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Abstrac t 

A rule-plus-exception model of category 
learning ,  R U L E X (Nosofsky ,  Palmeri ,  & 
McKinley ,  1992) ,  an d a n exemplar-base d 
connectionis t  mode l  o f  categor y learning , 
A L C O VE (Kxuschke ,  1992) ,  wer e evaluate d o n 
thei r  abilit y  t o predic t  th e type s o f  generalizatio n 

pattern s exhibite d b y h u m a n subjects .  Althoug h 

bot h model s wer e abl e t o predic t  th e averag e 

transfe r  dat a extremel y well ,  eac h mode l  ha d 

difficult y predictin g certai n type s o f 

generalization s show n b y individua l  subjects .  I n 

particular ,  RULEI X accuratel y predicte d th e 

prominenc e o f  rule-base d generalizations , 

wherea s A L C O V E accuratel y predicte d th e 

prominenc e o f  similarity-base d generalizations . 

A hybri d model ,  incorporatin g bot h rule s an d 

similarit y t o exemplars ,  mi|^ t  bes t  accoun t  fo r 

categor y learning .  Furthermore ,  a  stochasti c 

learnin g rule ,  suc h a s tha t  use d i n R U L E X , 

migh t  b e crucia l  fo r  captiirin g th e differen t  type s 

of  generalization s pattern s exhibite d b y 

humans . 

Introduction 

Two major theories have been advanced to 

describ e categor y learning .  Rule-base d model s 

posi t  tha t  th e categor y membershi p o f  a  nove l 

objec t  i s  determine d b y th e applicatio n o f  rules . 

Exemplar-base d model s posi t  tha t  th e categor y 

membershi p o f  a  nove l  objec t  i s  determine d b y 

ho w simila r  i t  i s t o previousl y store d exemplars . 

Thi s wor k wa s supporte d b y Gran t  P H S ROl 

MH48494-0 1 from  th e Nationa l  Institut e o f 

Menta l  Healt h t o Indian a University . 

I n general ,  nile-base d model s hav e bee n limite d 

t o situation s wher e th e categorie s ar e well -

defined .  I n thi s paper ,  w e teste d a  ne w rule -

plus-exceptio n model ,  R U L E X ,  whic h ha s bee n 

successfu l  a t  learnin g ill-define d categorie s i n 

additio n t o well-define d categorie s (Nosofsl̂ r , 

Palmeri ,  &  McKinley ,  1992) .  R U L E X an d a n 

exempla r  model ,  A L C O V E (Knischke ,  1992) ,  ar e 

teste d o n thei r  abilit y  t o predic t  th e differen t 

t3T>e s o f  generalizatio n pattern s tha t  peopl e mak e 

when categorizin g nove l  objects . 

I n a  typica l  categor y learnin g task ,  object s ar e 

presente d on e a t  a  tim e an d subject s ar e aske d t o 

decid e whethe r  a n objec t  i s a  member  o f  categor y 

A o r  categor y B .  Durin g training ,  correctiv e 

feedbac k i s provide d abou t  whethe r  th e correc t 

respons e ha s bee n made .  Followin g training ,  a 

transfe r  phas e i s give n i n whic h ol d object s a s 

wel l  a s ne w object s ar e presented ,  withou t 

feedback .  Subject s ar e require d t o judg e whethe r 

th e ne w object s ar e from  categor y A  o r  categor y 

B b y generalizin g from  wha t  the y hav e learne d 

durin g training . 

Traditionally ,  categor y learnin g model s hav e 

been judge d b y ho w wel l  the y predic t  averag e 

transfe r  dat a o r  learnin g data .  A  poin t  ha s bee n 

reache d i n theor y developmen t  wher e eac h o f  th e 

majo r  theorie s ar e abl e t o quantitativel y predic t 

a larg e numbe r  o f  extan t  phenomen a (Estes ,  i n 

press) .  Clearly ,  additiona l  dat a ar e neede d t o 

teas e apar t  th e prediction s o f  eac h o f  th e existin g 

models . 

An approac h tha t  w e propos e i s t o examin e th e 

type s o f  generalizatio n pattern s mad e b y 

individua l  subject s (se e als o Pavel ,  Gluck ,  & 

Henkle ,  1988) .  I t  i s  reasonabl e t o sugges t  tha t 

differen t  subject s migh t  b e usin g ver y differen t 

strategfie s durin g a  categor y learnin g experiment . 
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Averag e transfe r  dat a obscur e th e differen t 
pattern s  o f  generalizatio n tha t  migh t  b e foun d a t 
th e individua l  subjec t  leve l  (se e als o Marti n & 
Caramazza ,  1980) .  Ou r  goa l  i s  t o compar e th e 
observe d generalizatio n pattern s t o thos e 
predicte d b y R U L E X an d ALCOVE. 

Tabl e 1  display s th e abstrac t  categor y 
structur e tha t  wa s use d (Medi n &  Schaffer , 
1978) .  Th e categorie s wer e ill-define d i n tha t 
ther e wa s no t  a  simpl e rul e whic h coul d b e use d 
t o decid e i f  a  give n stimulu s wa s a  member  o f 
categor y A  o r  B .  Ther e wer e seve n transfe r 
stimuli ,  T1-T7 .  A  generalizatio n patter n 
AAABBBB reflect s a  subjec t  wh o classifie d 
stimul i  T1-T 3 a s a n A  an d T4-T 7 a s a  B . 

We fit  a n exempla r  model ,  ALCOVE,  an d a 
rule-plus-exceptio n model ,  RULEX,  t o th e 
resultin g distributio n o f  generalizatio n patterns . 
Althoug h bot h model s wer e abl e t o accuratel y 
predic t  th e averag e transfe r  performanc e wit h 
hig h accuracy ,  eac h mode l  wa s abl e t o 
qualitativel y predic t  onl y a  portio n o f  th e 
distributio n o f  generalizatio n pattern s foun d wit h 
individua l  subjects . 

Stimuli .  Th e stimul i  wer e computer-generate d 
lin e drawing s o f  rocketship s tha t  varie d alon g 
fou r  binary-value d dimensions :  shap e o f  wing , 
nose ,  porthole ,  an d tail .  Th e abstrac t  categor y 
structiu- e i s give n i n Tabl e 1 .  Assignmen t  o f 
physica l  dimensio n t o abstrac t  dimensio n wa s 
randomize d fo r  ever y subject . 

Procedure. There were 16 blocks of training 
trials .  Eac h o f  th e 9  trainin g stimuli ,  A1-A 5 an d 
B1-B4 ,  wer e presente d onc e pe r  block .  Th e orde r 
of  presentatio n wa s randomize d fo r  eac h subject . 
On ever y trial ,  th e subjec t  wa s presente d wit h a 
rocketshi p an d wa s aske d t o judg e i f  i t  wa s fi-om 
plane t  A  o r  plane t  B .  Afte r  responding , 
correctiv e feedbac k wa s provided . 

Durin g transfer ,  subject s wer e show n th e 9 
trainin g stimul i  a s wel l  a s 7  ne w transfe r 
stimuli ,  T1-T7 ,  i n rando m order .  Subject s judge d 
whethe r  eac h o f  th e rocketship s wa s from  plane t 
A an d plane t  B .  Ther e wer e thre e block s o f 
transfe r  trials .  N o feedbac k wa s provided . 

Results and Discussion 

M e t h o d 

Subjects. Subjects were 227 undergraduates at 
Indian a Universit y wh o participate d t o receiv e 
credi t  i n a n introductor y psycholog y course . 

Stimulu s Observe d RULEX ALCOVE 

Categor y A 
Al  111 2 
A2 121 2 
A3 121 1 
A4 112 1 
A5 211 1 

Categor y B 
Bl  112 2 
B2 211 2 
83 222 1 
84 222 2 

Transfe r 
Tl  122 1 
T2 122 2 
T3 111 1 
T4 221 2 
T5 212 1 
T6 221 1 
T7 212 2 

0.8 6 
0,9 0 
0.9 3 
0.6 6 
0.6 5 

0.3 1 
0.3 4 
0.1 2 
0.0 5 

0.5 9 
0.3 7 
0.9 2 
0.3 5 
0.2 3 
0.5 8 
0.0 8 

0.8 6 
0.8 9 
0.9 3 
0.7 1 
0.7 0 

0.3 4 
0.3 4 
0.1 2 
0.0 7 

0.6 0 
0.4 1 
0.9 3 
0.4 0 
0.2 8 
0.6 0 
0,0 8 

0.9 0 
0.9 0 
0.9 3 
0.6 1 
0.6 4 

0.3 4 
0.3 8 
0.1 6 
0.0 7 

0.6 1 
0.3 4 
0.9 3 
0.3 8 
0.1 6 
0.6 4 
0.0 7 

A media n spli t  w a s conducte d o n th e tota l 

n u m b er  o f  error s m a d e durin g th e las t  fou r 

block s  o f  training .  Overal l  transfe r  performanc e 

from  th e to p median ,  th e "learners, "  i s  s h o w n i n 

Tabl e 1  a s th e probabilit y o f  respondin g wit h 

categor y A . 

O ur  primar y interes t  w a s th e distributio n o f 

generalizatio n pattern s whic h underU e th e 

averag e transfe r  performanc e s h o w n i n Tabl e 1 . 
Observed  Dat a 

Figur e 1 . 
generalizatio n patterns . 

Probabilit v 
Observe d distributio n o f 

Tabl e 1 .  Observe d transfe r  dat a an d prediction s 
by RULE X an d ALCOVE. 
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Becaus e ther e wer e 7  ne w transfe r  stimuli ,  enc h 
of  whic h coul d b e classifie d a s a n A  o r  a  B ,  ther e 
wer e 2'=12 8 possibl e transfe r  patterns .  Onl y 3 1 
of  th e possibl e pattern s wer e observed .  Figur e 1 
display s a  histogra m o f  th e 1 9 pattern s o f 
generalizatio n tha t  wer e observe d i n mor e tha n 
one subject . 

As show n i n Figur e 1 ,  ther e wer e thre e 
prominen t  generalizatio n pattern s observed , 
AAABBBB,  ABABBAB,  an d BBAABAB.  Patter n 
A A A B B BB i s consisten t  wit h a  singl e dimensio n 
rul e alon g th e firs t  dimension ,  wher e valu e 1 
signal s a n A .  Similarly ,  patter n BBAABAB i s 
consisten t  wit h a  single-dimensio n rul e alon g th e 
thir d dimension .  W e discus s th e potentia l  sourc e 
of  thes e an d th e othe r  generalizatio n pattern s i n 
more detai l  below . 

Theoretical Analyses 

RULEX 

The Model. Nosofsky et al. (1992) introduced a 
rule-plus-exceptio n mode l  o f  classificatio n 
learnin g calle d RULEX.  Th e basi s fo r 
classificatio n learnin g i s th e acquisitio n o f  simpl e 
single-dimensio n rule s o r  conjunctiv e rule s 
supplemente d b y th e partia l  storag e o f  exception s 
t o thos e rules .  On e o f  th e mai n propertie s o f 
R U L EX i s tha t  th e behavio r  o f  individua l 
subject s i s highl y idiosyncrati c -  differen t 
subject s wil l  for m differen t  rule s an d stor e 
differen t  partia l  exception s t o thos e rules . 
Averag e classificatio n dat a ar e presume d t o b e a 
mixtur e o f  thes e individua l  strategies .  Th e 
notio n tha t  muc h o f  classificatio n learnin g i s 
base d o n th e extractio n o f  simpl e rule s wit h th e 
occasiona l  storag e o f  exception s i s no t  a  ne w on e 
(se e Marti n &  Caramazza ,  1980 ;  Pave l  e t  al. , 
1988 ;  War d &  Scott ,  1987) .  However ,  RULE X i s 
th e first  rule-plus-exceptio n mode l  t o hav e bee n 
explicitl y  formulate d an d teste d o n a  wid e 
variet y  o f  existin g dat a set s  (se e Nosofsk y e t  al. , 
1992 ,  fo r  details) . 

A schemati c flow-diagram  o f  th e processin g 
stage s o f  R U L E X i s show n i n Figur e 2 .  First , 
R U L EX attempt s t o for m a  perfec t  single -
dimensio n rule .  A n individua l  dimensio n i s 
sample d accordin g t o it s intrinsi c salienc e an d a 
single-dimensio n rul e i s forme d ove r  tha t 
dimension .  I f  th e rul e work s perfectl y fo r  a 
certai n numbe r  o f  trisds ,  csdle d th e uppe r  tes t 
windo w (equa l  t o twic e th e numbe r  o f  trainin g 
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Figur e 2 .  Schemati c flow  diagra m o f  RULEX. 

items by default), then it is permanently stored. 
I f  th e rul e fail s  t o wor k perfectly ,  the n i t  i s 
discarde d an d a  ne w dimensio n i s selecte d 
accordin g t o it s salience . 

I f  n o dimensio n yield s a  perfec t  rul e the n 
R U L EX searche s fo r  imperfec t  single-dimensio n 
rules .  A  dimensio n i s selecte d accordin g t o it s 
intrinsi c salienc e an d a n imperfec t  single -
dimensio n rul e i s retaine d fo r  a  minimu m 
number  o f  trials ,  calle d th e lowe r  tes t  windo w 
(equa l  t o th e numbe r  o f  trainin g item s b y 
default) .  Th e imperfec t  single-dimensio n rul e i s 
maintaine d onl y  i f  it s performanc e exceed s a  la x 
criterio n (aroun d 60 % correc t  b y default) .  Onc e 
th e uppe r  tes t  vrnido w i s reached ,  th e imperfec t 
rul e i s permanentl y store d i f  performanc e 
exceed s a  stric t  criterion ,  scri t  (i n general ,  scri t 
can var y ove r  som e distributio n o f  values) .  I f 
thi s rul e doe s no t  excee d th e stric t  criterio n the n 
i t  i s discarde d an d anothe r  dimensio n i s selected . 
When al l  dimension s hav e bee n sample d a  searc h 
fo r  conjimctiv e rule s begin s i n a  manne r  simila r 
t o tha t  fo r  single-dimensio n rules . 

Afte r  a  single-dimensio n rul e o r  a  coî unctiv e 
rul e i s permanentl y stored ,  the n R U L E X begin s 
th e exception-storag e process .  I f  a n ite m i s 
encountere d tha t  contradict s th e rule ,  RULE X 
probabiUsticall y sample s eac h o f  th e dimension s 
of  th e ite m wit h probabilit y  pstor ,  whic h i s a  firee 
paramete r  (i n general ,  psto r  ca n var y ove r  som e 
distributio n o f  valueŝ ;  th e dimension s tha t  wer e 
par t  o f  th e faile d rul e ar e sample d wit h 
probabilit y  one .  Storag e o f  th e exception s i s als o 
probabilistic .  I t  i s  a  functio n o f  th e numbe r  o f 
dimension s sample d an d th e numbe r  o f 
exception s alread y store d i n memory . 

Conside r  th e categor y structur e show n i n 
Tabl e 1 .  Suppos e a  subjec t  forme d a  rul e tha t 
valu e 1  o n dimensio n 1  signal s a n A  an d valu e 2 
on dimensio n 1  signal s a  B .  Upo n encounterin g 
stimulu s 2111 ,  th e rul e i s applied ,  an d a n erro r 
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occurs .  T o for m a n exception ,  dimensio n 1  i s 

sample d wit h probabilit y  one ,  an d dimension s 2 , 

3,  an d 4  ar e sample d wit h probabilit y  pstor .  I f 

th e sample d exceptio n wer e 21* *  (wher e * 

represent s a  nonsample d dimensio n tha t  ca n 

matc h an y value) ,  the n R U L E X woul d attemp t  t o 

lear n tha t  th e exceptio n 21* *  signal s categor y A . 

I f  thi s exceptio n i s store d an d late r  produce s a n 

error ,  i t  i s  discarde d from  memory . 

Classificatio n decision s ar e mad e b y firs t 

checkin g al l  o f  th e exception s store d i n memory . 

I f  a n exceptio n appUe s t o th e give n stimulus , 

the n i t  i s use d t o mak e a  response .  Fo r  example , 

th e exceptio n 21* *  applie s t o trainin g stimiU i 

211 1 an d 2112 .  I f  n o exception s apply ,  the n th e 

rule s ar e checked .  I f  non e o f  th e rule s apply , 

the n a  rando m gues s i s made . 

Predicted Generalizations. RULEIX is a 

simulatio n mode l  whic h i s inherentl y stochasti c 

i n term s o f  th e rule s an d exception s tha t  ar e 

store d (althoug h i t  use s a  deterministi c respons e 

rule) .  So ,  500 0 simulate d "subjects "  wer e ru n 

throug h 1 6 block s o f  trainin g an d the n wer e 

teste d o n th e 9  ol d an d th e 7  ne w stimu U i n a 

transfe r  block .  R U L E X wa s fitted  t o th e 

average d transfe r  dat a b y minimizin g th e simi -

of-square d deviation s betwee n th e observe d an d 

predicte d probabilities. ^  A  four-paramete r 

versio n o f  R U L E X wa s fitted  t o th e data ,  wher e 

psto r  an d scri t  varie d alon g a n interval .  Th e 

bes t  fitting  value s wer e psto r  varyin g betwee n 

.3 0 an d .65 ,  an d scri t  varjrin g betwee n .6 0 an d 

.80 .  Th e predicte d averag e transfe r  performanc e 

i s show n i n Tabl e 1  (usin g thes e sam e paramete r 

values) .  A s expected ,  th e fit  t o th e averag e 

transfe r  dat a wa s ver y goo d (RMSD=.029 , 

%Var=99.1) . 
The predicte d distributio n o f  generalizatio n 

pattern s i s show n i n Figur e 3 .  R U L E X 

accounte d fo r  6 8 % o f  th e varianc e i n th e 

distributio n o f  generalizatio n pattern s 

(RMSD=.014) .  R U L E X qualitativel y predict s th e 

prominenc e o f  pattern s A A A B B BB an d 

B B A A B A B,  althoug h i t  overpredict s thei r 

probabilities .  A s expecte d from  thes e patterns , 

R U L EX predicte d tha t  4 0 % o f  subject s woul d 

develo p rule s base d o n dimensio n 1  (patter n 

A A A B B B B)  an d tha t  4 0 % woul d develo p rule s 

AAAABAB, 
AAABAAB̂ 

AAABBAB 
AAABBBA 
AAABBU 

att
e

m
 

;  ABABAAB 
]  ABABBAB 

e ABABBBD 
^  mAAAAB 

BBAABBB 

BBABAB8 
BBAIBAB 
iBkme a 

• 
^ 
^ ^ ^ " 

RULEX Prediction s 

1 
• 
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• • ^ 
• ^ i ^ 
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^ ^ • " 

g^l 
1 
• • 1 ^ ^ 
• 

• 

• 

o.o s 0.3 0 0.2 S 

'  A t t e m p t s t o fit  R U L E X t o th e observe d 

distributio n o f  generalizatio n pattern s increase d 

th e fit  onl y slightly . 

0.1 0 O.I S 
Probabilit y 

F i g u r e 3 .  Distributio n o f  generahzat io n pat tern s 
predicte d b y R U L E X . 

based on dimension 3 (pattern BBAABAB). The 

remainin g subject s develope d single-dimensio n 

rule s alon g dimensio n 4  o r  els e store d onl y 

idiosyncratic ,  high-dimensio n exceptions . 

R U L EX greatl y underpredict s th e probabiUt y o f 

th e generahzatio n patter n A B A B B A B.  Althoug h 

R U L EX ha s som e shortcomings ,  i t  i s  abl e t o 

quaUtativel y predic t  som e o f  th e importan t 

generahzatio n pattern s exhibite d b y individua l 

subjects .  Recal l  to o tha t  i t  yielde d excellen t 

quantitativ e prediction s o f  th e average d transfe r 

data . 

ALCOVE 

The Model. ALCOVE (Kruschke, 1992) is a 
connectionis t  implementatio n o f  a n exempla r 
model ,  th e Generalize d Contex t  Mode l  (GCM; 
Nosofsky ,  1984 ,  1986) ,  whic h incorporate s error -

drive n learning .  Th e mai n propert y o f  al l 

exempla r  model s i s tha t  al l  o f  th e individua l 

instance s o f  a  give n categor y ar e store d i n 

memory.  Classificatio n decision s ar e mad e b y 
respondin g wit h th e categor y labe l  correspondin g 

t o th e store d item s tha t  ar e mos t  simila r  t o th e 

ne w item .  A  crucia l  aspec t  o f  th e G C M an d 

A L C O VE i s tha t  similarit y ca n b e modifie d b y 

selectiv e attentio n t o th e componen t  dimension s 

of  objects .  Individua l  dimension s ar e selectivel y 

attende d t o dependin g o n thei r  diagnosticity . 

For  example ,  i n th e categor y structur e show n i n 

Tabl e 1 ,  dimensio n 2  i s relativel y nondiagnosti c 

becaus e hal f  o f  th e item s i n categor y B  hav e 

valu e 1  o n tha t  dimensio n an d th e othe r  hal f 

hav e valu e 2 . 
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D O 

CntcRor y node s 

Error-drive n learnin g 
or  associatio n weight s 

Exempla r  node s 

Error-drive n learnin g 
of  attentio n strength s 

Psychologica l 
dimensio n node s 

Figur e 4 .  Schemati c diagra m o f  A L C O V E. 

As shown in Figure 4, ALCOVE is a three-

laye r  feed-forwar d network .  Th e inpu t  laye r  ha s 

a singl e nod e fo r  eac h dimensio n o f  th e stimuh . 

Th e activatio n valu e o f  a n inpu t  nod e i s equa l  t o 

th e valu e o f  th e stimulu s o n tha t  dimension . 

Eac h hidde n nod e represent s a  singl e trainin g 

exemplar .  Th e activatio n o f  a  hidde n nod e i s a 

functio n o f  th e similarit y betwee n th e inpu t 

stimulu s an d th e exempla r  tha t  hidde n nod e 

represents .  Th e presen t  stimu h wer e compose d 

of  binary-value d dimensions ,  s o th e activatio n o f 

th e jt h hidde n nod e i s give n b y a j ^  =  exp(- c E ^  a , 

dj) ,  wher e dj— O i f  th e inpu t  stimulu s an d 

exempla r  nod e j  hav e th e sam e valu e o n 

dimensio n i ,  otherwis e dji=l .  Th e positiv e 

constan t  c  i s calle d th e specificit y o f  th e node . 

Lik e th e G C M,  eac h dimensio n i s weighte d b y a 

selectiv e attentio n paramete r  â .  Unlik e th e 

G C M,  wher e thes e attentio n weight s ar e fre e 

parameters ,  i n A L C O V E thes e weight s ar e 

learne d vi a backpropagation . 

Ever y hidde n nod e i n A L C O V E i s connecte d t o 

eac h categor y outpu t  node .  Th e activatio n o f 

outpu t  nod e k  i s give n b y â "" '  =  'L j  w ^  aj"^ , 

wher e u;̂ ^  i s  th e weigh t  o n th e connectio n 

betwee n hidde n nod e j  an d outpu t  nod e k ,  an d 

a j ^  i s  th e activatio n o f  hidde n nod e j .  Outpu t 

activation s ar e converte d t o respons e 

probabilitie s b y a n exponentia l  for m o f  Luce' s 

choic e rule , 

expCct^r) 
pil Q = 

E expCK" ) 
out  k 

The attentio n weights ,  â ,  an d th e weight s 

betwee n hidde n node s an d outpu t  nodes ,  Wf̂ j ,  ar e 

learne d vi a backpropagatio n (Rumelhart ,  Hinton , 

& Williams ,  1986) ,  wit h 

Awi out K i h -  flj 

hid i  oul k 

wher e th e teache r  value ,  t ^ 

belong s t o categor y k ,  o r  t ^ 

does not . 

-t- 1 i f  th e stimiilu s 

:  - 1 i f  th e stimulu s 

Predicte d Generalizations .  Unlik e R U L E X , 

A L C O VE ha s a  deterministi c learnin g rul e an d 

response s ar e probabilistic .  Hence ,  simulation s 

wer e no t  required ,  an d th e mode l  coul d b e fitte d 

directl y t o th e distributio n o f  generalizations . 

The averag e predicte d transfe r  performanc e i s 

shown i n Tabl e 1  (usin g th e parameter s give n 

below) .  A s expected ,  th e fit  b y A L C O V E i s 

comparabl e t o tha t  o f  R U L E X (RMSD=.012 , 

%Var=98.6) . 

The predicte d distributio n o f  generalization s  i s 

shown i n Figur e 5  (RMSD=.017 ,  %Var=50.9) . 

The bes t  fitting  paramete r  value s wer e <|>=1.335 , 

X„=0.055 ,  X„=0.261 ,  c=0.810 .  A L C O V E greatl y 

underpredict s th e probabilitie s  fo r  generahzatio n 

pattern s A A A B B BB an d B B A A B A B.  However , 

A L C O VE i s abl e t o predic t  th e prominenc e 

prominenc e o f  patter n A B A B B A B,  unlik e 

R U L E X.  A  straightforwar d interpretatio n o f  thi s 

ALCOVE Prediction s 

a ABAAAAB 
<0 ABAABAB 

0.0 0 0.0 5 0.  1 0 
Probabilit y 

wher e p(K )  i s  th e probabilit y  o f  respondin g wit h 

categor y labe l  K  an d () > i s a  positiv e real-value d 

mappin g constant . 

Figur e 5 .  Distributio n o f  generalizatio n pattern s 

predicte d b y A L C O V E. 
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patter n o f  generalization ,  therefore ,  i s  tha t  i t 
represent s subject s wh o use d a  similarity-to -
example s strateg y fo r  classification . 

Conclusions 

We compared a rule-plus-exception model, 
RULEX,  an d a n exempla r  model ,  ALCOVE,  o n 
thei r  abilit y  t o accoun t  fo r  generalizatio n 
pattern s observe d b y individua l  subjects . 
Althoug h bot h model s wer e abl e t o accuratel y 
accoun t  fo r  average d transfe r  dat a quit e 
accurately ,  bot h model s ha d difficulty , 
qualitativel y an d quantitatively ,  accountin g fo r 
th e distributio n o f  generalizatio n pattern s 
observe d a t  th e individua l  subjec t  level .  Ou r 
subject s exhibite d thre e primar y patterns .  Tw o 
of  thes e wer e bes t  accoimte d fo r  b y RULE X an d 
coul d easil y b e characterize d b y single-dimensio n 
rule s alon g dimension s 1  an d 3 .  Th e thir d 
patter n wa s bes t  accovmte d fo r  b y ALCOVE an d 
coul d easil y b e characterize d b y similarit y t o 
store d exemplars . 

One possibl e explanatio n fo r  ou r  result s i s tha t 
some subject s use d a  rule-plus-exceptio n strateg y 
wherea s othe r  subject s use d a n exempla r 
strategy .  Indeed ,  w e hav e conducte d preliminar y 
exploratio n o f  suc h a  mixe d mode l  an d i t 
produce s greatl y improve d results .  I n addition , 
protocol s extracte d fro m subject s afte r  th e 
experimen t  reveale d tha t  som e subject s reporte d 
usin g simpl e rule s wherea s othe r  subject s 
reporte d merel y memorizin g th e stimuU . 

Anothe r  possibl e explanatio n i s tha t  categor y 
learnin g consist s o f  bot h rul e learnin g an d 
storag e o f  exemplars ,  no t  merel y storag e o f 
exception s t o rules .  Earl y i n learning ,  subject s 
coul d easU y pic k u p o n th e imperfec t  rule s whic h 
imderli e th e categories .  Late r  i n learning ,  afte r 
each o f  th e stimul i  hav e bee n presente d a 
number  o f  times ,  categor y decision s ar e base d o n 
similarit y t o store d exemplars .  We hav e 
preliminar y evidenc e from  anothe r  experimen t 
showin g a  large r  numbe r  o f  similarity-base d 
generalizatio n pattern s whe n additiona l  trainin g 
block s ar e given . 

One proble m wit h th e curren t  wor k i s tha t  a 
stochastic-learnin g mode l  wit h a  deterministi c 
respons e rule ,  RULEX,  wa s compare d t o a 
deterministic-learnin g mode l  wit h a  probabilisti c 
respons e rule ,  ALCOVE.  W e ar e currentl y 
workin g o n th e developmen t  o f  a  stochasti c 
versio n o f  A L C O VE whic h migh t  bette r  compet e 

wit h RULEX.  Furthermore ,  th e versio n o f 
RULEX tha t  w e investigate d allowe d fo r 
distribution s o f  paramete r  value s acros s differen t 
simulate d subjects .  W e ar e als o investigatin g 
how individua l  difference s i n generalizatio n 
pattern s coul d b e capture d i n A L C O VE b y 
allowin g individua l  difference s i n parameter s o r 
initia l  conditions . 
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