previou s experienc e i s 

orgcinize d i n m e m o r y Jin d accesse d fo r  us e i n guid -

in g behavio r  o n nove l  problems .  Suc h model s m a y 

explai n th e origi n functiona l  categories ,  a s wel l  a s 

predictin g psychologica l  phenomen a i n problem -

solvin g domciin s tha t  ar e analogou s t o thos e foun d 

i n simpl e categorizatio n tasks . 

Despit e it s initia l  motivatio n i n term s o f  com -

putationa d efficacy ,  C o b w e b als o accoimt s fo r 

a vjiriet y o f  psychologica l  phenomen a (Fishe r  & 

Langley ,  i n press) .  It s accoun t  o f  basic-leve l  ef -

fect s follow s fro m it s us e o f  categor y utility ,  bu t 

wit h assumption s abou t  retrieva l  rates ,  accoimt s 

of  typicalit y effect s an d fa n effect s (Anderson , 

1976 )  als o emerge .  Lik e th e othe r  model s w e 

hav e examined .  C o b w e b ca m represen t  am d ac -

quir e nonlogica l  categories ,  bu t  i t  Cci n her n di e log -

ica l  rule s a s a  specia l  case .  Th e syste m take s ad -

Veintage s o f  correlation s Jimon g features ,  thoug h i t 

represent s the m onl y indirectly ,  an d Fishe r  (1987 ) 

has extensivel y teste d it s predictiv e ability .  Ex -

tension s t o th e framewor k sho w promis e fo r  struc -

tura l  knowledge ,  an d th e mode l  eve n mjike s cer -

tai n prediction s abou t  interaction s betwee n typ -

icalit y an d basi c level s (Fisher ,  1988) .  Thus ,  hi -

erarchica l  method s fo r  concep t  formatio n provid e 

anothe r  promisin g framewor k fo r  explainin g th e 

natur e o f  hmnai n categorization . 

6 Conclusions 

We have presented three models that accotmt for 

some empirica l  finding s i n categor y formation .  N o 

one mode l  cleiim s t o accoun t  fo r  al l  o f  th e com -

plexit y o f  categor y formation .  I n som e cases , 

technique s use d i n on e mode l  ca n addres s short -

coming s o f  othe r  models .  Fo r  example ,  C o r a sug -

gest s a  wa y o f  goin g beyon d pairwis e conjunction s 

i n th e configura l  cu e mode l  whil e avoidin g th e 

enumeratio n o f  al l  possibilities .  I n som e cases ,  th e 

model s provid e contrastin g accoimt s fo r  th e sam e 

phenomenon .  Fo r  example ,  bot h C o b w e b ein d 

th e configural-cu e mode l  propos e differen t  mech -

anism s t o accoun t  fo r  basic-level s effects . 

Some phenomen a ar e no t  addresse d b y an y o f 

th e models .  I n particular ,  non e provid e a n ex -

plici t  accoun t  fo r  th e primin g effec t  (e.g. .  Palmer , 

1975 )  o f  expecte d contexts ,  thoug h th e us e o f  con -

ditiona l  probabilitie s i n C o r a am d C o b w e b sug -

gest  possibl e extensions .  A U o f  th e curren t  model s 

emphasiz e th e rol e o f  th e informationai l  structur e 

of  th e enviroimient ,  ignorin g th e rol e playe d b y 

th e learner' s goal s an d theorie s o f  th e worl d i n 

categor y formation . 

We hav e focuse d o n demonstratin g tha t  em -

pirica l  generahzation s o f  h u m a n learrun g suc h a s 

basic-leve l  an d typicalit y effect s ca n aris e a s emer -

gent  propertie s o f  computationa l  models .  I t  i s 

equall y importan t  tha t  thes e computationa l  mod -

el s meik e prediction s an d b e use d t o formulat e 

hypothese s abou t  huma n behavio r  tha t  ca n b e 

teste d empirically .  Furthermore ,  th e precisio n de -

majide d b y computationa l  model s ofte n raise s is -

sues tha t  migh t  hav e otherwis e bee n overlooked . 

Thus ,  w e fee l  tha t  experimentatio n an d compu -

tationa l  modelin g pla y essentia l  complementar y 

role s i n understeindin g cognition . 
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