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ABSTRACT 

We test a configural-cue network model of human classification and recognition 

learnin g base d o n Rescorl a &  Wagner' s (1972 )  mode l  o f  classica l  conditioning .  Th e 

model  extend s th e stimulu s representatio n assumption s fro m ou r  earlie r  one-laye r 

networ k mode l  (Gluc k &  Bower ,  1988b )  t o includ e pair-wis e conjunction s o f 

feature s a s uniqu e cues .  Lik e th e exempla r  contex t  mode l  o f  Medi n &  Schaffe r 

(1978) ,  th e representationa l  assumption s o f  th e configural-cu e networ k mode l 

embody a n implici t  exponentia l  deca y relationshi p betwee n stimulu s similarit y an d 

and psychologica l  (Hamming )  distance ,  a  relationshi p whic h ha s receive d substan -

tia l  independen t  empirica l  an d theoretica l  suppor t  (Shepard ,  1957,1987) .  I n addi -

tio n t o result s fro m anima l  learning ,  th e mode l  account s fo r  severa l  aspect s o f  com -

ple x huma n categor y learning ,  includin g th e relationshi p betwee n categor y similar -

it y an d linea r  separabilit y  i n determinin g classificatio n difficult y (Medi n & 

Schwanenflugel ,  1981) ,  th e relationshi p betwee n classificatio n an d recognitio n 

memory fo r  instance s (Hayes-Rot h &  Hayes-Roth ,  1977) ,  an d th e impac t  o f  corre -

late d attribute s o n classificatio n (Medin ,  Altom ,  Edelson ,  &  Freko ,  1982) . 

I n earlie r  papers ,  w e hav e explore d a  simpl e adaptiv e networ k a s a  mode l  o f  huma n learnin g 

(Gluc k &  Bower ,  1986 ,  1988a ,  1988b ;  Gluck ,  Corter ,  Bower ,  &  Kyleberg ,  1988) .  W e hav e use d 

Rescorl a an d Wagner' s (1972 )  descriptio n o f  classica l  conditionin g an d extende d i t  t o huma n 

classificatio n learning .  Th e learnin g rul e i s th e sam e a s th e leas t  mea n square s (LMS )  learnin g rul e 

fo r  trainin g one-laye r  network s (propose d b y Widro w &  Hoff ,  1960) .  Th e mode l  ha s bee n fit  t o dat a 

fro m experiment s o n probabilisti c  classificatio n learnin g wit h multipl e cues .  Whil e thi s simpl e 

model  ca n b e applie d t o onl y a  restricte d rang e o f  experimenta l  circumstances ,  i t  ha s show n a 

surprisin g accurac y i n predictin g huma n behavio r  withi n tha t  range-people' s choic e percentage s 

durin g learning ,  th e relativ e difficult y o f  learnin g variou s classifications ,  a s wel l  a s thei r  response s t o 

generalizatio n test s involvin g nove l  combination s o f  cues . 

This paper extends the stimulus representation assumptions used previously. We assume in 

thi s "configural-cue "  mode l  tha t  pair-wis e conjunction s o f  stimulu s feature s ar e encode d a s uniqu e 

elements .  Thi s configura l  cu e assumptio n i s commo n i n th e anima l  learnin g literatur e (e.g. ,  Wagne r 
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and Rescorla .  1972) .  an d ha s bee n use d t o explai n a  rang e o f  results  (e.g. ,  Rescorla .  1972 .  1973) . 

Thi s pape r  show s ho w thi s extende d mode l  account s fo r  severa l  aspect s o f  comple x categor y learn -

in g b y humans . 

BACKGROUND 

The ingredients of the basic networic model are shown in the left side of Figure (1 A). 

Presentatio n o f  a  stimulu s o r  patter n o f  cue s correspond s t o activatin g on e o r  mor e o f  th e sensor y 

element s o n th e left .  The y sen d thei r  activation s t o a  singl e outpu t  uni t  alon g associativ e line s whic h 

hav e amplifie r  weights ,  th e w, .  Th e weighte d input s ar e summed a t  th e outpu t  node ,  an d thi s outpu t 

"^WjOj,  i s converte d int o som e response  measure .  I n a  classica l  conditionin g siniation ,  th e input s 

are single to-be-conditioned stimuli such as lights and bells that are paired with the unconditional 

stimulus ,  suc h a s foo d fo r  a  hungr y dog ;  th e outpu t  nod e reflects  th e animal' s expectatio n o f  th e 

unconditiona l  stimulu s give n th e cue s presented .  I n a  classificatio n experimen t  involvin g huma n 

adult s a s subjects ,  th e stimul i  migh t  b e pattern s of ,  say ,  medica l  symptom s displaye d b y a  patient , 

and th e outpu t  reflects  th e degre e t o whic h th e mode l  expect s suc h a  patien t  t o hav e som e targe t 

diseas e (classification )  versu s alternativ e diseases . 

The network operates in a training environment in which reinforcing feedback (the UCS or 

th e correc t  classification )  i s give n jus t  afte r  eac h stimulu s pattern .  Th e centra l  axio m o f  th e mode l  i s 

it s learnin g rule ,  whic h i s tha t  th e weights ,  th e w ,  s ,  chang e o n eac h tria l  accordin g t o Equatio n 1 : 

Aw,  =(k,(A. -  TyvjUj ) 
(1 ) 

Here .  X  i s th e trainin g signa l  whic h migh t  b e -i- l  fo r  th e correc t  categor y an d 0  fo r  a n incorrec t 

category .  Th e cue-intensit y parameter ,  a ,  i s assume d t o b e 1  i f  cu e /  i s presen t  o n th e trial ,  an d 0  i f 

it' s  not .  Th e learnin g rate ,  p .  i s a  paramete r  (o n th e orde r  o f  .0 1 i n mos t  simulations )  tha t  determine s 

ho w muc h th e weight s chang e whe n th e outpu t  differ s fro m th e trainin g signal ,  X . 
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Figur e 1 .  (A )  A  simpl e one-laye r  networ k whic h ca n lea m th e association s betwee n thre e cue s (CSs ) 
and on e outcom e (US) .  (B )  A  configural-cu e networ k wit h th e cue s fo r  a  smal l  whit e squar e activated . 
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Equatio n 1  i s variousl y calle d Ui c delt a rule ,  ih c Icast-mean-squar c ( L M S )  rule ,  o r  th e 

Rescorla-Wagne r  conditionin g rul e (fo r  a  discussion ,  se e Gluc k &  Bower ,  1988a) .  Importantly ,  i t 

correct s al l  weight s accordin g t o th e degre e o f  erro r  betwee n th e network' s curren t  outpu t  an d wha t 

was desire d fo r  thi s pattern .  Thi s define s a  learnin g proces s whereb y th e weight s o n th e inpu t  line s 

converg e t o value s tha t  reflec t  th e relativ e correlation s o f  th e stimulu s feature s wit h th e feedbac k sig -

nal .  I n a  medica l  setting ,  thes e weight s reflec t  th e differentia l  validit y o f  eac h sympto m (cue )  fo r 

eac h diseas e (category) .  W e hav e applie d thi s baselin e mode l  t o a  variet y o f  classificatio n experi -

ment s (se e Gluc k &  Bower ,  1986 ,  1988a ,  1988b) .  I n eac h case ,  th e simples t  identification s hav e 

been used ,  viz. ,  presentatio n o f  a  specifi c  medica l  sympto m (e.g. ,  stomac h cramps )  corresponde d i n 

th e mode l  t o turnin g o n a  specifi c  inpu t  node .  Thus ,  a  patter n o f  medica l  symptom s exhibite d b y a 

patien t  wa s represente d b y activatio n o f  th e correspondin g inpu t  node s i n th e model .  Thes e 

identification s wer e successfu l  i n fittin g th e dat a o f  th e earl y experiment s b y u s an d other s (Este s e t 

al. ,  i n press ;  MacMillan ,  1987 ;  Nosofsky ,  persona l  communication) . 

However, this approach, of theoretically identifying each experimental stimulus cue with a 

singl e inpu t  nod e i n th e model ,  encounter s severa l  difficulties .  Mos t  familiarly ,  one-laye r  network s 

wit h suc h manifes t  stimulu s identification s ar e incapabl e o f  learnin g classification s tha t  ar e no t 

"linearl y separable" .  A n exampl e i s th e exclusive-o r  ( X O R )  problem ,  wherei n stimulu s pattern s 

(0,0 )  an d (1,1 )  belon g t o on e category ,  whil e pattern s (1,0 )  an d (0,1 )  belon g t o another .  A  c o m m o n 

approac h fo r  solvin g suc h non-linea r  classificatio n problem s i s t o postulat e additional ,  "hidde n units " 

whic h connec t  betwee n th e inpu t  an d outpu t  unit s (Parker ,  1986 ;  Rumelhart ,  Hinton ,  &  Williams , 

1986) .  Whil e thes e multi-laye r  network s hav e grea t  powe r  fo r  learnin g comple x discriminations , 

the y ar e insufficientl y constraine d t o serv e ye t  a s testable ,  psychologica l  model s o f  simpl e learning . 

They requir e larg e number s o f  assumption s regardin g thei r  structur e (e.g. ,  th e basi c representatio n o f 

stimul i  an d responses ,  th e numbe r  an d connectivit y  o f  hidde n units ,  etc.) ,  thei r  learnin g rule ,  an d 

thei r  metho d fo r  calculatin g respons e probabilities . 

For such reasons, we preferred initially to explore the viability of a simple extension of the 

elementar y model ,  on e whic h postulate s tha t  conjunction s o f  elementar y stimulu s feature s ca n serv e 

as "higher-order "  feamre s o f  a  stimulu s pattern .  Thus ,  give n th e presentatio n o f  a n experimenta l  pat -

ter n consistin g o f  elementar y feature s B C D ,  w e wil l  assum e tha t  thi s  i s reflecte d i n activatio n o f 

inpu t  node s correspondin g t o th e singl e element s B ,  C ,  an d D ,  an d th e pair-wis e conjunct s B C ,  B D , 

and C D .  A s anothe r  illustration ,  Figur e I B show s a  networ k tha t  i s learnin g t o classif y geometri c 

pattern s varyin g i n size ,  color ,  an d shape :  presentatio n o f  a  "smal l  whit e square "  cause s activatio n o f 

th e inpu t  node s blackene d i n th e figure  fo r  singl e an d pair-wis e cues . 

We will assume that such "configural" features obey the same activation and learning rules 

as d o th e singl e features ,  viz. ,  Eq.l .  Th e inclusio n o f  suc h configura l  feature s a s "inputs "  no w 

enable s th e one-laye r  mode l  t o lear n th e X O R proble m a s wel l  a s othe r  non-linearl y separabl e 

discriminations . 

To include configural cues is hardly a novel move for theories of discrimination learning. 

Learnin g theorie s hav e traditionall y recognize d configura l  learnin g (Pavlov ,  1927 ;  Woodbury ,  1943) . 

Wagner  an d Rescori a (1972 ,  p .  306 )  explicitl y  expande d thei r  theor y o f  conditionin g t o includ e 

configura l  cues ;  an d i n a  serie s o f  studies ,  Rescori a (1972,1973 )  foun d tha t  configura l  cue s hav e 

many o f  th e sam e associativ e propertie s a s singl e cues .  I n particular ,  Rescori a foun d tha t  configura l 

cues ca n acquir e bot h excitator y an d inhibitor y associations ,  tha t  thei r  associativ e strength s summat e 

wit h thos e o f  singl e cue s t o determin e behavior ,  tha t  configura l  cue s ca n modif y th e effectivenes s o f 

a give n reinforcin g event ,  an d tha t  thei r  strengt h ca n b e attenuate d b y makin g the m irrelevan t  t o th e 

discriminatio n bein g trained .  Thus ,  ou r  introductio n o f  configura l  cue s int o th e one-laye r  networ k i s 

supporte d b y a  considerabl e history . 
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We wil l  impos e on e arbitrar y limitatio n upo n th e configura l  cu e mode l  teste d i n thi s paper , 

namely ,  tha t  onl y pair-wis e conjunction s o f  elementar y feauire s wil l  b e allowed .  A n alternative , 

propose d b y Reitma n &  Bowe r  (1973) ,  Hayes-Rot h &  Hayes-Rot h (1977) ,  an d Gluc k &  Bowe r 

(1988a) ,  i s t o introduc e a s higher-orde r  featiû s th e entir e power-se t  o f  al l  subset s o f  eac h n -

dimensiona l  stimulu s presente d i n th e experiment .  Thi s power-se t  mode l  rapidl y become s unwieldy , 

so w e hav e restricted  ou r  exploration s t o th e pair-wis e conjunctio n versio n o f  i t 

In the following, the predictions of the configural cue model are compared to the data from 

thre e representative,  critica l  experiment s fro m th e literatur e o n huma n classificatio n learning .  Th e fit 

of  th e configura l  cu e mode l  t o th e observe d dat a wil l  b e compare d t o th e fit  o f  tw o othe r  models :  (1 ) 

th e single-cue-onl y model ,  an d (2 )  a n alternat e extensio n o f  th e networ k mode l  recently  propose d b y 

Este s (i n press) .  Este s suggeste d usin g a s input s onl y th e singl e cue s an d th e ful l  patterns ,  s o tha t 

presentatio n o f  B C D woul d activat e inpu t  node s B ,  C ,  D .  an d (BCD) .  W e wil l  cal l  thi s th e "feature -

pattern "  model . 

LINEAR SEPARABILITY IN CLASSIHCATION LEARNING 

We provide three illustrations extending the configural-cue model to account for several 

aspect s o f  comple x huma n categor y learning .  First ,  th e inabilit y  o f  th e simpl e networ k mode l  t o 

solv e non-lineariy-separabl e classification s ha s historicall y bee n a  majo r  reason  fo r  introducin g 

configura l  cue s int o one' s theory .  Therefore ,  w e wishe d t o appl y th e configural-cu e mode l  t o suc h a 

non-linea r  learnin g task .  A n experimen t  b y Medi n &  Schwanenfluge l  (1981 )  provide s relevant  data . 

Figur e 2  schematize s th e 6  stimulu s pattern s tha t  tw o group s o f  colleg e student s learne d t o classif y 

as A' s o r  B's .  Th e tw o value s o f  th e fou r  stimulu s dimension s ar e denote d 1  an d 0 .  T o recogniz e 

th e linea r  separabilit y  o f  th e left-han d classification ,  not e tha t  th e numbe r  o f  I' s  i n Dimension s 1 ,  3 , 

and 4  equa l  2  fo r  th e A-stimuli ,  bu t  i s les s tha n 2  fo r  an y B  stimulus ;  however ,  n o suc h linea r  combi -

natio n o f  feamr c valve s wil l  separat e th e tw o classe s o f  pattern s i n th e right-hand  classificatio a 

Not e to o tha t  th e tw o classification s ar e perfectl y balance d i n term s o f  th e averag e numbe r  o f  share d 

feature s amon g pattern s withi n eac h clas s (averag e o f  1.3 3 share d features )  an d share d feature s o f 

pattern s acros s differen t  classe s (averag e o f  1.78) .  Medi n an d Schwanenfluge l  foun d tha t  thei r  sub -

ject s learne d thi s nonlineariy-separabl e proble m mor e easil y tha n thei r  linearly-separabl e proble m 

(se e Figur e 3A) .  Thei r  mode l  predicte d thi s becaus e i t  calculate s th e similarit y o f  tw o pattern s i n a 

nonlinea r  fashion ,  s o tha t  confusion s o f  a  tes t  patter n wit h memorie s o f  tw o A-pattem s wit h whic h i t 

share s 1  an d 3  feamre s wil l  b e muc h greate r  tha n it s confusion s wit h tw o B-pattem s wit h whic h i t 

share s 2  feamre s each . 

We attempted to simulate the Medin & Schwanenflugel results with the network model 

usin g thre e differen t  representations  o f  th e stimuli :  th e single-cu e (baseline )  model ,  th e pair-wis e 

configural-cu e model ,  an d th e feature-patter n model .  I n al l  th e simulations ,  w e use d a  learnin g rat e 

of  p  =  0.01 ,  on e outpu t  node ,  an d reinforced  th e networ k wit h X  =  + 1 fo r  categor y A  exemplars ,  an d 

X =  - 1 fo r  categor y B  exemplars .  Eac h networi c ha d tw o cu e node s fo r  eac h dimensio n -  on e nod e 

represented  th e presenc e o f  a  cue ,  th e othe r  it s  complement .  Th e configural-cu e networ k ha d addi -

tiona l  node s fo r  al l  pair-wis e combination s o f  featur e values . 

Caiegor y A 

Cattgor y B 

Untarh f  S ârab U Tas k 
Exemplt f  Dimensio n 1 

12 1 4 1 
Al 
A2 
A3 
Bl 
B2 
B3 

0 11 1 1 
1 1 1 0 
10 0  1 
10 0  0  1 
0 0  0  1 
Ol i o 

Non-Untarl y Separabi d Tas k 
1 Exempii r  Dimensio n 
1 1 2 3  4 
1 ^ ^ 

A2 
A3 1 B l 
B2 
B3 

11 0 0 
0 0  1 1 
1 1 1 1 
0 0  0  0 
0 1 0 1 
10 1 0 

Figur e 2 .  Classificatio n task s i n Medi n &  Schwanenfluge l  (1981) .  Experimen t  #3 . 
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Figur e 3 B show s th e averag e mea n square d erro r  fo r  eac h trainin g epoc h fo r  th e single-cu e 

model .  Th e averag e M S B fo r  th e single-cu e mode l  traine d o n th e non-linearly-separabl e tas k neve r 

reaches  zero ,  meanin g tha t  thi s discriminatio n i s no t  perfectl y leamabl e b y th e single-cu e model . 

The pair-wis e configural-cu e mode l  does ,  however ,  predic t  th e correc t  orderin g o f  th e results:  i t 

learn s th e non-linea r  tas k faste r  tha n th e linea r  on e (Figur e 3 C ) .  Thus ,  di e additio n o f  featur e pair s t o 

th e input  node s improve d th e networ k performance .  Thes e theoretica l  results  sugges t  tha t  th e 

configural-cu e model ,  lik e M e d i n &  Schaffer' s contex t  mode l ,  i s  m o r e sensitiv e t o exempla r  similar -

it y (a s compute d b y a  non-linea r  multiplicativ e similarit y rule )  tha n t o di e linea r  separabilit y o f  th e 

pattern s i n th e differen t  categories .  A s note d b y Nosofsk y (1984) ,  th e multiplicativ e similarit y rul e 

i s equivalen t  t o assumin g stimulu s generalizatio n i s a n exponentia l  deca y functio n o f  psychologica l 

distance ,  th e latte r  indexe d b y th e n u m b e r  o f  featura l  mismatches .  Thi s exponentia l  relationshi p 

betwee n similarit y an d psychologica l  distanc e ha s received  substantia l  independen t  empirica l  an d 

theoretica l  suppor t  (Shepard ,  1957 ,  1987) .  Tha t  th e configural-cu e m o d e l  embodie s th e s a m e 

similarity-distanc e relationship  ca n b e see n b y computin g h o w th e n u m b e r  o f  overlappin g activ e 

node s (similarity )  change s a s a  functio n o f  th e n u m b e r  o f  overiappin g componen t  cue s (distance) .  I f 

tw o triple t  pattern s shar e on e featur e ( A B C ,  X Y C ) ,  the y wil l  hav e onl y on e activ e nod e i n c o m m o n 

an d five  node s nonoverlapping ;  i f  the y shar e tw o feature s ( A B C ,  X B C ) ,  tiiey  wil l  hav e thre e activ e 

node s i n c o m m o n (tw o componen t  cue s an d on e configural-cu e node )  an d thre e nonoverlappin g 

nodes ;  i f  the y shar e thre e feature s i n c o m m o n ,  the y wil l  hav e si x activ e node s i n c o m m o n (thre e 

componen t  cue s an d thre e configural-cu e nodes) .  Thi s implie s tha t  th e configural-cu e network ,  lik e 

th e contex t  mode l ,  wil l  judg e a  tes t  patter n t o b e m o r e simila r  t o a  categor y o f  tw o exemplar s wit h 

whic h i t  share s 1  an d 3  feature s (fo r  a n averag e o f  3. 5 node s i n c o m m o n ) ,  tha n a n alternat e categor y 

of  tw o exemplar s witi i  whic h i t  share s 2  feature s eac h (fo r  a n averag e o f  3  node s i n c o m m o n ) . 

(A)  (B ) 
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(0 ) 

\  Feature-Pattw n Moda t 

\"- ^  NL S 
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Figur e 3 .  Predicte d difficult y  o f  non-linearl y versu s linearl y separabl e classificatio n task s i n Medi n & 
Schwanenfluge l  (1981) ,  Experimen t  #3 .  LS :  linearl y separabl e classificatio n task .  NfLS :  non-linearl y 
separabl e task .  Th e mea n square d erro r  (MSE )  represent s th e absolut e differenc e (squared )  betwee n 
th e actua l  an d predicte d categor y classification s average d ove r  al l  presentatio n exemplars .  Tas k 
difficult y  i s predicte d b y th e rat e a t  whic h th e mode l  reduce s th e M S E t o zero .  (A) .  Th e dat a o n per -
centag e errors ,  showin g tha t  th e L S proble m i s mor e difficul t  (slowe r  t o learn) ;  adapte d fro m Medi n & 
Schwanenfluge l  (1981) .  (B) .  Th e incorrec t  prediction s o f  th e one-cu e networ k mode l  showin g tha t 
onl y th e L S tas k i s leamable .  (C )  Th e close r  prediction s o f  th e pair-wise "  configural-cu e mode l  show -
in g tha t  th e L ^  categor y i s mor e difficul t  (slowe r  t o learn) .  (D) .  Th e les s accurat e prediction s o f  th e 
"feature-pattern "  model . 
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Interestingly ,  th e feature-patter n mode l  whic h use s onl y singl e cu e plu s ful l  pattern s (se e 

Fig .  3D )  mispredict s th e orderin g o f  th e data .  Althoug h th e additio n o f  node s representing  entir e 

pattern s allow s th e mode l  t o lear n complex ,  non-linea r  discriminations ,  i t  expect s th e non-lineari y 

separabl e tas k t o b e learne d mor e slowl y tha n th e linearly-separabl e one-contrar y t o fac t 

RECOGNITION MEMORY VERSUS CLASSIFICATION 

In testing models of category learning, we may examine how the classification of a given 

tes t  patter n depend s o n th e subjects '  remembering  specifi c  exemplar s tha t  wer e show n durin g train -

ing .  Suc h "recognitio n memory "  ca n b e teste d b y askin g subject s t o judg e whethe r  eac h tes t  patter n 

i s a n "old "  trainin g instance ,  o r  a  "new "  instanc e no t  experience d before .  Prototyp e theories ,  whic h 

assxim e tha t  peopl e extrac t  onl y a  mea n centroi d fix)m  th e trainin g exemplars ,  expec t  a  stron g corre -

latio n betwee n th e classificatio n an d "old "  judgment s fo r  tes t  exemplars ,  sinc e bot h decision s coul d 

presumabl y onl y b e base d o n th e distanc e o f  th e exempla r  fro m th e prototype . 

An experiment by Hayes-Roth and Hayes-Roth (1977) examined this issue; they found a 

surprisingl y lo w correlatio n betwee n subjects '  classification s an d thei r  Ol d (vs .  N e w )  judgment s ove r 

a variet y o f  tes t  patterns .  I t  wa s o f  interes t  t o se e whethe r  th e configural-cu e mode l  coul d duplicat e 

thi s surprisin g lac k o f  correlatio n betwee n classificatio n an d recognitio n memory . 

In the Hayes-Roth & Hayes-Roth task, subjects learned to classify into three categories 

(Clu b 1 ,  Q u b 2 .  o r  Neither )  description s o f  peopl e wh o varie d alon g thre e dimension s wit h fou r 

value s pe r  dimensio n Gabele d 1-4) .  Th e presenc e o f  a  majorit y o f  I' s  wit h n o 4' s (e.g. ,  112,131 ) 

signifie d membershi p i n clu b 1 ,  wherea s a  majorit y o f  2' s wit h n o 4' s (e.g. ,  212,221 )  indicate d clu b 

2.  A n equa l  numbe r  o f  1  ' s  an d 2' s wit h n o 4' s indicate d membershi p i n eithe r  category .  I f  an y 4' s 

wer e present ,  th e perso n belonge d t o neithe r  category .  Th e 3' s wer e irrelevan t  Specifi c  pattern s 

("persons" )  wer e presente d wit h widel y varyin g frequencies .  Fo r  example ,  th e mos t  prototypica l 

categor y member s (e.g. ,  111,222,333,444 )  wer e neve r  presente d durin g th e trainin g phase ;  how -

ever ,  the y wer e show n o n subsequen t  recognition  an d classificatio n tests . 

As noted, Hayes-Roth & Hayes-Roth found that classification of an exemplar correlated 

poorl y wit h it s recognition .  Fo r  instance ,  subject s gav e th e non-presente d categor y prototype s // / 

and 222 ,  th e highes t  classificatio n ratings ;  i n contrast ,  thes e prototype s wer e rarel y recognized  a s 

"old "  trainin g instances .  Also ,  certai n exemplar s whic h wer e presente d ofte n durin g trainin g (e.g. , 

112,121 )  received  th e highes t  recognitio n ratings ,  bu t  weake r  classificatio n responses. 

Nosofsky (1988) suggested that an exemplar model could predict these results if recognition 

was base d o n th e summe d similarit y o f  tha t  patter n t o al l  store d exemplars .  Usin g thi s rul e withi n 

hi s model ,  Nosofsk y fit  th e Hayes-Rot h &  Hayes-Rot h data .  Hi s amende d mode l  correctl y predicte d 

bot h th e hig h classificatio n o f  categor y prototype s 11 1 an d 222 ,  alon g wit h th e hig h recognition  o f 

frequently-presente d exemplar s (se e Figure s 4 A an d 4B) . 

We fit the single-cue and configural-cue models to the data of the Hayes-Roth and Hayes-

Rot h experiment .  A s before ,  th e exemplar s wer e presente d i n a  rando m orde r  t o th e networ k ( 3 = 

0.01 )  fo r  on e complet e pas s throug h al l  th e exemplars .  Th e networ k ha d fou r  inpu t  node s (cu e 

values )  fo r  eac h o f  th e thre e dimension s (1 2 total )  connecte d t o thre e outpu t  node s (Clu b 1, 2 o r  Nei -

ther) .  Th e probabilit y  o f  assignin g a  tes t  patter n t o Clu b 1  v s Q u b 2  wa s se t  equa l  t o th e strengt h o f 

th e on e outpu t  activatio n divide d b y th e summe d strengt h o f  th e outpu t  activation s fo r  bot h club s 

(wit h negativ e activatio n value s bein g converte d t o 0) .  I n contrast ,  th e recognition-memory  ratin g o f 

a tes t  patter n wa s predicte d from  th e summed activatio n o f  al l  thre e ouqju t  node s (includin g th e Nei -

the r  node )  t o tha t  pattern ,  whic h i s a  rul e simila r  t o Nosofsky' s (1988) .  Figur e 4 A illustrate s th e net -

wor k model' s recognitio n an d classificatio n responses  t o tes t  pattern s (average d ove r  1000 0 simulations) , 
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(B) RECOGNITION 
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Figur e 4 .  Predicte d response s o f  subject s i n th e Hayes-Rot h &  Hayes-Rot h (1977 )  learnin g task .  Pred -
iction s o f  variou s model s ar e plotte d agains t  subject' s performaitc e (z-scores )  fo r  bot h th e classificatio n 
(4A )  an d th e recognitio n (4B )  phase s o f  th e experiment .  Th e Spearma n rank-orde r  conelatio n betwee n 
a model' s prediction s an d th e subjects '  performanc e i s reported .  Eac h numbe r  o n eac h plo t  represent s 
th e z-scor e fo r  classificatio n (4A )  o r  fo r  recognitio n (4B )  fo r  on e o f  th e 2 8 tes t  patterns .  (A ) 
Classificatio n rating s fo r  Nosofsky' s contex t  model ,  th e single-cu e codin g model ,  an d th e configur*! -
cu e networ k model .  (6 )  Recognitio n rating s fo r  th e thre e models . 

plotted against the observed ratings (transfonned z-scores) by subjects. While the single-cue, base-

lin e m o d e l  correctl y predicte d subject' s classificator y response s ( a r a n k o rde r  coefficien t  o f  0 . 91 ) ,  i t 

predicte d recognition  m e m o r y les s successfull y ( ran k o rde r  coefficien t  o f  0 .83 ) . 

In contrast, the configural cue model was more successful overall. Figure 4 shows its pred-

iction s fo r  thes e data .  Prediction s o f  classificator y responses  ar e accurat e (ran k orde r  correlatio n = 

0.96) ;  importantly ,  th e accurac y o f  recognitio n prediction s improve s ove r  tha t  o f  th e single-cu e 

model  (ran k orde r  correlatio n =  0.89) .  Thus ,  th e configural-cu e mode l  account s fo r  boti i 

classificatio n an d recognitio n memor y wit h onl y a  singl e parameter ,  viz. ,  th e learnin g rate ,  p . 

Despite this overall success, the configural cue model evidences shortcomings similar to 

Nosofsky's .  Bot h models ,  fo r  example ,  predic t  a  muc h lowe r  recognition  o f  th e "Neither "  prototyp e 

444 tha n wa s actuall y obtained .  Similarly ,  bot h model s predic t  chanc e classificatio n o f  th e "Neither " 

(444 )  an d th e "Unknown "  (333 )  prototypes ,  wherea s subject s wer e biase d toward s on e particula r 

category .  Examinatio n o f  th e dat a reveals  n o reason  fo r  thes e discrepancies . 

Fmally, we compared the predictions of Estes' feature-pattern encoding model to the results 

of  th e configural-cu e networi c  fo r  th e Hayes-Rot h &  Hayes-Rot h data .  Th e feature-patter n model' s 

prediction s fo r  bot h set s o f  dat a wer e ver y simila r  t o thos e fo r  th e pair-wis e configura l  cu e model , 

and yielde d n o discriminatin g comparisons . 
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C O R R E L A T ED ATTRIBUTE S A N D C A T E G O RY L E A R N I N G 

An obvious limitation of the single-cue model is that it is insensitive to the predictive vali-

dit y o f  pair s o f  features .  T h e weight s attache d t o eac h singl e cu e refle a th e association s betwee n i t 

an d th e severa l  categories ,  bu t  thes e canno t  captur e correlation s betwee n cue-combination s an d th e 

categories .  People ,  o n th e othe r  hand ,  ar e sensitiv e t o predictiv e combination s o f  features .  Medin , 

Al tom ,  Edelson ,  &  Frek o (1982 )  teste d subject' s us e o f  combination s o f  symp tom s i n a  simulate d 

medica l  classificatio n task .  Thei r  Experimen t  # 3 pu t  people' s classificatio n o f  pattern s accordin g t o 

co-occurrin g feature s int o oppositio n t o thei r  tendenc y t o classif y pattern s accordin g t o th e numbe r 

o f  singl y representative  cues .  Subject s first  learne d t o classif y pattern s o f  symp tom s int o a  singl e 

diseas e category .  Eac h patter n consiste d o f  five  binar y dimensions ;  thes e ar e illustrate d i n Figur e 5 A 

wher e a  '  1 '  o r  a  '0 '  o n eac h dimensio n indicate d a  sympto m valu e o r  it s complement . 

The fourth and fifth symptom dimensions were perfectly correlated with each other. Also, 

fo r  an y dimension ,  th e tota l  numbe r  of'I' s  acros s presente d pattern s exceede d th e tota l  numbe r  o f 

'O's .  Thus ,  th e presenc e o f  a  '  1 *  i n a  particula r  dimensio n indicate d it s mor e typica l  o r  characteristi c 

value .  T h e goal s o f  th e stud y wer e (1 )  t o asses s whethe r  peopl e woul d us e th e correlatio n betwee n 

symptom-dimension s fou r  an d five  t o classif y instances ,  an d (2 )  t o se e h o w thi s informatio n woul d 

be combine d wit h informatio n abou t  th e typicalit y o f  th e individua l  feature s t o determin e choice . 

Subjects smdied the individual cases shown in Figure 5A and subsequently received transfer 

tes t  pair s containin g bot h n e w an d ol d pattern s (Figur e 5 B ) .  Fo r  eac h transfe r  tes t  pair ,  subject s ha d 

t o decid e whic h exempla r  w a s mor e likel y t o b e a  m e m b e r  o f  th e categor y define d b y th e collectio n 

o f  trainin g instance s i n Figur e 5  A  .  O n th e critica l  transfe r  tests ,  subject s chos e betwee n s o m e 

exempla r  preservin g tfie  relationship  betwee n th e fourt h an d fiftti  dimension s versu s anothe r  exem -

pla r  tha t  violate d thi s correlatio n bu t  ha d mor e characteristi c feature s (mor e '  1  's) . 

Because the single-cue model, like all independent cue models, considers each feature 

separately ,  i t  predict s tha t  subject s wil l  selec t  th e transfe r  patter n containin g mor e characteristi c attri -

bute s a s th e mor e likel y m e m b e r  o f  th e category .  However ,  th e dat a showe d tha t  peopl e preferre d 

th e patter n containin g th e correlate d feature s a s mor e likel y t o b e a  m e m b e r  o f  th e category .  Thus , 

eve n thoug h a  tes t  patter n ha d fewe r  diagnosti c feature s present ,  subject s wer e mor e likel y t o sa y i t 

was a  m e m b e r  o f  th e categor y w h e n th e fourt h an d fifth  symptom s preserve d th e correlatio n 

presente d durin g trainin g 

(A )  Exempla r 

a 
b 
c 
d 
e 
f 
8 
h 
i 

Dimensio n 
12 3 4 5 
0 1  0 
1 1  0 
0 0  1 
I  0  1 
1 1  1 
1 1  1 
1 0  0 
0 I  1 

0 0 
0 0 

I  1  1  0  0 

(B ) 
Exempla r  A 

11 1 0 0 
0 0  1  1 1 
0 1 0 1 1 
0 0  1  0  0 
10 0  0  0 

networ k 

1.01 7 
0.99 2 
0.99 1 
0.91 4 
0.9S 1 

vt . 
vt . 
VI . 
VI . 
VI . 

Exempla r  B 

1 1 1 0 1 
1 1 1 0 1 
1 1 1 1 0 
0 0  1  0  1 
10 0  1 0 

networ k 
activatio n 

0.92 3 
0.92 3 
0.92 3 
0.86 0 
0.88 7 

averag e 0.91 9 averag e 0.90 3 

Figur e 5 .  Schemati c desig n o f  Medin ,  Altom ,  Edelson ,  &  Frek o (1982) ,  Experimen t  #3 .  (A )  Tnunin g 
exemplars .  A  '  1 '  o n a  particula r  dimensio n indicate s it s mor e common ,  o r  characteristic ,  value . 
I>imension s 4  an d 5  ar e perfectl y correlate d wit h eac h othe r  an d wit h th e correc t  category .  (B )  Transfe r 
choic e tes t  pairs .  Afte r  training ,  subject s wer e presente d wit h eac h choic e tes t  pai r  an d aske d t o choos e 
th e exempla r  mos t  likel y t o b e a  member  o f  th e collectio n describe d b y (A) .  Th e choic e test s compare d 
exemplar s preservin g th e correlatio n betwee n dimension s 4  an d 5 ,  t o thos e tha t  violate d th e correlation , 
but  containe d mor e characteristi c value s (mor e '  1  's) .  I n al l  choic e test s th e configtm J mode l  correctl y 
predict s tha t  peopl e wil l  jxefc r  th e exempla r  preservin g th e correlatio n betwee n dimension s 4  an d 5  a s 
a mor e likel y member  o f  th e category . 
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Our  simulatio n o f  thi s experimen t  wit h th e configura l  cu e mode l  use d al l  1 0 single-cu e an d 

al l  3 2 cu e pair s a s inpu t  node s linke d t o on e outpu t  nod e representin g categor y membership .  Sinc e 

al l  presente d exemplar s wer e member s o f  th e category ,  al l  presentation s wer e consistentl y reinforce d 

(> ,  =  +1) .  Figur e 5 B show s tha t  th e outpu t  activatio n o f  th e configural-cu e mode l  i s greate r  fo r  th e 

exempla r  tha t  preserve s th e correlatio n betwee n dimension s fou r  an d fiv e compare d t o th e activatio n 

produce d b y th e exempla r  wit h mor e characteristi c  attributes .  Becaus e th e network' s outpu t  activa -

tio n translate s int o choic e probability ,  th e simulatio n wil l  correctl y predic t  tha t  subject s wil l  prefe r 

thos e pattern s tha t  preserv e th e correlatio n i n th e transfe r  choic e tests .  Th e mode l  expect s thi s resul t 

becaus e feature-conjunct s ( 4 &  5 )  ar e perfec t  predictor s o f  categor y membershi p wherea s singl e cue s 

ar e imperfec t  predictors ;  i n suc h cases ,  th e competitiv e natur e o f  th e L M S learnin g rul e implie s tha t 

a mor e vali d predictiv e featur e (o r  conjunct )  wil l  dominat e an d bea t  dow n th e learnin g o f  les s vali d 

features .  Thi s phenomenon ,  calle d "overshadowing" ,  i s familia r  i n conditionin g studies . 

The ability of the configural cue model to predict this configural-cue preference found by 

Medi n e t  al .  i s no t  completel y trivial ,  becaus e th e prediction s depen d o n th e balanc e o f  associativ e 

strengt h t o th e conjunc t  cue s versu s th e mor e characteristic ,  singl e cues .  Severa l  plausibl e model s d o 

not  calculat e th e balanc e o f  thes e factor s appropriately .  Fo r  instance ,  w e applie d t o thes e dat a Estes ' 

feature-patter n mode l  whic h ha s node s representin g th e presenc e o f  entir e pattern s a s wel l  a s singl e 

features .  Althoug h thi s i s on e wa y t o ad d configura l  patter n informatio n int o th e learnin g process , 

th e outcom e wa s unsuccessfu l  i n thi s case :  i n fou r  o f  th e five  transfe r  tests ,  th e feature-patter n mode l 

expecte d subject s t o prefe r  tha t  stimulu s wit h th e greate r  numbe r  o f  characteristi c  feature s ( 1 's )  t o 

th e on e preservin g th e correlatio n o f  feature s 4  an d 5 . 

DISCUSSION 

We have also applied the configural-cue model to explain and predict the priority of basic 

level s i n categor y hierarchies ,  an d thi s i s reporte d elsewher e (Corter ,  Gluck ,  &  Bower ,  1989) .  Th e 

configural-cu e mode l  predict s tha t  th e basic-leve l  categorie s o f  a  hierarch y o f  categorie s ar e learne d 

more quickl y tha n othe r  levels ,  an d example s ar e recognize d faste r  a t  thi s level .  Thes e result s ar e 

consisten t  wit h muc h empirica l  dat a regardin g bot h natura l  an d artificially-learne d categorie s (Jol -

icouer ,  Gluck ,  &  Kosslyn ,  1984 ;  Corter ,  Gluc k &  Bower ,  1988) .  I n Gluc k &  Bowe r  (1988a) ,  w e 

als o applie d th e configural-cu e mode l  t o a  classi c experimen t  b y Shepard ,  Hovland ,  &  Jenkin s 

(1961 )  wh o studie d th e difficult y subject s ha d i n learnin g si x classification s varyin g i n complexity . 

The mode l  predicte d th e sam e orde r  o f  difficult y o f  learnin g th e classificatio n rule s a s wa s reveale d 

i n th e data ,  excep t  fo r  on e sligh t  misordering . 

By expanding the representation of stimuli to include pair-wise configurations of features, 

th e networ k mode l  appear s t o accoun t  fo r  a  wide r  rang e o f  learnin g result s fro m bot h th e anima l  an d 

human learnin g literatures .  Som e o f  thi s succes s ca n b e trace d t o it s usin g a  similarit y metri c lik e 

tha t  o f  Medi n &  Shaffer ,  viz. ,  a n implici t  exponentia l  deca y relationshi p betwee n stimulu s similarit y 

and psychologica l  distanc e (numbe r  o f  featur e mismatches) .  Th e configural-cu e mode l  ha s severa l 

obviou s limitations ,  includin g th e exponentia l  growt h o f  inpu t  node s wit h increasin g patter n size . 

Nevertheless ,  w e believ e tha t  thi s mode l  i s interestin g fo r  fou r  reasons .  First ,  i t  i s simple ,  under -

standable ,  an d account s fo r  a  surprisingl y wid e rang e o f  empirica l  phenomena .  Second ,  i t  i s theoret -

icall y parsimoniou s an d use s assumption s fo r  whic h independen t  evidenc e alread y exists .  Third ,  it s 

successe s ar e instructiv e i n identifyin g empirica l  phenomen a whic h ca n b e explaine d a s emergen t 

fro m th e sam e elementary ,  associativ e processe s foun d i n lowe r  species .  Fourth ,  explanation s o f  th e 

failure s o f  thi s mode l  ca n sugges t  mor e sophisticate d version s o f  th e networ k model .  Suc h failure s 

may als o indicat e performance s arisin g fro m a n entirel y differen t  clas s o f  learnin g mechanisms ,  i.e. , 

th e rule-base d o r  symboli c processe s whic h hav e bee n wel l  studie d b y cognitiv e psychologists . 
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