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ABSTRACT 

This paper reports the results of category learning experiments in which the number of exemplars 
definin g a  categor y durin g learnin g wa s varied .  Thes e result s revea l  tha t  categor y exemplar s fro m 
large r  size d categorie s ar e classifie d mor e accuratel y tha n thos e fro m smaller-size d categories .  Thi s 
was tru e bot h earl y an d lat e i n learning .  I n addition ,  subject s exhibite d a  respons e bia s towar d 
classifyin g exemplar s int o larger-size d categorie s throughou t  learning .  A  connectionis t  mode l  i s 
develope d whic h exhibit s thes e sam e tendencies . 

INTRODUCTION 

This paper reports the results of category leaming experiments in which the number of exemplars 
definin g a  categor y durin g leamin g wa s varied .  Thes e result s ar e the n compare d wit h th e 
result s o f  simulation s usin g a  connectionis t  mode l  o f  categor y leaming .  Categorizatio n ha s a 
specia l  statu s fo r  connectionis t  models ,  sinc e th e abiht y o f  connectionis t  system s t o lear n 
generalization s from  specifi c  instance s i s frequentl y cite d a s on e o f  th e mos t  promisin g aspect s o f 
th e connectionis t  approac h (e.g .  Norman ,  1986 ,  pp .  535-536) .  Althoug h severa l  example s exis t 
i n whic h connectionis t  model s hav e bee n successfull y applie d t o dat a fro m classificatio n 
experiment s (e.g .  Knap p &  Anderson ,  1984 ;  McClellan d &  Rumelhart ,  1985 ;  Gluc k &  Bower , 
1988 )  th e rang e o f  thes e case s i s relativel y narrow .  Therefore ,  i t  i s importan t  t o evaluat e thes e 
model s i n Ugh t  o f  additiona l  empirica l  findings . 

THE EFFECT OF CATEGORY SIZE ON LEARNING RATE 

A robust finding in the classification literature is that increasing the number of exemplars 
representin g a  categor y durin g learning ,  unde r  mos t  circumstances ,  improve s transfe r  performanc e 
on nove l  categor y exemplar s (e.g .  H o m a &  Vosburgh ,  1976) .  Wha t  i s no t  know n i s whether ,  o r 
how,  thi s variabl e influence s categor y leaming .  Fo r  example ,  i n a  tas k i n whic h subject s ar e 
require d t o lear n th e categor y assignment s o f  member s o f  thre e differen t  categories ,  wher e th e 
categorie s contai n 3 ,  6 ,  an d 9  member s respectively ,  i s  on e categor y leame d mor e quickl y tha n th e 
others ? On e migh t  suspec t  fo r  example ,  tha t  th e categor y wit h onl y thre e member s woul d b e 
easies t  fo r  subject s t o learn . 

EMPIRICAL FINDINGS 
To examin e thi s question ,  analyse s o f  previousl y unreporte d dat a fro m a  serie s o f  experiment s 
conducte d b y Bree n &  Schvaneveld t  (1986 )  ar e reporte d below .  Bree n &  Schvaneveld t  conducte d 
thre e experiment s i n whic h subject s leame d t o classif y do t  pattern s (Posner ,  Goldsmit h &  Welton , 
1967 )  int o thre e differen t  categories .  Do t  patter n categorie s hav e bee n use d extensivel y i n th e 
classificatio n literature ,  an d ar e constructe d b y firs t  assignin g dot s (usuall y nine )  randoml y int o 
cell s  o f  a  matrix .  Thi s do t  patter n i s referre d t o th e objectiv e prototyp e o f  th e category .  T o 
generat e categor y exemplars ,  a  statistica l  distortio n rul e i s applie d t o th e objectiv e prototyp e tha t 
moves th e dot s t o a  ne w positio n i n th e matrix .  Additiona l  categorie s ca n b e create d b y generatin g 
distortion s o f  a  ne w rando m objectiv e prototyp e pattern . 

In the these experiments, categories in the leaming phase were represented by 3, 6, or 9 dot 
pattems .  Subject s continue d t o classif y pattem s durin g th e leamin g phas e unti l  al l  1 8 pattem s wer e 
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classified correctly during a single block of trials. Conditions in the learning phase for all three 

experiment s wer e identical ,  an d becaus e transfe r  performanc e wa s o f  primar y interest ,  th e learnin g 

dat a wer e no t  reporte d earlier .  (Se e Bree n &  Schvaneveldt ,  1986 ,  fo r  furthe r  detail s o f  th e 

experimenta l  procedure) . 

Out of 300 subjects participating in all three experiments, 44 failed to reach learning criterion 

(errorles s performanc e i n 3 0 block s o r  les s i n Experimen t  1 ,  o r  3 5 block s o r  les s i n Experiment s 2 

& 3) ,  an d thes e dat a wer e exclude d fro m th e analyses .  Th e averag e numbe r  o f  block s t o criterio n 

fo r  al l  remainin g subject s wa s 15.5 . 

Figure 1 shows average correct responses over learning blocks for each of the three category sizes. 

T o generat e thes e learnin g functions ,  errorles s performanc e wa s assume d afte r  eac h subjec t 

achieve d th e learnin g criterion .  Fo r  example ,  i f  a  particula r  subjec t  me t  th e learnin g criterio n afte r 

10 block s o f  trials ,  i t  wa s assume d tha t  n o error s woul d hav e occurre d fo r  block s 1 1 throug h 35 . 

Sinc e thi s assumptio n i s probabl y to o strong ,  th e right-hand  sid e o f  th e grap h i n Figur e 1  i s mos t 

likel y artificiall y  inflate d fo r  al l  categor y sizes .  I t  i s  clear ,  however ,  tha t  earl y i n learning , 

classificatio n accurac y wa s enhance d fo r  exemplar s o f  th e large r  categories . 

Figure 2 shows a clearer picture of classification accuracy late in learning, in which classification 

accurac y i s plotte d a s a  functio n o f  th e -  n^ "  bloc k i n relatio n t o eac h subjects '  learnin g criterio n 

(backwar d learnin g curve ,  Trabrass o &  Bower ,  1968) .  Th e numbe r  o f  subject s contributin g t o 

eac h dat a poin t  i s  als o show n i n th e botto m o f  th e figure .  Surprisingly ,  Figur e 2  suggest s tha t  th e 

large r  categor y size s maintaine d thei r  advantag e lat e i n learning . 

To confirm these results, an analysis of variance was performed on data from the first three blocks 

of  trial s an d fo r  th e las t  thre e prio r  t o reachin g th e learnin g criterio n fo r  eac h subject .  Becaus e 4 6 

subject s reache d criterio n i n les s tha n seve n blocks ,  thes e dat a ha d t o b e exclude d fro m thi s 

analysis .  Th e analysi s treate d categor y siz e a s a  facto r  wit h thre e level s (3 ,  6 ,  an d 9) ,  an d block s 

as a  facto r  wit h tw o level s (earl y an d late )  i n a  ( 3 x  2 )  factoria l  design .  Th e result s reveale d a  mai n 

effec t  o f  block s [F(l,209 )  =  687.87 ,  M S e = 29.881 ,  p<.001] ,  an d categor y siz e [F(2,418 )  = 

24.03 ,  M S e = 0.791 ,  p<.001] .  Categor y siz e di d no t  interac t  wit h block s [F(2,418)=0.34 , 
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â• 
• n n D ' 

••°nn°'°'--.'=' '  " " — ' - ^ o " o ' 

0. 4 M y  o ' 

0. 3 + 

i U l l l I 

••35 0 ^ 
S 

+ 30 0 u 
b 

J 
200 e 

c 

250 

•  15 0 

0. 0 t ^ n w ^ w ^ w w w w w w w w w w ^ w ^ w ^ w ^ w w w w w w w w w w^  o 
-3 4 -2 9 -2 4 1 9 1 4 - 9 - 4 C 

Block s 
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M5e=0.006] ,  suggestin g tha t  th e effec t  o f  categor y siz e wa s th e sam e bot h earl y an d lat e i n 
learning . 

To summarize, these results suggest that those categories containing a larger number of exemplars 
wer e learne d mos t  quickly ,  an d tha t  subject s wer e mor e accurat e i n classifyin g exemplar s fro m 
larg e categorie s bot h earl y an d lat e i n learning .  Thes e finding s ar e problemati c fo r  a t  leas t  som e 
distribute d model s o f  learnin g an d memory . 

McClelland & rumelhart's (i985) model 
For  example ,  McClellan d an d Rumelhar t  (1985 )  hav e propose d a  mode l  o f  categor y learnin g an d 
representatio n tha t  employ s th e delt a learnin g rul e (Figur e 3) .  Sinc e thi s mode l  ha s bee n describe d 
i n detai l  elsewhere ,  onl y a  brie f  descriptio n o f  th e genera l  propertie s o f  th e mode l  wil l  b e presente d 
here .  Th e mode l  consist s o f  a  singl e laye r  o f  nodes ,  wit h eac h nod e i n th e mode l  connecte d t o 
ever y othe r  node .  Eac h nod e ma y receiv e activatio n fro m tw o sources .  On e i s from  outsid e th e 
networ k whe n a  pattern ,  i n th e for m o f  a  binar y featur e vector ,  i s  presente d t o th e model .  Th e 
othe r  i s from  othe r  node s i n th e networ k throug h connection s whic h hav e non-zer o weights . 

The model is trained by presenting a pattern to the model, allowing activation to spread throughout 
th e nodes ,  an d the n applyin g th e delt a rul e t o adjus t  th e connectio n weight s suc h tha t  th e activit y 
level s o f  th e node s match ,  o r  com e progressivel y close r  t o matching ,  th e inpu t  pattern .  Th e delt a 
learnin g rul e i s specifie d by : 

where W^^ is the weight matrix following trial /i, r| is a constant which determines the rate of 

learning, i ^ ^ is the transpose of the input pattern on trial n, and 5^ is the difference between the 

desire d an d actua l  outpu t  o n tria l  n : 
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Figur e 3 .  McClellan d &  Rumelhart' s (1985 )  distribute d mode l  o f  memory . 

where t^ is the desired or target output on trial n and W^./ / ^ is the actual output produced on 

tria l  n .  I n th e McClellan d &  Rumelhar t  ( M & R )  model ,  th e targe t  outpu t  valu e t  i n th e abov e 
equatio n i s th e inpu t  patter n o n a  particula r  learnin g trial . 

The performance of the model is evaluated in terms of the hacking distance between the input 
patter n an d resultin g nod e activations .  Thi s measur e i s referre d t o a s respons e strength .  Th e 
genera l  ide a i s tha t  whe n th e patte m o f  activatio n produce d b y th e mode l  closel y matche s th e inpu t 
pattern ,  th e inpu t  patte m ha s closel y matche d wha t  i s store d i n th e connectio n weights .  I n othe r 
words ,  i f  respons e strengt h i s high ,  th e mode l  ha s recognize d th e inpu t  a s somethin g tha t  i t  ha s 
learne d o r  know s about .  Th e respons e strengt h fo r  inpu t  patte m p  i s th e do t  produc t  ove r  th e 
activation s o f  eac h nod e an d th e inpu t  pattem ,  normalize d fo r  th e numbe r  o f  node s i n th e model : 

RS. 

i= n 

i= 0 

A SIMULATIO N 
The abilit y  o f  th e M & R mode l  t o accoun t  fo r  th e abov e result s i s evaluate d i n th e followin g 
simulation .  Fo r  th e simulation ,  trainin g pattern s fro m differen t  categorie s wer e constructe d b y firs t 
generatin g thre e rando m binar y featur e vector s o f  lengt h 20 .  Thes e pattern s becom e th e categor y 
objectiv e prototypes .  Distortion s o f  th e objectiv e prototype s wer e the n generate d b y flippin g th e 
sig n o f  eac h featur e i n th e objectiv e prototyp e wit h a  probabilit y  of .  15 .  Th e trainin g se t  consiste d 
of  3  distortion s o f  on e prototype ,  6  distortion s o f  a  second ,  an d 9  distortion s o f  a  third ,  fo r  a  tota l 
of  1 8 patterns . 

During each trial in the simulation, a training pattern was presented to a model consisting of 20 
completel y connecte d nodes ,  activatio n wa s allowe d t o sprea d an d stabiliz e throughou t  th e model , 
the n th e connectio n weight s wer e change d accordin g t o th e delt a learnin g rule .  Eac h bloc k o f  trial s 
consiste d o f  on e pas s throug h th e 1 8 patterns ,  an d eac h simulatio n ru n consiste d o f  3 0 block s o f 
trials .  Th e numbe r  o f  simulatio n runs ,  consistin g o f  stimulu s generation-mode l  trainin g cycles , 
was 100 . 

Figure 4 plots response strength of the model over learning blocks. Average response strength is 
greate r  fo r  member s o f  th e categor y containin g nin e pattern s earl y i n learning ,  bu t  averag e respons e 
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strength for members of the category containing three members quickly overtakes response 

strengt h fo r  othe r  categor y members . 

Considering the general properties of the model provides some insight into the simulation results. 

The mode l  ha s th e abilit y  t o represen t  bot h general ,  abstrac t  information ,  alon g wit h specific , 

instanc e informatio n i n th e sam e connectio n weights .  I n thi s sense ,  i t  i s simila r  t o a  mixed -

prototyp e mode l  o f  categorizatio n (e.g .  H o m a ,  Sterling ,  &  Trepel ,  1981) .  O n e facto r  whic h 

determine s h o w strongl y th e mode l  represent s genera l  o r  specifi c  informatio n abou t  a  categor y i s 

ho w man y distinc t  pattern s compris e a  categor y durin g learning .  I n general ,  th e mode l  retain s 

highl y specifi c  informatio n abou t  smal l  categories ,  an d mor e abstrac t  informatio n abou t  larg e 

categories .  Unde r  mos t  circumstances ,  thi s result s i n mor e accurat e generalization s t o nove l 

pattern s whe n traine d o n greate r  number s o f  distinc t  categor y exemplar s (Breen ,  1988) . 

The interaction shown in Figure 4 is made clear by considering that on each block of learning 

trials ,  hal f  o f  th e pattern s belonge d t o th e larges t  category .  Thi s cause d th e earl y advantag e fo r  th e 

categor y wit h 9  members ,  becaus e th e mode l  ha d relativel y mor e experienc e wit h tha t  category . 

W hy th e slop e o f  th e learnin g functio n i s steepes t  fo r  th e smalles t  categor y i s precisel y becaus e 

ther e wer e onl y thre e pattem s t o learn .  Tha t  is ,  mor e interferenc e amon g sam e categor y member s 

i s expecte d t o occu r  a s categor y siz e increases ,  producin g a  flatter  learnin g function .  TTii s propert y 

of  th e mode l  instantiate s th e mixed-prototyp e mode l  assumptio n tha t  processin g capacit y limitation s 

(amon g othe r  things )  encourag e abstrac t  representations . 

AN EXTENSION O F TH E M O D EL 
A simpl e extensio n o f  th e M & R mode l  woul d involv e th e additio n o f  a  se t  o f  outpu t  nodes ,  wit h 

eac h outpu t  nod e respondin g t o evidenc e concernin g th e presenc e o f  a  particula r  category .  I n thi s 

model ,  show n i n Figur e 5 ,  th e inpu t  laye r  i s completel y connecte d an d i s traine d th e sam e wa y a s 

before ,  b y usin g th e delt a rul e t o produc e a  patter n o f  activit y acros s th e node s tha t  matche s th e 

inpu t  pattern .  I n addition ,  eac h nod e i n th e inpu t  laye r  i s connected  t o eac h nod e i n th e outpu t 

layer .  Th e delt a rul e i s als o use d t o trai n th e outpu t  node s t o produc e a  patter n o f  activit y 
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Figur e 5 .  A n extensio n o f  McClellan d &  Rumelhart' s (1985 )  model . 

that more closely resembles a categorization response. For example, consider the previous 
simulatio n i n whic h th e mode l  i s  traine d o n pattern s fro m thre e categories ,  wit h eac h categor y 
containin g eithe r  three ,  six ,  o r  nin e exemplar s durin g learning .  Eac h nod e i n th e outpu t  laye r  ca n 
be traine d t o tak e o n positiv e activatio n dependin g o n whic h categor y C3 ,  C6 ,  o r  C9 ,  a n inpu t 
patter n belongs .  Fo r  example ,  i f  a  patter n fro m C 3 (th e categor y containin g 3  exemplars )  i s 
presente d t o tfie  model ,  th e outpu t  laye r  i s traine d t o produc e th e activit y patter n [100 ]  (se e Figur e 

5) . 

The previous simulation in which category size was varied during learning was repeated using the 
model  i n Figur e 5  (referre d t o a s Mode l  2) .  Al l  othe r  methodologica l  aspect s o f  th e simulatio n 
wer e identica l  t o th e metho d employe d earlier .  Th e sequenc e o f  event s o n eac h learnin g tria l  wa s 
as follows .  A  patter n wa s presente d t o Mode l  2 ,  an d activatio n wa s allowe d t o sprea d throughou t 
th e networ k (bot h inpu t  an d outpu t  layers )  unti l  thes e activatio n level s stabilized .  Th e activit y 
level s i n th e inpu t  laye r  wer e the n matche d agains t  th e inpu t  pattern ,  an d th e weight s connectin g 
node s i n th e inpu t  laye r  wer e adjuste d usin g th e delt a rule .  Simultaneously ,  th e activit y patter n i n 
th e outpu t  laye r  wa s compare d t o th e desire d categor y response ,  whic h i s show n i n Figur e 5  fo r 
eac h category ,  wit h th e delt a rul e agai n determinin g weigh t  adjustment s fro m th e inpu t  t o outpu t 
layers . 

Figure 5 shows the activity levels of nodes in the output layer for "correct" category nodes, for 
example ,  th e averag e activit y leve l  fo r  nod e C 6 whe n a  patter n fro m th e categor y containin g 6 
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exemplars was presented. The results of this simulation show that the activity level in the output 

node s correspondin g t o th e large r  categorie s remaine d consistentl y highe r  tha n th e activit y level s o f 

th e node s correspondin g th e smalle r  size d categories .  Thi s ca n b e see n mos t  clearl y b y comparin g 

th e activit y level s o f  th e C 3 an d C 9 node s i n Figur e 5 .  Th e result s o f  thi s simulatio n ar e mor e i n 

lin e wit h th e result s o f  th e Bree n &  Schvaneveld t  experiments . 

Recall that one of the reasons cited for the inability of the M&R model to account for this result 

was tha t  storin g a  larg e numbe r  o f  exemplar s fro m th e sam e categor y i n th e connectio n weight s 

tend s t o produc e interferenc e i n th e inpu t  layer ,  producin g a  flatte r  learnin g function .  Thi s 

interference ,  however ,  onl y concern s th e abilit y  o f  th e mode l  t o respon d strongl y t o specifi c  (old ) 

inpu t  patterns .  Mor e exempla r  experienc e als o produce s mor e accurat e generalization s Wit h 

increase d experience ,  wha t  th e mode l  give s u p i n representin g specifi c  informatio n i t  gain s i n 

representin g generality .  Interference ,  pe r  se ,  i s  thu s no t  a n undesirabl e quality .  Th e sam e hold s 

tru e fo r  th e inpu t  laye r  i n Mode l  2 .  However ,  becaus e th e outpu t  laye r  o f  Mode l  2  i s traine d t o 

produc e a  categor y leve l  response ,  increase d trainin g o n differen t  pattern s fro m th e sam e categor y 

wil l  onl y facilitat e th e acquisitio n o f  category-leve l  informatio n b y th e model.' ' 

RESPONSE BIASES 

Two further questions can be addressed by an analysis of the Breen & Schvaneveldt learning data 

tha t  involv e th e particula r  kind s o f  error s tha t  subject s mak e whil e learnin g t o classif y exemplar s o f 

categorie s whic h var y i n size .  Th e firs t  questio n i s whethe r  categor y siz e influence s th e kind s o f 

error s subject s mak e durin g learning .  Fo r  example ,  whe n a n erro r  i s m a d e whe n classifyin g a n 

exempla r  fro m a  categor y o f  siz e six ,  ar e subject s mor e likel y t o classif y  i t  a s a  m e m b e r  o f  th e 

large r  (siz e nine )  category ? Thi s woul d b e expecte d i f  subject s ar e usin g informatio n abou t  th e 

relativ e siz e o r  likelihoo d o f  th e thre e categorie s i n makin g a  response .  Th e secon d questio n i s tha t 

i f  subject s ar e pron e t o a  respons e bia s o f  thi s nature ,  wil l  thi s bia s b e differentiall y  reflecte d i n 

error s occurrin g earl y an d lat e i n learning ? O n e possibilit y  i s  tha t  suc h a  bia s woul d mor e strongl y 

'Th e connection s betwee n node s i n th e inpu t  laye r  d o no t  pla y a  rol e i n accountin g fo r  thi s categor y siz e effect .  Fo r 
example ,  a n independant-cu e mode l  o f  th e typ e propose d b y Gluc k an d Bowe r  (1988 )  i s abl e t o produc e thi s sam e 
behavior ,  a s wel l  a s th e "respons e bias "  tendencie s i n th e followin g section . 
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influence responses early in learning, when subjects have less complete knowledge about category 
membership .  Fo r  instance ,  whe n subject s ar e unsur e o f  th e correc t  categor y assignmen t  whe n a n 
exempla r  i s presented ,  the y ma y bas e thei r  respons e o n knowledg e abou t  th e relativ e probabilit y  o f 
categor y exemplar s occurrin g o n eac h trial .  And ,  thi s ma y mor e frequentl y occu r  earl y i n learning , 
befor e muc h categor y informatio n ha s bee n acquired . 

EMPIRICAL FINDINGS 
Figur e 7  show s th e breakdow n o f  error s occurrin g durin g th e first  thre e learnin g trial s (Early )  an d 
th e las t  thre e trial s befor e criterio n (Late )  fo r  21 0 subjects .  I t  show s tha t  whe n a n exempla r  fro m 
one o f  th e thre e categorie s (C3 ,  C6 ,  o r  C9 )  wa s presente d durin g learning ,  subject s wer e mor e 
likel y t o mak e a n erro r  b y classifyin g th e exempla r  int o a  relativel y large r  size d category .  I n 
addition ,  thi s tren d i s equall y apparen t  bot h earl y an d lat e i n learning .  Th e magnitud e o f  th e bia s 
appear s t o b e greates t  whe n a  member  fro m C 6 i s presented .  Thi s i s consisten t  wit h th e 
explanatio n tha t  subject s wer e usin g probabilit y  informatio n abou t  th e relativ e frequenc y o f 
occurrenc e o f  categor y exemplar s durin g learning ,  sinc e C 9 an d C 3 ar e th e larges t  an d smalles t 
categories . 

To confirm these results, an analysis of variance was performed treating Blocks as a factor with 
tw o level s (earl y an d late) ,  Respons e a s a  facto r  wit h thre e level s (C3 ,  C6 ,  an d C9),an d Correc t 
Categor y (o r  categor y size )  a s a  facto r  wit h thre e level s (C3 ,  C6 ,  an d C9) .  I n additio n t o th e mai n 
effect s reporte d above ,  thi s analysi s reveale d a  mai n effec t  o f  Respons e [F (  1,209 )  =  31.010 , 
MSe= 0.937,/?<.001] .  Th e Respons e b y Correc t  Categor y interactio n approache d significanc e 
[F(2,418 )  =  2.797 ,  M S t = 0.076 ,  p < A ] ,  a s di d th e three-wa y interactio n o f  Blocks ,  Correc t 
Category ,  an d Respons e [F(2,418 )  =  2.620 ,  MSe = 0.041 ,  p<.l] .  Block s an d Respons e di d no t 
interac t  [F (  1,209 )  =  1.935 ,  M S e = 0.028,/7>.l] . 

It appears that subjects were prone to bias their responses toward the larger-sized categories to the 
same degre e bot h earl y an d lat e i n learning .  Th e finding  tha t  Block s an d Respons e di d no t  interac t 
was somewha t  surprising ,  becaus e i t  migh t  b e expecte d tha t  a  respons e bia s woul d b e reflecte d t o a 
greate r  degre e durin g th e earl y blocks ,  whe n categor y learnin g i s minimal .  However ,  th e 
acquisitio n o f  knowledg e relatin g t o th e categor y membershi p o f  particula r  exemplar s wa s 
confounde d wit h th e acquisitio n o f  knowledg e abou t  th e relativ e size s o f  eac h categor y i n thes e 
experiments .  Subject s wer e no t  tol d prio r  t o th e experimen t  tha t  eac h categor y wa s represente d b y 
a differen t  numbe r  o f  member s durin g th e learnin g phase .  S o earl y i n learning ,  categor y siz e 
informatio n ma y hav e bee n availabl e t o a  lesse r  degre e relativ e t o late r  stage s i n learning . 
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Therefore, a model that proposes that frequency information plays a stronger role in the absence of 

mor e "categorical "  knowledg e m a y stil l  b e consisten t  wit h thes e data .  I n thes e experiments ,  suc h a 

model  woul d assum e tha t  wit h mor e experienc e i n classifyin g exemplar s durin g learning ,  th e 

qualit y o f  bot h frequency  an d categor y informatio n i s enhanced .  Earl y i n learning ,  subject s rel y t o 

a relativel y greate r  exten t  o n poo r  qualit y frequenc y information .  A n d lat e i n learning ,  subject s rel y 

t o a  lesse r  degre e o n hig h qualit y frequency  information . 

The above discussion, of course, lacks a connectionist flavor. Any model incorporating the notion 

of  a  respons e bias ,  whic h seem s mos t  naturall y describe d i n term s o f  rule s o r  strategies ,  i s 

inconsisten t  wit h th e spiri t  o f  connectionis t  modeling .  Ideally ,  a  connectionis t  model' s behavio r 

shoul d exhibi t  a  tendenc y towar d classificatio n int o large r  size d categorie s an d aris e naturall y fro m 

th e structur e o f  th e inpu t  populatio n an d th e architectur e o f  th e model . 

SIMULATION RESULTS 
The potentia l  abilit y  o f  Mode l  2  t o accoun t  fo r  thes e result s ca n b e examine d i n a  straight-forwar d 

manner  b y observin g th e model' s performanc e durin g th e previou s simulation .  I n particular ,  whe n 

a patter n fro m a  particula r  categor y i s presente d durin g learnin g w e ca n observ e th e activit y level s 

i n th e node s correspondin g t o th e incorrec t  categories .  Fo r  example ,  whe n a  patter n fro m th e 

categor y containin g si x member s i s presente d (C6 )  t o th e mode l  durin g learning ,  wha t  ar e th e 

activit y level s o f  node s correspondin g t o C 3 an d C 9 ? Figur e 8  show s thes e value s acros s 3 0 

learnin g block s durin g th e previou s simulation . 

Figure 8 shows that when Model 2 was learning to classify patterns from three categories 

containin g eithe r  three ,  six ,  o r  nin e patterns ,  an d wa s presente d wit h a  patter n fro m th e categor y 

containin g si x patterns ,  th e activatio n o f  th e C 9 nod e wa s consistentl y highe r  tha n th e activatio n o f 

th e C 3 node .  I n fact ,  durin g learning ,  th e mode l  showe d a  genera l  tendenc y t o slightl y inhibi t 

thos e node s correspondin g t o th e tw o alternativ e categories ,  an d th e degre e o f  inhibitio n depende d 

upo n categor y size .  Node s correspondin g t o smalle r  categorie s wer e inhibite d t o a  greate r  exten t 

tha n large r  categorie s o n thos e trial s whe n a n alternativ e categor y patter n wa s presented .  Thi s i s 

somewhat  interestin g behavio r  fro m a  mode l  tha t  contain s n o explici t  mechanism s fo r  producin g a 

"respons e bias "  fo r  large r  size d categories . 
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Although the model as it stands is clearly too underdeveloped to make quantitative predictions 
abou t  subject s behavio r  i n thi s task ,  th e mode l  doe s exhibi t  a  completel y natura l  tendenc y towar d 
inhibitin g classificatio n int o relativel y smaller-siz e categories .  On e furthe r  not e i s tha t  whe n th e 
learnin g procedur e involve s activel y inhibitin g alternat e categor y responses ,  i t  wil l  produc e 
radicall y differen t  behavior .  Fo r  example ,  i f  o n a  particula r  tria l  th e outpu t  laye r  i s traine d t o 
produc e th e activit y patter n [- 1 1  -1 ]  instea d o f  [ 0 1  0 ]  whe n presente d wit h a  patter n fro m C6 ,  th e 
model  wil l  lear n t o mor e strongl y inhibi t  th e C 9 node ,  whic h produce s respons e bia s i n th e 
opposit e directio n tha n before .  Thi s finding  produce s a  furthe r  constrain t  o n th e particular s o f  th e 
learnin g procedure . 

CONCLUSIONS 

An extension of McClelland & Rumelhart's (1985) distributed model of learning and memory was 
shown t o accoun t  (a t  leas t  qualitatively )  fo r  subject s behavio r  i n a  categor y learnin g tas k i n whic h 
categor y siz e wa s varied .  Othe r  researchers ,  n o doubt ,  wil l  faul t  th e mode l  fo r  it s inheren t 
linearity .  However ,  linea r  model s hav e bee n foun d t o b e surprisingl y robus t  ove r  a  variet y o f 
condition s i n simulation s o f  categorizatio n task s (Breen ,  1988) .  Al l  model s ca n b e pushe d pas t 
thei r  limit ,  an d th e presen t  wor k i s intende d t o provid e som e usefu l  constraint s fo r  furthe r  mode l 
development . 
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