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rgold3to@incliana.edu ,  msteyver@indiana.edu ,  klarimer@indiana.ed u 

Abstrac t 

Categorical perception is a phenomenon in which people 
ar e bette r  abl e t o distinguis h betwee n stimul i  alon g a 
physica l  continuu m whe n th e stimul i  com e fro m differen t 
categorie s tha n whe n the y com e & o m th e sam e category . 
I n a  laborator y experimen t  wit h huma n subjects ,  w e find 
evidenc e fo r  categorica l  perceptio n alon g a  nove l 
dimensio n tha t  i s create d b y interpolatin g (i.e .  morphing ) 
betwee n tw o randoml y selecte d bezie r  curves .  A  neura l 
networ k qualitativel y model s th e empirica l  result s wit h th e 
followin g assumptions :  1 )  hidde n "detector "  unit s becom e 
specialize d fo r  particula r  stimulu s region s wit h a 
topologicall y structure d competitiv e learnin g algorithm ,  2 ) 
simultaneously ,  association s betwee n detector s an d 
categor y unit s ar e learned ,  an d 3 )  feedbac k fro m th e 
categor y unit s t o th e detector s cause s th e detector s t o 
become concentrate d nea r  categor y boundaries .  Th e 
particula r  feedbac k used ,  implemente d i n a n "S.O.S . 
network, "  operate s b y increasin g th e learnin g rat e o f 
weight s connectin g input s t o detector s tha t  ar e neighbor s t o 
a detecto r  tha t  produce s a n imprope r  categorization . 

In t roduc t io n 

Models of category learning typically assume that the stimuli 
t o b e categorize d ca n b e describe d i n term s o f  perceptua l 
feature s o r  dimensions ,  an d tha t  concep t  learnin g involve s 
linkin g thes e perceptua l  description s t o categorie s (e.g . 
Kruschke ,  1992) .  A s such ,  i n thes e "feed-forward "  models , 
processin g start s wit h a  perceptua l  input ,  an d outpu t  i s i n th e 
for m o f  a  categorization . 

Althoug h categorizatio n i s  clearl y dependen t  o n 
perceptua l  input ,  man y researcher s hav e als o argue d fo r  a 
reciproca l  influenc e o f  concep t  learnin g o n th e developmen t 
of  percept s (e.g .  Goldstone ,  1995) .  Th e notio n tha t  concept s 
can influenc e perceptio n ca n b e trace d bac k a t  leas t  a s fa r  a s 
th e Sapir-Whor f  hypothesi s (Whorf ,  1941) .  T h e curren t 
wor k explore s a  versio n o f  thi s hypothesis ,  an d provide s a 
computationa l  mechanis m fo r  simultaneous ,  reciproca l 
influence s betwee n perceptua l  input s an d acquire d concepts . 
The particula r  variet y o f  conceptua l  influenc e o n perceptio n 
explore d her e concern s whethe r  specifi c  region s o f  a  nove l 
perceptua l  dimensio n ca n becom e perceptuall y sensitize d i f 
th e regio n i s importan t  fo r  a  learne d categorization .  O u r 
modellin g approac h fo r  accountin g fo r  th e observe d effect s i s 
t o develo p topologicall y ordere d "detectors "  tha t  ten d t o b e 
densel y clustere d a t  th e boundar y betwee n categories . 

Categor ica l  Pe rcep t i o n 

The most relevant empirical support for categorical 
influence s o n perceptua l  sensitivit y come s fro m wor k o n 
•'categorica l  perception "  (fo r  a  review ,  se e H a m a d ,  1987) . 

Accordin g t o thi s phenomenon ,  peopl e ar e bette r  abl e t o 
distinguis h betwee n physicall y differen t  stimul i  w h e n th e 
stimul i  com e from  differen t  categorie s tha n whe n the y c o m e 
fro m th e sam e category .  Fo r  example ,  Liberman ,  Harris , 
Hoffman ,  an d Griffit h (1957 )  generate d a  se t  o f  vowel -
consonan t  syllable s goin g fro m /be /  t o /de /  t o /ge /  b y varyin g 
a particula r  physica l  valu e alon g a  dimension .  Result s 
showe d tha t  w h e n th e physica l  differenc e betwee n speec h 
sound s wa s equated ,  subject s wer e bette r  abl e t o discriminat e 
betwee n tw o sound s tha t  belonge d t o differen t  phonemi c 
categorie s suc h a s /be /  an d /de /  tha n the y wer e abl e t o 
discriminat e betwee n tw o sound s tha t  belonge d withi n th e 
/be /  category . 

Researc h i n ou r  laborator y ha s explore d th e 
developmen t  o f  categorica l  perceptio n durin g a n 
experimenta l  sessio n (Goldstone ,  1994) ,  Goldston e firs t 
traine d subject s i n on e o f  severa l  categorizatio n condition s i n 
whic h on e physica l  dimensio n (e.g .  siz e o r  brightness )  wa s 
relevan t  an d anothe r  wa s irrelevant .  Subject s wer e the n 
transferre d t o same/differen t  judgment s ("Ar e thes e tw o 
square s physicall y  identical?") .  Abilit y t o discriminat e 
betwee n square s i n th e same/differen t  judgmen t  task , 
measure d b y Signa l  Detectio n Theory' s d' ,  wa s greate r  whe n 
th e square s varie d alon g dimension s tha t  wer e relevan t 
durin g categorizatio n training .  Mo r e relevan t  t o categorica l 
perceptio n effects ,  region s withi n a  dimensio n wer e 
selectivel y sensitize d i f  the y occurre d a t  th e boundar y 
betwee n categories .  Fo r  example ,  i f  object s les s tha n 2. 5 c m 
belonge d t o Categor y A  an d object s greate r  tha n 2. 5 c m 
belonge d t o Categor y B  durin g training ,  the n transfe r  result s 
indicate d heightene d sensitivit y t o thi s particula r  regio n o f 
th e siz e dimensio n relativ e t o othe r  siz e values . 

Sensitizatio n v e r s u s C o n s t r u c t i o n o f  D i m e n s i o n s 

The above experiments indicate that laboratory experience 
ca n perceptuall y sensitiz e dimension s an d loca l  region s 
withi n a  dimension .  T h e experimentall y explore d 
dimension s tha t  displa y categorica l  perceptio n hav e bee n pre -
existin g dimensions .  Fo r  example ,  althoug h laborator y 
trainin g ca n sensitiz e siz e o r  region s o f  th e siz e dimension , 
nobod y doubt s tha t  ou r  subject s hav e a  notio n o f  siz e a s a 
dimensio n b y Ui e time  the y participat e i n th e experiment . 
Althoug h Goldston e (1994 )  foun d categorization-dependen t 
sensitizatio n withi n th e integra l  dimension s o f  colo r 
brightnes s an d saturation ,  categorica l  perceptio n fo r  trul y 
arbitrar y dimension s ha s no t  ye t  bee n found .  Suc h a 
demonstratio n woul d argu e fo r  tw o level s o f  perceptua l 
learning .  I n th e first,  particula r  value s o f  existin g dimension s 
ar e sensitize d du e t o categorizatio n demands .  I n th e second , 
n e w dimension s ar e develope d fo r  describin g stimul i  becaus e 
of  thei r  diagnosticity ,  o r  abilit y  t o cove r  th e rang e o f  stimuli . 
S o me researcher s hav e speculate d tha t  thi s secon d typ e o f 

243 

mailto:rgold3to@incliana.edu
mailto:msteyver@indiana.edu
mailto:klarimer@indiana.edu


learnin g ha s bee n severel y underestimate d b y th e us e o f 
laborator y stimul i  tha t  ar e clearl y delineate d int o preexistin g 
dimension s suc h a s orientation ,  number ,  an d siz e (e.g . 
Schyns .  Goldstone ,  &  Thibaut ,  1995) .  Th e curren t 
experimen t  explore s whethe r  learne d categorie s ca n caus e 
sensitizatio n o f  specifi c  value s alon g nove l  dimensions . 

Experiment in Concept Learning Along an 
A r b i t r a r y D i m e n s i o n 

In this experiment, a categorization is created that depends on 
th e valu e o f  a  stimulu s alon g a  n e w dimension .  Th e ne w 
dimensio n i s create d b y selectin g tw o similar ,  arbitraril y 
curve d objects ,  an d treatin g thes e object s a s endpoint s o n a 
continuum .  Intermediat e object s ar e the n create d b y blendin g 
thes e endpoint s i n varyin g proportions .  Thus ,  a  negativ e 
contingenc y betwee n th e proportio n o f  tw o shape s i s formed : 
th e greate r  th e percentag e o f  Shap e A  i n a n object ,  th e les s 
Shape B  wil l  b e present .  Th e arbitrar y dimensio n ca n b e 
considere d a s "th e proportio n o f  A  relativ e t o B "  dimension , 
althoug h subject s m a y atten d t o a  smal l  regio n o f  th e shape s 
durin g categorization .  Subject s lear n on e o f  tw o 
categorization s base d o n differen t  cut-of f  value s alon g thi s 
dimension ,  an d the n ar e transferre d t o a  tas k tha t  measure s 
thei r  perceptua l  sensitivit y a t  variou s point s alon g thi s 
dimension . 

Method 

Subjects^ One hundred and forty undergraduate students 
fro m Indian a Universit y serve d a s participant s i n orde r  t o 
fulfil l  a  cours e requirement ,  no t  includin g 1 2 subject s whos e 
dat a wa s exclude d fo r  failin g t o mee t  a  learnin g criterio n o f 
7 0 % correc t  categorizations .  Forty-nin e student s wer e i n th e 
lef t  spli t  categorizatio n condition ,  4 5 student s wer e i n th e 
righ t  spli t  condition ,  an d 4 6 student s wer e i n th e irrelevan t 
categorizatio n condition . 

Materials. Stimuli were bezier curves based on 9 control 
points .  Bezie r  curve s ar e constructe d b y smoothl y passin g 
curve s throug h o r  nea r  a n ordere d se t  o f  contro l  points .  T w o 
rando m bezie r  curve s wer e constructed ,  an d 6 0 intermediat e 
curve s wer e generate d b y linearl y interpolatin g betwee n th e 
tw o rando m endpoints .  Fro m thes e 6 0 curves ,  th e centra l  7 
curve s wer e selecte d a s th e stimul i  t o b e displaye d durin g 
categorization .  A n additiona l  se t  o f  7  othe r  curves ,  t o b e 

use d i n th e contro l  categorizatio n condition ,  wer e create d i n 
th e sam e manne r  fro m tw o differen t  randoml y chose n 
rando m curves .  I n thi s manner ,  th e 7  curve s withi n a 
dimensio n ca n b e considere d a s intermediat e frame s fro m a 
movi e tha t  morph s fro m on e arbitrar y shap e t o another .  Th e 
7 stimul i  use d ar e show n i n Figur e 1 .  B y choosin g onl y th e 
centra l  7  stimul i  fro m th e A-to- B continuum ,  th e 
categorizatio n an d perceptua l  discriminatio n task s ar e se t  t o a 
reasonabl y hig h leve l  o f  difficulty .  Eac h stimulu s wa s 
approximatel y 9  c m wid e b y 7  c m tall ,  an d wa s displaye d a t  a 
distanc e o f  2 5 c m fro m th e subject . 

Procedure. There were two tasks in the hour-long 
experimen t  -  categor y learnin g followe d b y same-differen t 
judgments .  Ther e wer e thre e categorizatio n conditions :  lef t 
split ,  right  split ,  an d irrelevan t  categorization .  A s show n i n 
Figur e 1 ,  fo r  th e lef t  spli t  group ,  th e first  thre e curve s t o th e 
lef t  belonge d t o Categor y 1 ,  an d th e las t  fou r  curve s belonge d 
t o Categor y 2 .  Fo r  th e right  spli t  group ,  th e first  fou r  curve s 
t o th e lef t  belonge d t o Categor y 1 ,  an d th e remainin g curve s 
belonge d t o Categor y 2 .  Fo r  th e irrelevan t  categorizatio n 
group ,  th e firs t  thre e curve s fro m a  dimensio n wit h 
completel y differen t  endpoin t  shape s belonge d t o Categor y 1 , 
and th e remainin g curve s belonge d t o Categor y 2 . 

Durin g th e categorizatio n training ,  4 0 repetition s o f 
th e seve n curve s wer e show n i n rando m order .  O n a n 
individua l  trial ,  a  curv e wa s show n i n a  randoml y generate d 
locatio n o n th e screen .  Th e curv e remaine d o n th e scree n 
unti l  th e subjec t  presse d a  ke y correspondin g t o thei r  gues s a s 
t o th e curve' s category .  Categor y response s wer e mad e b y 
pressin g th e key s " 1 "  an d "2. "  Afte r  a  respons e wa s made , 
feedbac k wa s give n a s t o th e correctnes s o f  th e response ,  an d 
th e conec t  categor y labe l  wa s displayed .  Afte r  1. 5 sec ,  th e 
scree n wa s erased ,  an d afte r  anothe r  1  sec ,  th e nex t  tria l 
began . 

Al l  thre e categorizatio n trainin g group s receive d th e 
identica l  subsequen t  discriminatio n experiment ,  usin g th e 
seve n curve s show n i n Figur e 1 .  Subject s wer e show n pair s 
of  adjacen t  curve s a s ordere d i n Figur e 1 ,  o r  th e identica l 
curve s repeate d twice ,  an d responde d eithe r  "same "  o r 
"different "  Subject s wer e instructe d t o pres s th e " S "  ke y o n 
th e keyboar d i f  the y believe d th e tw o curve s t o b e physicall y 
identical ,  an d t o pres s th e " D "  ke y i f  the y believe d th e tw o 
curve s t o diffe r  i n an y w a y excep t  location .  Th e interva l 
betwee n trial s wa s 150 0 msec .  Subject s mad e 15 0 
same/differen t  judgment s i n all . 

Lef t  R fgh t 

Sp l i t  Sp l i t 

Figur e 1 
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Result s 

The data of principle interest are subjects' sensitivities at 
discriminatin g betwee n variou s pair s o f  curves ,  broke n dow n 
as a  functio n o f  thei r  categorizatio n condition .  A  d '  measur e 
of  sensitivit y wa s calculated .  A  d '  o f  0  indicate s a  complet e 
lac k o f  sensitivit y i n distinguishin g "Same "  fro m "Different " 
trials ;  d '  value s increas e a s sensitivit y increases . 

O Lef t  Spli t 

X Righ t  Spli t 

Irrelevan t  Spli t 

1- 2 2- 3 3- 4 4- 5 5- 6 6- 7 

Tested Stimulus Pair 

Figure 2 

With 7 curves there are 6 pairs of adjacent curves. 
The d '  fo r  eac h o f  thes e 6  pair s i n eac h categorizatio n 
conditio n i s show n i n Figur e 2 .  Overall ,  ther e wer e mai n 
effect s du e t o bot h teste d pair ,  F(5 ,  122 )  =  4.3 ,  c  <  .01 ,  an d 
categorizatio n condition ,  F(2 ,  122 )  =  6.5 ,  t  <  .01 .  Th e 
forme r  effec t  seem s t o b e attributabl e t o subjects *  abilit y t o 
discriminat e betwee n stimul i  3  an d 4  (fro m Figur e 1 )  mor e 
easil y tha n othe r  pairs .  Th e latte r  effec t  i s du e t o subject s i n 
th e lef t  an d righ t  spli t  group s havin g elevate d sensitivit y 
relativ e t o th e contro l  groups .  Thi s effec t  i s consisten t  wit h a 
larg e literatur e showin g tha t  preexposur e t o stimul i  lead s t o 
thei r  heightene d discriminabilit y  (Hall ,  1991) . 

Most  relevan t  t o learne d categorica l  perception ,  a 
significan t  interactio n betwee n categorizatio n conditio n an d 
teste d pai r  wa s found .  F(10,122 )  =  2.9 ,  p  <  .01 .  A s such ,  th e 
categorizatio n uainin g i n th e first  stag e o f  th e experimen t 
altere d th e discriminabilitie s o f  stimul i  i n th e experiment' s 
secon d stage .  T o bette r  visualiz e th e exac t  effec t  o f  thi s 
influence .  Figur e 3  plot s th e sensitivit y  (d' )  obtaine d from  th e 
righ t  spli t  grou p minu s th e sensitivit y fro m th e lef t  spli t 
group ,  fo r  eac h o f  th e si x pair s o f  adjacen t  curves .  A s such , 
positiv e value s signif y greate r  sensitivit y fo r  th e right  spli t 
grou p tha n fo r  th e lef t  spli t  group .  Althoug h th e effect s o f 
th e split s ar c no t  symmetric ,  th e genera l  effec t  o f 
categorizatio n uainin g seem s t o b e tha t  discriminabilit y i s 
relativel y hig h fo r  stimul i  tha t  fal l  nea r  th e categor y 
boundary .  Eve n i f  w e restric t  ou r  attentio n jus t  t o th e 3- 4 an d 
4- 5 pairs ,  significantl y highe r  d' s ar e foun d whe n th e pai r 
rest s o n a  boundar y tha t  wa s influentia l  fo r  categorizatio n (d ' 
= 2.54 )  tha n whe n i t  doe s no t  (d '  =2.08) ,  F(l,122)=2.5 ,  e  < 
.01 . 
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The patter n o f  sensitivit y  t o region s o f  th e continuu m forme d 
by interpolatin g betwee n tw o randoml y selecte d bezie r 
curve s varie s acros s th e thre e categorizatio n groups .  Thi s 
patter n i s mos t  accuratel y describe d a s follows :  abilit y t o 
discriminat e betwee n tw o physicall y differen t  curve s i s 
relativel y hig h whe n th e boundar y betwee n laboratory -
traine d categorie s fall s  relativel y clos e t o th e pai r  o f  curves . 
Althoug h ther e i s onl y a  substantia l  differenc e betwee n th e 
categorizatio n group s fo r  thre e pairs ,  thi s generalizatio n 
applie s t o al l  si x pair s i n Figur e 3  -  sensitivit y i s highe r  fo r 
th e right  spli t  categorizatio n grou p when ,  an d onl y when ,  th e 
teste d pai r  i s  close r  t o th e right  spli t  tha n th e lef t  split . 

Modelling Learned Categorical Perception 
A l o n g a  N o v e l  D i m e n s i o n 

One useful property of neural networks for 
modelin g learne d categorica l  perceptio n i s tha t  hidde n unit s 
tha t  interven e betwee n inpu t  an d outpu t  representation s ar e 
capabl e o f  creatin g interna l  representation s tha t  captur e 
importan t  regularitie s i n th e inputte d materials .  Severa l 
model s develo p hidde n unit s tha t  ca n b e interprete d a s 
learne d featur e detector s (e.g .  Schyns ,  1992) .  Ou r  mode l  wil l 
use thi s techniqu e i n orde r  t o creat e topologicall y ordere d 
featur e detector s tha t  ten d t o respon d t o specifi c  value s alon g 
a arbitrar y continuum . 

Empirical and Theoretical Constraints on Modeling 

There are several empirical results, with respect to 
bot h categorizatio n an d subsequen t  perceptua l  sensitivity , 
tha t  a  mode l  o f  learne d categorica l  perceptio n shoul d sho w 
(Hamad ,  1987) .  First ,  categorizatio n judgment s shoul d 
rapidl y chang e a s th e boundar y betwee n categorie s i s 
crossed .  Second ,  categorizatio n o f  "caricatured "  item s 
(displace d awa y fro m a  category' s centra l  tendenc y i n th e 
directio n opposit e t o th e boundar y betwee n th e categories ) 
shoul d b e a t  leas t  a s good ,  an d ofte n time s better ,  tha n 
categorizatio n o f  th e centra l  tendencie s o f  th e categorie s 
(Goldstone ,  i n press) .  Third ,  sensitivit y fo r  discriminatin g 
physicall y differen t  stimul i  shoul d b e highe r  whe n th e item s 
straddl e tw o categorie s tha n whe n the y fal l  i n a  singl e 



category .  Fourth ,  th e curren t  result s sugges t  tha t  elevate d 
sensitivit y shoul d als o exten d t o th e region s nex t  t o th e 
categor y boundary . 

Whil e constraine d b y th e abov e empirica l  findings , 
our  mode l  i s  als o constraine d b y tw o theoretica l  motivations . 
Firs t  an d foremost ,  w e wante d t o supplemen t  th e 
unsupervise d learnin g o f  featur e detector s wit h feedbac k 
regardin g categorization .  Th e developmen t  o f  input-to -
detecto r  weight s i s constraine d b y a  competitiv e learnin g 
algorith m (Kohonen ,  1982 )  suc h tha t  detector s becom e 
specialize d fo r  particula r  inputs ,  bu t  i s  als o influence d b y th e 
categor y units .  I n essence ,  i f  a  detecto r  predict s a n incorrec t 
categorizatio n fo r  a n item ,  the n i t  send s ou t  a n "S.O.S . 
signal "  callin g fo r  it s  neighborin g unit s t o quickl y m o v e int o 
th e sam e are a a s th e detector .  Becaus e detector s tha t 
incorrectl y categorize d wil l  attrac t  othe r  units ,  th e boundar y 
betwee n tw o categorie s wil l  b e particularl y wel l  populate d b y 
featur e detectors ,  an d consequentl y th e "S .  O .  S .  network " 
ca n predic t  flexible ,  learne d categorica l  perceptio n effects . 

Th e secon d theoretica l  motivatio n fo r  ou r  mode l  i s 
t o develo p categorica l  perceptio n startin g fro m relativel y 
raw ,  perceptua l  inputs .  A s such ,  th e firs t  stag e o f  ou r 
networ k convert s gray-scal e two-dimensiona l  drawing s o f 
curve s t o Gabo r  filter  representation s tha t  describ e th e input s 
i n term s o f  spatiall y  organize d lin e segments .  Th e detector s 
ar e traine d upo n thes e Gabo r  filter  representations . 

Details of the S.O.S. Network 

The classification part of the model is a neural 
networ k simila r  t o A L C O V E (Kruschke ,  1992) .  Th e hidde n 
laye r  o f  detector s ar e radia l  basi s exempla r  node s maximall y 
sensitiv e t o stimul i  a t  th e positio n o f  thes e exempla r  nodes . 
Th e outpu t  laye r  consist s o f  node s tha t  classif y th e activatio n 
patter n o f  thes e exempla r  nodes .  Th e crucia l  difference s wit h 
A L C O VE ar e tha t  th e exempla r  node s ar e topologicall y 
arrange d i n a  one-dimensiona l  lattice ,  an d exempla r  node s 
ca n m o v e thei r  positio n i n inpu t  spac e throug h competitiv e 
learning .  Thes e feature s allo w th e mode l  t o self-organiz e th e 
exempla r  node s alon g th e inpu t  dimensions .  M o r e 
importantly ,  becaus e th e learnin g rat e i s se t  proportiona l  t o 
th e classificatio n error ,  greate r  sensitivit y nea r  th e categor y 
boundar y ca n b e predicted . 

We use d material s o f  th e sam e typ e a s thos e used  i n 
th e experiment .  A  morphin g sequenc e o f  2 8 bezie r  curve s 
was created ,  wit h eac h pictur e havin g 128x12 8 pixels .  Eac h 
stimulu s wa s filtered  throug h Gabo r  filters  (Daugman ,  1985 ) 
wit h overlappin g receptiv e fields  t o extrac t  loca l  features . 
Gabor  filters  wit h orientation s o f  0 ,  45 .  9 0 an d 13 5 degree s 
operate d o n 6  x  6  overlappin g receptiv e fields  tha t  wer e 

regularl y space d ove r  th e inpu t  picture .  I n tota l  then ,  th e 
Gabor  filter  outpu t  vecto r  o ,  ha s 14 4 components .  I n figure 
4a ,  on e bezie r  curv e i s shown .  Figure s 4b ,  c ,  d  an d e ,  sho w 
th e filtered  activation s ove r  th e receptiv e fields  i n th e fou r 
orientation s fo r  thi s bezie r  curve .  Th e transformatio n fro m 
th e stimul i  i n pixe l  spac e t o th e Gabo r  filter  spac e preserve d 
th e loca l  similarit y relation s o f  th e stimulu s sequence ;  th e 
distanc e betwee n th e Gabo r  vector s fo r  stimul i  k  an d k+ I 
was alway s smalle r  tha n th e distanc e o f  th e Gabo r  vector s fo r 
stimul i  k  an d k-t-2 .  Th e input s t o th e networ k ar e th e 
component s a /  o f  th e filte r  vecto r  a .  Th e hidden ,  detecto r 

nod e activation ,  a j ,  i s  determine d b y th e radia l  basi s 
function : 

,1/2 ' 
hi d 

a J  = e x p - c i « - a r ) (1 ) 

(2 ) 

Th e weights ,  wj i  ar e th e position s o f  th e detecto r  node s i n th e 
inpu t  space .  Th e dro p of f  i n sensitivit y fo r  pattern s awa y 
fro m Wj i  i s  determine d b y c .  Fo r  eac h categor y k ,  ther e i s a n 
associate d classificatio n nod e k ,  wit h activation ,  a ^  give n by : 

V J y 
Th e weight s wk j  connec t  hidde n an d outpu t  layer s an d f  i s  th e 
sigmoi d discriminan t  function .  Th e probabilit y  o f  respondin g 
wit h categor y k  i s determine d b y th e Luc e choic e rule , 

P,^(k) = ^,^. (3, 

K 
The su m o f  square d error . 

(4 ) 

i s  base d o n th e teache r  signa l  t ^  fo r  nod e k  whic h i s 1  i f  th e 
inpu t  stimulu s belong s t o categor y k ,  an d 0  otherwise . 
Gradien t  descen t  i s  use d t o updat e th e weights .  Th e 
weights,wjt/ ,  fro m hidde n t o outpu t  node s ar e determine d by : 

A<'=Aar(l-0(^-ar)«> 
wher e X  i s th e learnin g rate .  Th e positio n weights ,  wji ,  o f  th e 
hidde n node s ar e update d wit h a  competitiv e learnin g rule . 

A w « = £ r , A , , 4 a f - 0 , (6 ) 
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wher e th e learnin g rat e i s proportiona l  t o a  constan t  h  an d 
tw o tenns :  th e neighborhoo d functio n A(jj« )  ,  an d th e 
classificalio n erro r  E .  I n th e functio n A( j  j * ) ,  j *  i s  th e hidde n 
detecto r  tha t  ha s th e smalles t  Euclidia n distanc e t o th e inpu t 
pattern .  A( j  j* )  i s  1  fo r  j=j *  an d fall s of f  a s a  powe r  functio n 
of  distanc e I  j-j*l .  Thi s learnin g rul e typicall y lead s t o a 
partia l  o r  complet e topologica l  orderin g o f  th e positio n 
weight s wj i  i n inpu t  spac e (Kohonen ,  1982) .  Th e importan t 
facto r  i n thi s mode l  i s  tha t  th e learnin g rat e i n th e competitiv e 
learnin g rul e i s als o proportiona l  t o th e classificatio n erro r  E . 
Thi s lead s t o a  distributio n o f  detecto r  position s tha t  i s  mor e 
dens e i n region s wher e classificatio n erro r  i s  greatest . 

Results of Simulation 

We performed simulations with 28 input patterns, 
14 hidde n detectors ,  an d tw o outpu t  nodes .  I n on e 
simulation ,  th e spli t  betwee n th e tw o categorie s wa s place d 
betwee n pattern s 1 0 an d 1 1 (lef t  split) .  I n anothe r  simulation , 
i t  wa s place d betwee n 1 8 an d 1 9 (righ t  split) .  I n figures  5 a 
and b ,  th e probabilitie s o f  respondin g wit h eithe r  categor y ar e 
show n fo r  th e lef t  an d righ t  splits ,  respectively .  T h e 
classificatio n probabilitie s ar e highes t  betwee n th e extreme s 
and th e prototype s o f  th e categories ;  thus ,  th e mode l  exhibit s 
th e ofte n observe d caricatur e effec t  whereb y respons e i s 
maxima l  no t  a t  th e prototyp e o f  th e categor y (e.g .  th e 
stimulu s S. 5 fo r  th e lef t  categor y i n th e lef t  spli t  condition ) 
but  a t  a  poin t  displace d fro m th e prototyp e i n th e directio n 
opposit e t o th e othe r  category .  I n figures  5 c an d d ,  th e 
response s a j  fo r  eac h o f  th e 1 4 detecto r  node s ar e show n fo r 
eac h stimulu s value .  Eac h curv e correspond s t o th e respons e 
profil e fo r  on e detector .  Thes e figures  giv e som e insigh t  int o 
th e distribution s o f  th e positio n weight s wj j  o f  th e hidde n 
node s i n inpu t  space ,  becaus e activatio n a j  i s  maxima l  fo r 
inpu t  a t  th e positio n weigh t  wji .  Th e figures  sho w tha t  th e 
hidde n node s ar e mor e densel y distribute d aroun d th e 

categorizatio n boundar y a s a  resul t  o f  th e feedbac k o f 
classificatio n erro r  i n th e learnin g rul e (6) .  Thes e figures  als o 
s h o w tha t  th e detecto r  nod e response s fo r  pattern s 
surroundin g th e max ima l l y respondin g detecto r 
monotonicall y decreas e wit h distanc e fro m thi s detector . 
Thi s reflect s th e preservatio n o f  th e loca l  similarit y relation s 
by th e spatia l  topolog y o f  th e detectors . 

A sensitivit y measur e fo r  same/differen t  judgement s 
i n th e mode l  wa s constructe d b y takin g th e Euclidia n distanc e 
betwee n th e hidde n nod e activatio n pattern s fo r  th e tw o 
pattern s t o b e judged .  I n figure  5 e an d f ,  sensitivit y i s show n 
fo r  comparison s o f  pattern s 1  an d 3 ,  3  an d 5 ,  5  an d 7  etc . 
Th e pea k sensitivit y occur s approximatel y a t  th e categor y 
boundary .  Thi s occur s becaus e slightl y differen t  stimul i  tha t 
occu r  nea r  th e categor y boundar y wil l  caus e substantiall y 
differen t  activatio n pattern s o n th e detecto r  units ,  give n th e 
dens e concentratio n o f  detector s i n thi s region . 

Discussion 

The experiment and computer simulation support 
th e possibilit y  tha t  categor y learnin g ca n entai l  no t  onl y th e 
sensitizatio n o f  region s o f  a  preexistin g dimensions ,  bu t  ca n 
als o sensitiz e region s o f  n e w dimensions .  Th e dimension s 
ar e unlikel y t o hav e existe d befor e th e experimen t  becaus e 
the y wer e create d b y interpolatin g betwee n arbitrar y curves . 
Th e dimensio n i s eiUie r  interpretabl e a s "Proportio n o f  S h £ ^ 
A relativ e t o Shap e B "  o r  i n term s o f  s o m e smalle r  sub -
componen t  tha t  continuousl y change s from  Shap e A  t o B .  A s 
wit h standar d categorica l  perceptio n effects ,  sensitizatio n 
relativ e t o th e contro l  conditio n i s greates t  fo r  stimul i  a t  th e 
boundar y betwee n th e categories . 

T h e simulatio n provide s insight s int o th e 
p h e n o m e n o n o f  categorica l  perceptio n alon g n e w 
dimensions .  First ,  Kohonen' s self-organizin g featur e m a p 
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algorith m i s typicall y understoo d a s developin g detector s fo r 
specifi c  stimuli .  Althoug h thi s i s certainl y on e wa y t o 
understan d ou r  network' s behavior ,  i t  ca n als o b e understoo d 
as creatin g detector s fo r  region s alon g a  dimension .  Second , 
th e networ k show s h o w th e structur e implici t  i n stimul i  tha t 
fal l  alon g a  n e w dimensio n ca n b e capture d b y th e 
topologica l  position s o f  detector s units .  Th e natura l 
similarit y relation s betwee n adjacen t  stimul i  (i n Figur e 1 ) 
leads ,  withou t  supervision ,  t o th e constructio n o f  a  locall y 
and globall y well-ordere d set s o f  detecto r  units .  Onc e th e 
networ k ha s settled ,  th e detector s o n th e lef t  an d righ t  end s 
wil l  b e specialize d fo r  th e tw o extrem e curves ,  an d th e 
detector s i n betwee n wil l  handl e th e intermediat e curve s i n 
prope r  order . 

The final  majo r  insigh t  o f  th e network' s treatmen t  o f 
categorica l  perceptio n effects ,  embodie d b y th e S.O.S . 
principle ,  i s  tha t  thes e effect s ca n b e modelle d b y creatin g 
relativel y dens e representation s o f  item s a t  th e borde r 
betwee n categories .  Thi s treatmen t  o f  categorica l  perceptio n 
differ s fro m othe r  neura l  networ k implementation s 
(Anderson ,  Silverstein ,  Ritz ,  &  Jones ,  1977 ;  Hamad ,  Hanson . 
& Lubin ,  1994) .  I n thes e othe r  approaches ,  eac h categor y 
has it s o w n attractor ,  an d th e stimul i  tha t  fal l  int o on e 
categor y wil l  al l  b e propelle d towar d th e category' s attractor . 
Categorica l  perceptio n occur s becaus e input s tha t  ar e ver y 
clos e bu t  fal l  int o differen t  categorie s wil l  b e drive n t o highl y 
separate d attractors .  I n contrast ,  i n ou r  S.O.S .  network , 
categorica l  perceptio n emerge s becaus e man y detector s wil l 
congregat e a t  th e categor y boundary ,  an d thu s smal l 
difference s a t  thi s boundar y wil l  b e reflecte d b y differen t 
pattern s o f  detecto r  activity .  Ther e ar e tw o potentia l 
advantage s o f  ou r  account .  First ,  categorica l  perceptio n 
effect s ca n aris e eve n whe n ther e i s n o deman d t o categoriz e 
th e stimuli ,  onc e th e detector s hav e move d towar d th e 
boundary .  Thi s fit s  th e requirement s o f  th e same/differen t 
tas k wel l  becaus e physica l  identity ,  no t  categor y identity ,  i s 
th e basi s fo r  thes e judgments .  Second ,  ou r  accoun t  explain s 
ho w stimul i  fallin g o n th e sam e sid e o f  a  categor y boundar y 
may als o becom e mor e discriminabl e afte r  categorizatio n 
training ,  i f  the y ar e sufficientl y clos e t o th e categor y 
boundary .  Th e result s fro m th e huma n experimen t  sugges t 
tha t  thi s i s th e cas e fo r  people .  I n network s tha t  explai n 
categorica l  perceptio n b y creatin g differen t  attractor s fo r 
differen t  categories ,  uniqu e item s tha t  ar e clos e t o th e 
boundar y bu t  fal l  i n th e sam e categor y becom e mor e simila r 
wit h processing ,  no t  mor e distinctive . 

I n conclusion ,  categor y learnin g ca n lea d t o th e 
developmen t  o f  ne w dimensions .  Onc e developed ,  region s 
withi n thes e dimension s ca n b e selectivel y sensitize d i f  the y 
ar e importan t  fo r  determinin g categor y boundaries .  Th e 
qualitativ e effec t  o f  categor y learnin g o n perceptua l 
sensitivit y ca n b e modele d b y a  neura l  networ k tha t 
simultaneousl y develop s detector s fo r  dimensio n value s an d 
association s betwee n detector s an d categories .  Withi n thi s 
framework ,  ther e i s a  top-dow n influenc e o f  categorizatio n 
tha t  give s ris e t o categorica l  perceptio n -  whe n a  detecto r 
produce s a n imprope r  categorization ,  the n learnin g rate s fo r 
it s  neighborin g detector s ar e momentaril y  increased .  I n thi s 
manner ,  th e difficult-to-categoriz e region s o f  a  dimensio n 
wil l  game r  a  hig h densit y o f  detectors ,  thereb y permittin g 
sensitiv e discrimination s a t  th e categw y boundaries . 
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