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Learn in g o f  rule s tha t  hav e high-frequenc y exceptions : 

N e w empirica l  dat a a n d a  hybri d connectionis t  m o d e l 

Joh n K .  Kruschk e an d Michae l  A .  Erickso n 
D e pt  o f  Psycholog y an d Cognitiv e Scienc e Progra m 

Indian a University ,  Bloomington .  I N 47405-130 1 
k r u 3 c h k e 0 i n d i a n a . e d u 

Abstrac t 

Theorists  of human learning, in domains as various as category 
learnin g an d languag e acquisition ,  hav e grapple d wit h th e is -
sue o f  whethe r  learner s induc e rule s o r  remembe r  exemplars , 
or  both .  I n thi s articl e w e presen t  ne w da u tha t  reflec t  bot h 
rul e inductio n an d exempla r  encoding ,  an d w e presen t  a  ne w 
connectionis t  mode l  tha t  specifie s on e wa y i n whic h rule-base d 
and exemplar-base d mechanism s migh t  interac t  Ou r  empiri -
cal  stud y wa s motivate d b y analog y t o pas t  tens e acquisition , 
and specificall y b y th e previou s wor k o f  Palerm o an d How e 
(1970) .  Huma n subject s learne d t o categoriz e items ,  mos t  o f 
whic h coul d b e classifie d b y a  simpl e rule ,  excep t  fo r  a  fe w fre -
quentl y recurrin g exceptions .  Th e modelin g wa s motivate d b y 
th e ide a o f  combinin g a n exemplar-base d modul e (ALCOVE , 
Kruschke ,  1992 )  an d a  rule-base d modul e i n a  connectionis t 
architecture ,  an d allowin g th e syste m t o lear n whic h modul e 
shoul d b e responsibl e fo r  whic h instances ,  usin g th e competi -
tiv e gatin g mechanis m introduce d b y Jacobs ,  Jordan ,  Nowlan , 
and Hinto n (1991) .  W e repor t  quantitativ e fits  o f  th e mode l  t o 
th e learnin g data . 

Introduction 

Theorist s o f  h u m a n learning ,  i n domain s a s variou s a s categor y 
learnin g an d languag e acquisition ,  hav e grapple d wit h th e is -
su e o f  whethe r  learner s induc e rule s o r  remembe r  exemplars , 
or  both .  I n th e field  o f  languag e acquisition ,  thi s issu e ha s 
bee n highlighte d b y debat e ove r  th e adequac y o f  certai n con -
nectionis t  models ,  tha t  hav e n o explici t  rules ,  t o accoun t  fo r 
th e acquisitio n o f  th e pas t  tens e o f  Englis h verb s (e.g .  Rumel -
har t  &  McCleUand .  1986 ;  Pinke r  &  Prince ,  1988 ;  Plunke u & 
Marchman ,  1991 ;  M a c W h i n n e y &  Leinbach ,  1991 ;  Lin g & 
Marinov ,  1993) .  P ink w (1991 ;  Prasad a &  Pinke r  1993 )  ar -
gue d tha t  a  satisfactor y explanatio n o f  pas t  tens e acquisitio n 
and productio n require s bot h rule s — t o accoun t  fo r  aspect s 
of  regula r  verb s — an d exempla r  m e m o r y — t o accoun t  fo r 
aspect s o f  irregula r  verbs .  I n th e field  o f  categor y learning . 
i t  ha s bee n foim d tha t  peopl e ca n lear n a  classificatio n usin g 
difTo^n t  strategies ,  suc h tha t  i n som e situation s thei r  learn -
in g an d performanc e i s bes t  describe d b y a  rule ,  an d i n othe r 
situation s i t  i s bes t  describe d b y similarit y t o th e trainin g in -
stance s (e.g .  Alle n &  Brooks ,  1991 ;  Nosofsky .  Clark ,  &  Shin , 
1989 ;  Palmer i  &  Nosofsky ,  1994 ;  Regeh r  &  Brooks ,  1993) . 
Shank s an d S L Joh n (1994 )  argue d tha t  categor y learnin g i s 
subserve d b y tw o separat e an d dissociabl e systems ,  on e fo r 
rul e inductio n an d on e fo r  instanc e encoding .  I n thi s articl e 
we presen t  n e w dat a tha t  w e believ e reflec t  bot h rul e inductio n 
and exempla r  encoding ,  an d w e als o presen t  a  ne w connec -
tionis t  mode l  tha t  specifie s on e w a y i n whic h rule-base d an d 

exemplar-base d mechanism s migh t  interact . 
Our  empirica l  stud y wa s motivate d b y analog y t o pas t  tens e 

acquisition ,  an d specificall y b y th e previou s wor k o f  Palerm o 
(Palerm o &  Eberhart ,  1968 ;  Palerm o &  H o w e ,  1970) .  H u m a n 
subject s learne d t o categoriz e items ,  mos t  o f  whic h coul d b e 
classifie d b y a  simpl e rule ,  excep t  fo r  a  fe w frequentl y recur -
rin g exceptions .  Th e result s showe d a n increas e i n th e pro -
portio n o f  over-generalizatio n error s a s trainin g progressed , 
and littl e evidenc e o f  regression s i n perfcHmanc e (U-shî )e d 
learning )  o n th e exceptions .  Importantly ,  w e als o foun d tha t 
many subject s learne d th e rul e instance s earlie r  i n trainin g tha n 
th e exceptions .  Th e latte r  resul t  turn s ou t  t o b e th e on e mos t 
difficul t  t o captur e b y model s usin g instanc e encodin g alone . 

Th e modelin g wa s motivate d b y th e ide a o f  combinin g 
exemplar-base d an d rule-base d module s i n a  connectionis t  ar -
chitecture ,  an d allowin g th e syste m t o lear n whic h modul e 
shoul d b e responsibl e fo r  whic h instances .  A  modifie d ver -
sio n o f  A L C O V E (Kruschke ,  1992 )  serve d a s th e exempla r 
module ,  linear-threshol d node s (perceptrons )  constitute d th e 
rul e module ,  an d th e competitiv e gatin g betwee n th e module s 
use d a  mechanis m introduce d b y Jacob s e t  al .  (1991) .  W e 
repor t  quantitativ e fits  o f  th e mode l  t o th e learnin g data . 

Human Learning 

In  the field of language acquisition, proponents of rule-based 
theorie s ofte n adduc e th e phenomeno n o f  three-stage ,  o r  U -
shaped ,  learnin g o f  high-frequenc y irregulars .  Fb r  example , 
when learnin g th e Englis h pas t  tense ,  som e childre n exhibi t 
thre e stage s o f  acquisitio n (Ervin ,  1964) :  First ,  the y lear n a 
fe w high-frequenc y irregula r  verbs ,  suc h a s go-went .  Second , 
the y lear n man y regula r  verbs ,  suc h a s walk-walked ,  an d a t  th e 
same tim e ofte n over-generaliz e th e regula r  suffix ,  producin g 
form s suc h a s goe d o r  wented .  Third ,  the y relea m th e prope r 
form s o f  th e irregular s an d acquir e a  large r  vocabular y o f  lowe r 
frequenc y verbs ,  bot h regula r  an d irregular .  Th e acquisitio n 
of  high-frequenc y irregula r  verb s i s ofte n describe d a s "U -
shaped, "  becaus e a  plo t  o f  accurac y a s a  functio n o f  tim e woul d 
sho w a  di p durin g th e secon d stage .  Th e over-generalizatio n 
i n stag e 2  ca n b e accounte d fo r  b y positin g rul e induction : 
Th e learne r  ha s induce d an d overapplie d a  rul e tha t  wa s no t 
presen t  earlie r  i n learning . 

Recen t  researc h (Marcus ,  Pinker ,  Ullman ,  Hollander , 
Rosen ,  &  X u ,  1992 ;  Plunke u &  Marchman ,  1991 )  suggest s 
tha t  th e U-sh^) e migh t  b e mor e subtl e tha n initiall y  suggested . 
I t  i s  difficul t  accuratel y t o measur e performanc e o n variou s 
verbs ,  insofa r  a s onl y a  relativel y smal l  sampl e o f  a  child' s 
speec h an d linguisti c environmen t  ca n b e recorde d an d ana -
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Figuie I: Example of a stimulus used in the category 
kamin g experimen t 

lyzed .  Th e difficult y o f  experimenta l  contro l  i n natura l  lan -
guag e le d Palerm o (Palerm o &  Eberhart ,  1968 ;  Palerm o & 
Howe,  1970 )  t o creat e laborator y analogue s o f  th e languag e 
learnin g situation . 

We mak e n o claim s abou t  th e relatio n o f  categor y learn -
in g an d languag e learnin g (cf .  Palermo ,  1971 ;  Palerm o & 
Eberhart ,  1971) ,  bu t  w e ar e intereste d i n th e empirica l  ques -
tio n o f  whethe r  carefull y conUDlle d categor y learnin g ca n ex -
hibi t  U-shape d learnin g curve s o n high-frequenc y exception s 
t o rules ,  an d w e ar e intereste d i n determinin g whethe r  formal , 
exemplar-base d model s ca n accoun t  fo r  th e detaile d laborator y 
data . 

Method 

Subject s learne d t o classif y simpl e geometri c form s int o on e o f 
si x categories .  Stimul i  wer e presente d o n a  compute r  screen , 
and consiste d o f  a  rectangl e tha t  coul d hav e on e o f  eigh t 
heights ,  an d a n interna l  lin e segmen t  tha t  coul d hav e on e o f 
eigh t  latera l  position s (se e Figur e 1) .  O n eac h trial ,  th e subjec t 
was show n a  stimulu s an d prompte d t o mak e a  classificatio n 
decision .  Th e subjec t  presse d th e ke y correspondin g t o th e 
categor y labe l  o f  thei r  choice ,  an d the n th e correc t  labe l  wa s 
displayed .  I n th e initia l  trials ,  th e subject s wer e jus t  guess -
ing ,  bu t  afte r  severa l  trial s the y bega n t o lear n whic h stimul i 
corresponde d t o whic h categor y labels . 

We chos e a  categor y structur e tha t  approximatel y followe d 
th e desig n o f  Palerm o an d H o w e (1970) .  Ther e wer e a  tota l 
of  8  X  8  =  6 4 possibl e stimuli' ,  mos t  o f  whic h coul d b e 
classifie d b y th e followin g simpl e rule :  I f  th e heigh t  i s S  o r 
more ,  the n it' s  i n categor y R l ,  otherwis e it' s  i n categor y R 2 . 
Ther e wer e fou r  exception s t o th e rule ,  chose n randoml y fo r 
eac h subject ,  constraine d s o tha t  n o tw o exception s ha d th e 
same heigh t  o r  latera l  position .  I n ever y bloc k o f  2 2 trials . 
ther e wer e 6  distinc t  instance s o f  rule-base d categor y R l ,  6 
distinc t  instance s o f  rule-base d categor y R2 , 1 occurrenc e o f 
th e exceptio n categor y E l ,  2  recurrence s o f  th e exceptio n E2 , 
3 recurrence s o f  th e exceptio n E3 ,  an d 4  recurrence s o f  th e 
exceptio n E4 . 

'Followin g Palerm o an d How e (1970) ,  eigh t  stimul i  wer e omitte d 
from  th e design ,  fo r  whic h th e heigh t  valu e equale d th e positio n value . 
Thus ther e wer e actuall y 5 6 possibl e stimuli . 

Th e rul e w e used ,  whic h divide d th e height s int o tw o equa l 
regions ,  wa s simple r  tha n th e rul e use d b y Palerm o an d H o w e 
(1970) .  Thei r  stud y include d thre e rul e categorie s tha t  divide d 
th e stimulu s spac e int o alternatin g "stripes; "  e.g. ,  height s 1. 4 
an d 6  wer e categor y R l .  height s 2 .  S  an d 8  wer e categor y R 2 . 
etc .  W e simplifie d th e rul e structur e becaus e w e foun d i n 
pilo t  experiment s tha t  mos t  subject s coul d no t  reliabl y lear n 
th e mor e complicate d structur e i n th e tim e availabl e (abou t 
1. 5 hrs) . 

Subject s wer e traine d unti l  the y per fume d pofectl y fo r  4 
consecutiv e blocks ,  o r  fo r  a  m a x i m u m o f  S S blocks .  Th e 
experimen t  laste d abou t  1. 5 hours .  Subject s wer e volunteer s 
fro m a n introductor y psycholog y cours e a t  Indian a University , 
w ho receive d partia l  cours e credi t  fo r  thei r  participation . 

Results 

Unlik e Palerm o an d H o w e (1970) ,  w e foun d m a n y subject s 
w ho learne d th e rule-base d categorie s befor e th e exceptions . 
Th e fac t  tha t  Palerm o an d H o w e (1970 )  foun d n o subject s w h o 
learne d th e rul e first  ca n probabl y b e attribute d t o th e mor e dif -
ficult  rul e use d i n thei r  study .  W e decide d tha t  a  subjec t  ha d 
learne d th e exception s first  i f  he r  first  bes t  bloc k o n excep -
tion s cam e befor e he r  first  bes t  bloc k o n rules .  Fo t  example . 
suppos e a  give n subjec t  ha s severa l  block s i n whic h sh e go t 
10 ou t  o f  1 0 exception s correc L Th e first  bloc k i n whic h sh e 
achieve s tha t  performanc e i s he r  first  bes t  bloc k fo r  excq) -
tions .  Suppos e th e sam e subjec t  achieve s a t  mos t  1 1 correc t 
response s ou t  o f  1 2 rul e exemplar s i n a  block .  T h e first  bloc k 
i n whic h sh e achieve s tha t  performanc e i s he r  first  bes t  bloc k 
fo r  rules .  W e trie d severa l  othe r  method s fo r  dividin g sub -
ject s int o rule-firs t  an d exception-firs t  groups ,  suc h a s overal l 
proportio n correct ,  etc. ,  an d the y agree d o n nearl y al l  th e sub -
jects .  O f  th e 7 0 subject s i n th e experiment ,  4 9 wer e classifie d 
as exceptions-first ,  an d th e remainin g 2 1 wer e classifie d a s 
rules-first .  (Th e rules-firs t  grou p als o include d ties. )  Th e pro -
portio n o f  correc t  responses ,  fo r  eac h catego y type ,  i s  show n 
as a  functio n o f  trainin g bloc k i n Figur e 2 .  T h e soli d lin e i n 
eac h pane l  show s performanc e o n th e rul e exemplars ,  an d th e 
dashe d line s sho w performanc e o n th e exceptions .  Th e foiu -
dashe d line s i n eac h pane l  ccxrespon d t o th e fou r  differen t  ex -
ceptions ,  wit h highe r  frequenc y exception s learne d bette r  tha n 
lowe r  frequenc y exceptions . 

Ther e wa s n o stron g evidenc e o f  U-shape d learnin g o n th e 
exceptions ;  th e learnin g curve s fo r  th e exception s i n Figur e 2 
sho w n o dramati c dro p afte r  performanc e o n th e rul e case s 
rises.  W e als o aligne d individua l  subjects '  learnin g curve s t o 
thei r  first  bes t  bloc k o n exceptions ,  an d foun d a  smal l  regres -
sio n i n performanc e o n th e tw o lowest-frequenc y exceptions . 
We fee l  additiona l  replication s ar e require d t o pu t  m u c h weigh t 
on thos e results ,  however . 

We considere d th e possibilit y  tha t  absolut e performanc e o n 
th e exception s woul d no t  decline ,  bu t  th e proportio n o f  error s 
on exception s tha t  ar e overgeneralizatio n error s migh t  increas e 
suddenl y whe n th e rul e begin s t o b e learned .  Fo r  bot h th e 
exceptions-firs t  an d rules-firs t  subjects ,  ther e wa s a  gradual , 
not  sudden ,  increas e i n th e propordo n o f  over-generalizatio n 
error s throughou t  th e cours e o f  learning . 

I n som e respects ,  then ,  w e faile d t o find  th e touchston e 
empirica l  phenomen a tha t  w e sought :  W e di d no t  find  dramati c 
U-shape d learnin g o n th e exceptions ,  no r  di d w e find a  sudde n 
increas e i n th e proportio n o f  over-generalizatio n errors .  A s 
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Figure 2: Human learning data. 

thos e tw o phenomen a wer e though t  t o b e th e ke y challenge s 
t o a n exemplar-base d account ,  i t  migh t  see m tha t  a n exemplar -
base d mode l  coul d handl e th e result s readily .  O n th e contrary , 
th e unexpecte d result ,  tha t  man y subject s learne d th e rule s 
first,  turn s ou t  t o b e impossibl e t o captur e fo r  a t  leas t  on e 
exemplar-base d model . 

A Hybrid Connectionist Model 

An exemplar-based connectionist model named ALCOVE (Kr-
uschke ,  1992 ,  1993a ,  1993b )  previousl y ha s bee n show n t o 
accoun t  fo r  a  variet y o f  phenomen a i n huma n categor y learn -
ing .  I n particular ,  Kruschk e (1992 )  demonstrate d tha t  AL -
C O VE coul d exhibi t  U-shape d learnin g o f  high-frequenc y ex -
ception s t o a  rule ,  althoug h i n tha t  demonstratio n ther e wer e 
no huma n learnin g dat a availabl e fo r  quantitativ e fits.  Th e 
experimen t  reporte d abov e provide s quantitativ e dat a fro m a 
relevan t  experimen t 

A L C O VE i s a  feed-forwar d connectionis t  networ k tha t  map s 
stimul i  t o categcx y labels .  I t  combine s th e classificatio n 
scheme o f  th e generalize d contex t  mode l  (Nosofsky ,  1986 ) 
wit h th e learnin g mechanis m o f  backpropagatio n (Rumelhart , 
Hinton ,  &  Mll iams ,  1986) ,  an d thereb y formalize s thre e prin -
ciple s (Kruschke ,  1993b) :  First ,  it s  hidde n node s correspon d 
t o individua l  trainin g exemplars ,  suc h tha t  th e activatio n o f  a 
hidde n nod e represent s th e similarit y o f  th e curren t  inpu t  t o th e 
exempla r  represente d b y th e node ,  figur e 3  show s th e activa -
tio n functio n o f  a n exempla r  nod e i n ALCOVE. )  Second ,  eac h 
inpu t  dimensio n i s gate d b y a n attentio n strengt h tha t  reflect s 
th e learne d relevanc e o f  th e dimensio n (o t  th e curren t  cate -
gor y distinctions .  Fo r  example ,  i n th e categorie s use d i n th e 
experimen t  describe d here ,  onl y th e heigh t  o f  th e rectangle s 
i s relevan t  fo r  distinguishin g th e tw o rule-base d categories , 
but  bot h dimension s ar e relevan t  fo r  distinguishin g th e ex -

ceptions .  Third ,  th e dimensiona l  attentio n strengths ,  an d th e 
associatio n weight s betwee n exemplar s an d categories ,  ar e 
learne d vi a gradien t  descen t  o n a n erro r  measure . 

A L C O VE suffCT S tw o mai n problem s whe n fit  t o th e dat a 
i n Figur e 2 :  First ,  i t  canno t  lear n th e rule s a s quickl y a s 
th e high-frequenc y exceptions ,  unlik e th e rules-firs t  subjects . 
Th e mode l  sufiTer s becaus e i t  canno t  generaliz e acros s rul e ex -
emplar s extensivel y an d rapidl y enough ;  th e exemplar-base d 
similarit y functio n i s to o localize d fo r  rapi d extn^latio n t o 
distan t  exemplars .  A  secon d shortcomin g o f  th e mode l  i s  tha t 
i t  i s  m u c h to o sensitiv e t o th e relativ e frequencie s o f  th e ex -
ceptions ,  s o tha t  th e sprea d betwee n th e learnin g curve s o f  th e 
fou r  exception s i s to o large . 

We ar e no t  claimin g tha t  n o possibl e exemplar-base d mode l 
coul d fit  thes e data .  Rather ,  w e fit  on e promisin g mode l  t o th e 
dat a an d foun d i t  lacking .  A s describe d i n th e introduction , 
othe r  evidenc e als o point s t o inadequacie s i n purel y exemplar -
base d model s o f  huma n categor y learning . 

W h en a  mode l  fail s  t o accoun t  fo r  a  se t  o f  data ,  th e theoris t 
has tw o choices :  Eithe r  re-formulate  th e existin g principle s 
embodie d i n th e model ,  o r  incorporat e ne w principle s (Kr -
uschke ,  1993b) .  W e believ e tha t  solution s t o th e aforemen -
tione d failure s requir e ne w principles ,  no t  jus t  reformulated 
ol d principles .  O n e o f  th e adde d principle s i s rule-base d rep-
resentation ,  use d i n conjunctio n wit h exemplar-base d repre-
sentation . 

Model architecture 

To accommodate the rapidity with which some subjects learn 
th e rule-base d instances ,  w e conjoine d t o A L C O VE a  mod -
ul e o f  node s tha t  represented  rules .  W e wante d th e node s 
t o represen t  simpl e rule s suc h a s "i f  th e heigh t  i s greate r 
tha n valu e V ,  the n it' s  i n categor y X. "  A  natura l  wa y t o d o 
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Figur e 4 :  Architectur e o f  th e model .  Heav y arrow s denot e connection s wit h learne d weights . 

tha t  i s  wit h linear-threshol d node s (perceptrons )  aligne d t o 
th e dimensiona l  axe s o f  th e inpu t  space .  Figur e 3  illustrate s 
th e differenc e betwee n th e tw o type s o f  representation :  I n 
alcove' s exemplar-base d representation ,  eac h nod e i s acti -
vate d b y a  limite d regio n o f  th e inpu t  space ,  wherea s i n th e 
rule-base d representation ,  eac h nod e i s activate d b y a n entir e 
half-space .  Thus ,  w e hav e tw o module s o f  node s tha t  embod y 
differen t  basi s functions .  Th e underlyin g notio n i s tha t  th e dif -
feren t  representationa l  scheme s use d b y huma n learner s ca n 
be implemente d b y differen t  basi s function s i n a  connectionis t 
network . 

Whereas previou s researcher s hav e suggeste d tha t  huma n 
categor y learnin g use s bot h rule s an d exemplars ,  th e difficul t 
tas k o f  determinin g h o w thos e subsystem s interac t  i s  ye t  t o 
be worke d ou t  (cf .  Shank s &  S l  John ,  1994) .  I n ou r  model , 
we use d th e competitiv e gatin g schem e o f  Jacob s e t  al .  (1991 ) 
t o gover n th e learnin g o f  th e exempla r  an d rul e modules ,  a s 
illustrate d i n Figur e 4 .  Eac h rul e nod e wa s connecte d t o a  se t 
of  categor y nodes ,  an d eac h exempla r  nod e wa s connecte d t o a 
distinc t  se t  o f  categor y nodes .  Th e final  outpu t  wa s determine d 
by randoml y selectin g eithe r  th e rule-base d o r  exemplar-base d 
classificatio n accordin g t o probabilitie s give n b y a  competitiv e 
gatin g node .  Th e gatin g nod e wa s connecte d t o th e exempla r 

representatio n only ,  s o tha t  th e exempla r  node s coul d "veto " 
th e mor e genera l  rul e nodes ,  whe n necessary .  Th e categor y 
node s i n bot h modules ,  an d th e gatin g node ,  wer e simpl e linea r 
summator s (a s i n A L C O V E ) .  Al l  th e connectio n weight s t o th e 
categor y node s an d th e gatin g nod e wer e initialize d t o zer o an d 
adjuste d b y gradien t  descen t  o n th e erro r  functio n describe d 
i n Jacob s etal .  (1991) . 

Th e mode l  ha d six ,  freely-estimate d parameters ,  includin g 
th e followin g five:  th e learnin g rat e fo r  th e rule-base d cate -
gor y nodes ,  th e learnin g rat e fo r  th e exemplar-base d categor y 
nodes ,  th e learnin g rat e fo r  th e gatin g node ,  th e fixed  bia s o f 
th e gatin g node ,  an d th e fixed  receptiv e field  diamete r  o f  th e 
exempla r  nodes .  Ther e wa s n o dimensiona l  attentio n learn -
in g i n th e exempla r  module ;  i.e. ,  th e attentio n learnin g rat e 
i n A L C O V E wa s se t  t o zero ,  becaus e i t  wa s assume d tha t  se -
lectiv e attentio n t o dimension s woul d b e accomplishe d b y th e 
competitio n betwee n dimension-specifi c  rules . 

O ne othe r  ne w principl e wa s introduce d int o th e model ,  t o 
accommodat e th e relativel y smal l  sprea d betwee n th e learn -
in g curve s o f  th e different-frequenc y exceptions .  Connection s 
fro m exemplar s t o categor y node s suffere d a  refractor y perio d 
afte r  learning .  Tha t  is ,  i f  a  give n connection  weigh t  wa s ad -
juste d o n a  certai n trial ,  the n it s effectiv e learnin g rat e imme -
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Figur e 5 :  Fit s o f  th e mode l  t o th e huma n learnin g dat a i n Figur e 2 . 

diatel y plunge d afte r  tha t  tria l  an d graduall y recharge d ove r 
subsequen t  trials .  Th e recharg e rat e wa s th e sixt h paramete r 
of  th e model .  Th e ramification s o f  thi s modificatio n ar e ex -
tensive :  I t  migh t  hel p accoun t  fo r  a  variet y o f  phenomen a i n 
human learning ,  suc h a s th e effect s o f  masse d vs .  distribute d 
learning ,  etc .  Thi s particula r  modificatio n i s no t  th e focu s o f 
thi s paper ,  however ,  s o w e wil l  no t  discus s i t  further . 

Fit to human data 

Figure 5 shows the predictions of the model. The best-fitting 
paramete r  value s reflecte d ou r  intuition s abou t  th e subjects : 
For  th e exceptions-firs t  group ,  th e learnin g rat e fo r  th e ex -
empla r  modul e wa s hig h (1.03 )  an d th e learnin g rat e fo r  th e 
rul e modul e wa s ver y lo w (0.0!) ,  wherea s fo r  th e th e rules -
first  group ,  th e opposit e wa s true ,  wit h th e exemplar-modul e 
learnin g rat e lo w (0.41 )  an d th e rule-modul e learnin g rat e 
hig h (1.27) .  Th e huma n learner s i n th e exceptions-firs t  grou p 
showe d a  gradua l  bu t  robus t  increas e i n th e proportio n o f 
over-generalizatio n error s throughou t  training ,  an d s o di d th e 
model ,  despit e th e disus e o f  th e rul e module .  I n tha t  case , 
th e mode l  showe d overgeneralizatio n entirel y becaus e o f  ex -
empla r  similarity :  Eac h exceptio n wa s surrounde d b y rul e 
instances ,  s o whe n a n erro r  wa s made ,  i t  tende d t o b e a n over -
generalizatio n error . 

Summary and Conclusion 

I n thi s articl e w e hav e emphasize d tw o mai n points :  First ,  a 
nove l  empirica l  phenomeno n tha t  require d u s t o see k a  hy -
brid ,  rul e an d exemplar ,  mode l  wa s tha t  som e subject s learne d 
th e rul e befor e the y learne d th e exceptions ,  wherea s othe r 
subject s learne d th e (high-frequency )  exception s befor e the y 
learne d th e rule .  Second ,  w e describe d a  candidat e connec -
tionis t  architectur e fo r  integratin g rule-base d an d exemplar -

base d modules .  I t  introduce s th e combinatio n o f  idea s tha t 
differen t  representationa l  scheme s fo r  huma n categorizatio n 
may b e implemente d b y differen t  basi s function s i n connec -
tionis t  networks ,  an d thos e basi s function s ca n compet e t o 
lear n th e categories .  Th e mode l  als o use d a  nove l  metho d o f 
refractor y learnin g rate s o n th e connectio n weights . 

The propose d architectiu' e i s no t  intended ,  i n it s presen t 
form ,  a s a  comprehensiv e mode l  o f  huma n categor y learnin g 
i n general .  Rather ,  i t  i s  intende d t o demonstrat e th e veracit y o f 
th e approach .  Futur e model s coul d includ e additiona l  basis -
functio n module s fo r  representin g prototype s as ,  e.g. ,  radia l 
basi s function s wit h adaptiv e receptive  fields,  an d decisio n 
boundarie s as ,  e.g. ,  polynomia l  basi s functions .  Mor e com -
plicate d scheme s fo r  gatin g th e module s migh t  als o nee d t o 
be developed .  W e believ e tha t  on e wa y t o achiev e significan t 
progres s o n th e theoretica l  issu e o f  ho w rule s an d exemplar s 
interac t  i n huma n learnin g i s t o formulat e specifi c  model s an d 
tes t  the m wit h detaile d quantitativ e data ,  a s w e hav e describe d 
here . 
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