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Abstrac t 

When humans learn to categorize multidimen-
sionj J stimuli ,  the y lear n whic h stimulu s dimen -
sion s ar e relevan t  o r  irrelevan t  fo r  distinguishin g 
th e categories .  Result s o f  a  categor y learnin g ex -
perimen t  ar e presented ,  whic h sho w tha t  cate -
gorie s define d b y a  singl e dimensio n ar e muc h eas -
ie r  t o lear n tha n categorie s define d b y th e combi -
natio n o f  tw o dimensions .  Thre e model s ar e fit  t o 
th e data ,  ALCOVE (Kruschk e 1990a,b ,  i n press) , 
standar d bac k propagatio n (Rumelhart ,  Hinto n 
& Wilham s 1986) ,  an d th e configural-cu e mode l 
(Gluc k &  Bowe r  1988) .  I t  i s  foun d tha t  alcove , 
wit h it s dimensiona l  attentio n learnin g mecha -
nism ,  ca n captur e th e trend s i n th e data ,  wherea s 
back propagatio n an d th e configural-cu e mode l 
cannot .  Imphcation s fo r  othe r  model s o f  huma n 
categor y learnin g ar e discussed . 

Int roduct io n 

Imagin e learnin g t o classif y mushroom s a s "poisonous " 
or  "edible. "  Yo u ar e show n on e mushroo m afte r  an -
othe r  an d tol d whic h categor y i t  belong s to .  Afte r  see -
in g man y examples ,  you r  accurac y o f  classifyin g ne w 
example s improves .  On e o f  th e ke y aspect s o f  suc h 
learnin g i s th e determinatio n o f  whic h feature s o f  th e 
mushrooms ar e relevan t  t o th e categorization .  Fo r  ex -
ample ,  i t  migh t  b e tha t  al l  re d mushroom s Eir e poi -
sonous ,  bu t  re d mushroom s occu r  i n th e sam e rang e 
of  size s a s edibl e mushrooms .  I n tha t  cas e i t  woul d 
be wis e t o weig h informatio n abou t  abou t  colo r  mor e 
heavil y tha n informatio n abou t  size .  O n th e othe r 
hand ,  i t  migh t  b e tha t  mor e tha n on e dimensio n i s rele -
vant  t o th e categorization ;  e.g. ,  perhap s re d o r  spotte d 
mushrooms ar e poisonous .  I n tha t  case ,  on e shoul d 
pay attentio n t o bot h dimension s o f  colo r  an d texture . 

Posner  (1964 )  calle d situation s i n whic h ther e wa s 
a singl e relevan t  dimensio n gatin g tasks ,  sinc e th e ir -
relevan t  dimension(s )  coul d b e gate d ou t  o f  considera -
tion ,  an d h e calle d situation s i n whic h mor e tha n on e 
dimensio n wa s relevan t  condensatio n tasks ,  sinc e th e 
informatio n fro m multipl e dimension s ha d t o b e con -

dense d int o a  singl e categorizatio n decision .  Posne r 
and other s (e.g. ,  Garne r  1974 )  hav e establishe d tha t 
gatin g task s ar e generall y easie r  t o lear n tha n conden -
satio n tasks .  I n thi s articl e I  sho w tha t  standcu- d back -
propagatio n (Rumelhart ,  Hinto n &  William s 1986 )  an d 
th e configural-cu e mode l  (Gluc k &  Bowe r  1988 )  canno t 
captur e tha t  basi c result ,  whil e anothe r  connection -
is t  mode l  calle d alcov e (Kruschk e 1990a,b ,  i n press ) 
can .  I  repor t  result s o f  a  categor y learnin g experimen t 
and fits  o f  th e model s t o th e data .  Th e ke y differenc e 
betwee n th e model s i s tha t  alcov e incorporate s con -
straint s t o reflec t  th e dimensiona l  attentio n learnin g 
abilitie s o f  people ,  wherea s th e othe r  model s d o not . 

The ALCOVE Model 

Alcove is a feed-forward network that learns by gra-
dien t  descen t  o n error ,  bu t  i t  i s  unlik e standar d bac k 
propagatio n (Rumelhar t  e t  al .  1986 )  i n it s architec -
ture ,  it s  behavior ,  an d it s goals .  Unlik e th e stan -
dar d back-propagatio n network ,  whic h wa s motivate d 
by generahzin g neuron-hk e perceptrons ,  th e architec -
tur e o f  alcov e wa s motivate d b y a  molar-leve l  psy -
chologica l  theory ,  Nosofsky' s (1986 )  generalize d con -
tex t  mode l  (gcm) .  Th e psychologicall y constraine d 
architectur e result s i n behavio r  tha t  capture s th e de -
taile d cours e o f  huma n categor y learnin g i n man y situ -
ation s wher e standar d bac k propagatio n fare s les s wel l 
(Kruschk e 1990a,b ,  i n press) .  And ,  unlik e man y ap -
plication s o f  standar d bac k propagation ,  th e goa l  o f 
alcov e i s no t  t o discove r  ne w (hidden-layer )  repre -
sentation s afte r  length y training ,  bu t  rathe r  t o mode l 
th e cours e o f  learnin g itself ,  b y determinin g whic h di -
mension s o f  th e give n representatio n ar e mos t  relevan t 
t o th e task ,  an d ho w strongl y t o associat e exemplar s 
wit h categories . 

Lik e th e gcm ,  alcov e assume s tha t  inpu t  pat -
tern s ca n b e represente d a s point s i n a  multi -
dimensiona l  psychologica l  space ,  a s determine d b y 
multi-dimensiona l  scalin g algorithm s (e.g. ,  Kruska l 
1964;  Shepar d 1962) .  Eac h inpu t  nod e encode s a  sin -
gl e psychologica l  dimension ,  wit h th e activatio n o f  th e 
node indicatin g th e valu e o f  th e stimulu s o n tha t  di -
mension .  Figur e 1  show s th e architectur e o f  alcove , 
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Figur e 1 :  Th e structur e o f  ALCOVE.  Th e pyramid s 
i n th e hidde n laye r  indicat e th e activatio n profil e o f 
hidde n nodes ,  a s determine d b y Equatio n 1 ,  wit h r  = 

9 = 1 . 

illustratin g th e cas e o f  jus t  tw o inpu t  dimensions . 
Eac h inpu t  nod e i s gate d b y a  dimensiona l  attentio n 

strengt h a, .  T h e attentio n strengt h o n a  dimensio n re -
flects  th e relevEinc e o f  tha t  dimensio n fo r  th e particula r 
categorizatio n tas k a t  hand ,  an d th e mode l  learn s t o 
allocat e mor e attentio n t o relevan t  dimension s an d les s 
t o irrelevan t  dimensions . 

Eac h hidde n nod e correspond s t o a  positio n i n th e 
multi-dimensiona l  stimulu s space ,  wit h on e hidde n 
nod e plcice d a t  th e positio n o f  ever y trainin g exem -
plar .  Eac h hidde n nod e i s  zictivate d accordin g t o th e 
psychologica l  similarit y o f  th e stimulu s t o th e exem -
pla r  represente d b y th e hidde n node .  T h e similarit y 
functio n come s fro m th e G C M an d th e wor k o f  Shepar d 
(1962 ;  1987) :  Le t  th e positio n o f  th e j " '  hidde n nod e 

be denote d a s (hji,hj2 ,  •  •) y an d le t  th e activatio n o f 

th e j*' *  hidde n nod e b e denote d a s a "̂* .  The n 

a'''' '  =  ex p f-c(5]a,|/.^,-a;"| ' 
q/r ^ 

(1 ) 

wher e c  i s a  positiv e constan t  calle d th e specificit y o f 
th e node ,  wher e th e s u m i s take n ove r  al l  inpu t  dimen -
sions ,  an d wher e r  an d q  ar e constant s determinin g th e 
similarit y metri c an d similarit y gradient ,  respectively . 
For  separabl e psychologica l  dimensions ,  th e city-bloc k 
metri c ( r  =  1 )  i s used ,  whil e integra l  dimension s migh t 
cal l  fo r  a  Euchdea n metri c ( r  =  2 ;  cf .  Garne r  1974 , 
Shepar d 1964) .  A  city-bloc k distanc e metri c ( r  =  1 ) 
wit h exponentia l  similarit y gradien t  ( g =  1 )  i s  use d 
her e (Shepar d 1987) . 

T h e dimensiona l  attentio n strength s adjus t  them -
selve s s o tha t  exemplar s fro m differen t  categorie s be -
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Figur e 2 :  To p pane l  show s tha t  increasin g atten -
tio n t o th e horizonta l  dimensio n an d decreasin g at -
tentio n t o th e vertica l  dimensio n cause s exemplar s o f 
th e tw o categorie s (denote d b y filled  an d ope n cir -
cles )  t o hav e greate r  between-categor y dissimilarit y 
an d greate r  within-categor y similaxit y (afte r  Nosofek y 
1986 ,  Fig .  2) .  Lowe r  pane l  show s tha t  a l cov e canno t 
differentiall y  atten d t o diagona l  axes . 

come les s similar ,  an d exemplar s withi n categorie s be -
come mor e similar .  Conside r  a  simpl e cas e o f  eigh t 
stimu h tha t  for m th e corner s o f  a n octago n i n inpu t 
space ,  a s i n Figur e 2 .  Th e stimu U ar e mappe d t o on e 
of  tw o categories ,  a s indicate d b y filled  o r  ope n circles . 
W h en onl y on e dimensio n i s  relevant ,  a s i n th e to p 
pane l  o f  Figur e 2 ,  a l cov e learn s t o increas e th e at -
tentio n strengt h o n th e relevan t  dimension ,  an d t o de -
creas e th e attentio n strengt h o n th e irrelevan t  dimen -
sion .  B y contrast ,  a l c o v e canno t  stretc h o r  shrin k 
diagonally ,  a s suggeste d i n th e lowe r  pane l  o f  Figur e 2 . 
T wo point s mad e i n thi s articl e ar e (1 )  t o demonstrat e 
tha t  thi s constrain t  i s a n accurat e reflectio n o f  huma n 
performance ,  i n tha t  categorie s separate d b y a  diago -
nal  boundar y tak e longe r  t o lear n tha n categorie s sep -
arate d b y a  boundar y orthogona l  t o on e dimension , 
an d (2 )  t o sho w tha t  standar d bac k propagatio n an d 
configural-cu e mode l  d o no t  captur e thi s fact . 

Eac h hidde n nod e i n A L C O VE i s  connected  t o out -
put  node s tha t  correspon d t o respons e categories .  Th e 
connectio n fro m th e j" *  hidde n nod e t o th e ̂" '  cate -
gor y nod e ha s a  connectio n weigh t  denote d lŷ .  ,  calle d 

th e associatio n weigh t  betwee n th e exempla r  an d th e 
category .  T h e outpu t  (category )  node s ar e activate d 
by th e linea r  rul e use d i n th e G C M an d th e networ k 
model s o f  Gluc k an d Bowe r  (1988) : 

,ou t 
^ E - ^ i ^ ' " -  (2 ) 

hi d 
i 

I n ALCOVE,  unlik e th e G C M,  th e associatio n weight s 

282 



••  -
1 
r -

-- 1 
J 
1 

-  .  .  4 
1 1  1 
1 I  1 
1 •  1 
1 1  1 

Figur e 3 :  Stimul i  use d i n categor y learnin g experiment . 
The rectangl e coul d hav e on e o f  fou r  height s (th e short -
est  rectangl e i s show n wit h a  soli d hne )  an d th e interio r 
vertica l  segmen t  coul d hav e on e o f  fou r  latera l  position s 
(th e leftmos t  positio n i s show n wit h a  soh d Une) . 

ar e learne d an d ca n tak e o n an y rea l  value ,  includin g 
negativ e values .  Categor y activation s ar e mappe d t o 
respons e probabilitie s usin g th e sam e choic e rul e (Luc e 
1963 )  a s wa s use d i n th e G C M an d networ k models . 
Thus , 

P t {K )  =  exp{<j>ar) / j^exp{<f>ar ) (3 ) 
out 
k 

wher e <^  i s a  real-value d scalin g constant .  I n othe r 
words ,  th e probabilit y o f  classifyin g th e give n stimu -
lu s int o categor y K  i s  determine d b y th e magnitud e 
of  categor y K' s activatio n relativ e t o th e s u m o f  al l 
categor y activations . 

The dimensiona l  attentio n strengths ,  a, ,  an d th e as -
sociatio n weights ,  lUj.- ,  ar e learne d b y gradien t  descen t 

on sum-square d error ,  a s use d i n standar d bac k prop -
agatio n (Rumelhar t  e t  al .  1986 )  an d i n th e networ k 
model s o f  Gluc k an d Bowe r  (1988) .  Spac e constraint s 
prohibi t  furthe r  discussio n o f  th e model ;  detail s ca n b e 
foun d i n Kruschk e (1990a,b ,  i n press) . 

I n fitting  A L C O VE t o h u m a n learnin g data ,  ther e ar e 
fou r  fre e parameters :  th e fixed  specificit y c  i n Equa -
tio n 1 ;  th e probabilit y  mappin g constan t  <^  i n Equa -
tio n 3 ;  th e associatio n weigh t  learnin g rate ;  and ,  th e 
attentio n strengt h learnin g rate . 

A Human Learning Experiment 

To tes t  th e implication s o f  attentio n learnin g i n AL -
COVE,  huma n subject s wer e traine d o n th e categor y 
structure s show n i n Figur e 2 .  Th e stimul i  wer e ge -
ometri c forms ,  a s show n i n Figur e 3 .  Eac h stimulu s 
consiste d o f  a  rectangl e wit h on e o f  fou r  heights ,  an d 
an interio r  vertica l  segmen t  a t  on e o f  fou r  latera l  posi -
tions .  Onl y 8  o f  th e 1 6 possibl e combination s o f  heigh t 
and positio n wer e used ,  correspondin g t o th e abstrac t 
structur e i n Figur e 2 . 

Scaling the stimulus space 

The first  ste p i n modellin g thi s situatio n i s t o deter -
min e th e psychologica l  coordinate s o f  th e stimuli .  T o 
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Figur e 4 :  Location s o f  stimul i  i n psychologica l  simi -
larit y space .  Dashe d line s sugges t  th e fou r  categor y 
boundarie s use d i n th e learnin g experiment . 

do this ,  on e obtain s similarit y rating s o f  pair s o f  stim -
uli ,  an d determine s th e coordinat e value s i n psycholog -
ica l  spac e tha t  bes t  predic t  thos e similaritie s (Kruska l 
1964 ;  Shepgir d 1962) .  Thi s proces s i s analogou s t o gen -
eratin g a  spatia l  m a p o f  citie s whe n al l  yo u ar e tol d i s 
th e distance s (dis-similarities )  betwee n cities . 

Procedure :  T h e tw o stimul i  o f  eac h pai r  wer e pre -
sente d sequentiall y o n a  compute r  scree n fo r  1.7 5 sec -
ond s each ,  separate d b y a  0.7 5 secon d blan k screen . 
T h e subjec t  the n entere d a  similarit y ratin g fro m 1 
t o 9  o n th e compute r  keyboard .  Eac h pai r  wa s pre -
sente d fou r  time s i n eac h order ,  fo r  eac h o f  5 0 subjects , 
yieldin g 40 0 similarit y rating s fo r  eac h pair . 

Th e best-fittin g psychologica l  coordinate s o f  th e 
stimul i  accounte d fo r  ove r  9 8 % o f  th e varianc e i n sim -
ilarit y ratings ,  an d ar e show n i n Figur e 4 .  Notic e tha t 
whil e th e physica l  value s o f  heigh t  an d horizonta l  posi -
tio n wer e equall y space d (se e Figur e 3) ,  th e psychologi -
cal  vaAue s wer e not .  Not e als o tha t  th e tw o dimension s 
ar e abou t  equall y salient ,  i n tha t  th e tota l  rang e i s 
abou t  th e sam e o n th e tw o dimensions ,  bu t  th e middl e 
interva l  o n th e horizontal-positio n dimensio n i s  big -
ger  tha n th e middl e interva l  o f  th e heigh t  dimension . 
Tha t  implie s tha t  a  categor y boundar y indicate d b y 
th e horizonta l  dashe d lin e i n Figur e 4  shoul d b e easie r 
t o lear n tha n a  categor y boundar y indicate d b y th e ver -
tica l  dashe d line .  Thi s wil l  b e confirme d i n th e learnin g 
data . 

Category learning results 

Th e stron g predictio n o f  a l c o v e i s  tha t  th e fou r  al -
ternativ e categor y disctinction s indicate d i n Figur e 4 
shoul d no t  b e equall y easy ;  rather ,  th e distinction s fo r 
whic h onl y a  singl e dimensio n i s relevan t  (th e vertica l 
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Figure 5: Human learning data. Filled markers cor-
respon d t o single-dimensio n categorie s (fille d circl e i s 
horizonta l  positio n relevant ,  filled  squar e i s heigh t  rel -
evant) ;  ope n marker s sho w diagona l  categories . 

and horizonta l  dashe d line s i n Figur e 4 )  shoul d b e eas -
ie r  tha n th e diagona l  distinctions ,  becaus e attentio n 
learnin g canno t  differentiall y  accentuat e diagona l  di -
rections .  T h e fou r  categor y distinction s wer e give n t o 
differen t  group s o f  subjects .  Fo r  example ,  on e grou p 
learne d th e position-relevan t  distinction ,  fo r  whic h th e 
stimul i  marke d 1 ,  2 ,  3  an d 4  i n Figur e 4  wer e give n on e 
categor y label ,  wit h th e remainin g stimul i  (numbere d 
5-8 )  wer e give n a  differen t  categor y label . 

Procedure :  Subject s wer e give n instruction s tha t  in -
clude d exposur e t o th e eigh t  stimul i  withou t  an y cat -
egor y feedback .  Eeic h trainin g tria l  consiste d o f  a  pre -
sentatio n o f  a  stimulus ,  whic h wa s terminate d whe n th e 
subjec t  presse d a  respons e key .  T h e subjec t  wa s the n 
give n feedbac k indicatin g whethe r  th e respons e wa s 
correc t  o r  incorrect ,  an d th e correc t  response .  Eac h 
of  th e fou r  group s sa w th e sam e fixed  sequenc e o f  6 4 
stimuli .  Al l  tha t  varie d betwee n group s wa s th e cat -
egor y label s give n t o th e stimuli .  A  tota l  o f  16 0 sub -
ject s wer e run ,  4 0 i n eac h group .  Categor y label s wer e 
counter-balance d withi n groups . 

Result s ar e summarize d i n Figur e 5 .  Eac h datu m 
shows th e mea n percen t  correc t  fo r  th e precedin g 8 
trial s (on e epoch) .  T w o effect s ar e clear :  Th e single -
dimensio n categorie s ar e learne d m u c h faste r  tha n th e 
diagona l  categories ;  and ,  th e horizontal-positio n di -
mensio n i s learne d faste r  tha n th e heigh t  dimension . 

Modelling the learning 

Fi t  o f  A L C O V E 
A l c o v e wa s applie d t o thi s situatio n b y usin g tw o in -
put  nodes ,  correspondin g t o th e tw o stimulu s dimen -
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Figur e 6 :  Bes t  fit  o f  a l c o v e t o h u m a n learnin g dat a 
i n Figur e 5 . 

sions ,  eigh t  hidde n nodes ,  correspondin g t o th e eigh t 
trainin g exemplars ,  an d tw o outpu t  nodes ,  correspond -
in g t o th e tw o categories .  T h e tas k fo r  th e mode l  wa s 
t o fit  th e learnin g curve s fro m th e fou r  categor y type s 
usin g a  singl e se t  o f  paramete r  values .  Th e discrep -
anc y o f  A L C O VE fro m th e h u m a n dat a wa s measure d 
as th e square d differenc e betwee n observe d categor y 
choic e probabiUtie s an d predicte d choic e probabilities , 
s u m m ed acros s th e 6 4 individua l  trial s i n eac h cate -
gor y type ,  acros s bot h categor y choice s withi n eac h 
type ,  an d acros s th e fou r  types . 

Th e bes t  fit  o f  a l cov e i s show n i n Figur e 6 .  Th e fit 
produce d a  roo t  mea n square d deviatio n ( R M S D )  o f 
0.116 ,  wit h paramete r  value s o f  < ^  =  1.568 ,  c  =  1.662 , 
associatio n weigh t  learnin g rat e o f  0.0843 1 an d atten -
tio n learnin g rat e o f  0.6593 .  A l c o v e clearl y show s th e 
tw o mai n trend s see n i n th e h u m a n data ;  Th e single -
dimensio n categorie s ar e learne d m u c h faste r  tha n th e 
diagona l  categories ,  an d th e horizonted-positio n dimen -
sio n i s  learne d faste r  tha n th e heigh t  dimension .  A l -
c o v e learn s th e single-dimensio n categorie s faste r  b y 
virtu e o f  attentio n learnin g — th e attentio n strengt h 
on th e relevan t  dimensio n increase s rapidly ,  whil e th e 
attentio n strengt h o n th e irrelevan t  dimensio n de -
crease s rapidly .  A l c o v e learn s th e positio n dimensio n 
faste r  tha n th e heigh t  dimensio n becaus e th e exempla r 
node s reflec t  th e greate r  distinctivenes s o f  th e middl e 
interva l  o f  th e positio n dimension . 

Fit of back propagation 

Standar d bac k propagatio n (hencefort h "backprop" ) 
was als o applied .  T w o inpu t  node s an d tw o outpu t 
node s wer e used ,  a s i n th e applicatio n o f  ALCOVE.  I n 
orde r  t o equilibrat e th e backpro p architectur e wit h th e 
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Figur e 7 :  Bes t  fi t  o f  standar d bac k propagatio n t o hu -
m an learnin g dat a i n Figur e 5 . 
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Figur e 8 :  Bes t  fit  o f  th e configural-cu e mode l  t o huma n 
learnin g dat a o f  Figur e 5 .  Al l  fou r  curve s ar e exactl y 
superimposed . 

ALCOVE architectur e a s muc h a s possible ,  th e tw o out -
put  node s wer e hnear ,  wit h respons e probabilitie s com -
pute d usin g Equatio n 3 ,  an d eigh t  hidde n node s wer e 
used (wit h standar d linear-sigmoi d activatio n func -
tions ;  Rumelhar t  e t  al .  1986) . 

The backpro p networ k wa s give n five  fre e param -
eters :  Th e learnin g rat e o n th e outpu t  weights ;  th e 
learnin g rat e o n th e hidde n weights ;  th e learnin g rat e 
on th e hidde n nod e thresholds ;  th e respons e mappin g 
constan t  4> i n Equatio n 3 ;  and ,  th e valu e o f  a  fixed 
gai n paramete r  i n th e sigmoida l  activatio n functio n 
(se e Kruschk e &  Movella n 1991) .  Initia l  value s o f  hid -
den weight s an d threshold s wer e draw n fro m a  unifor m 
distributio n ove r  th e interva l  [—1,-1-1] . 

For  an y choic e o f  paramete r  values ,  th e fit  wa s mea -
sure d i n th e sam e wa y a s fo r  alcove ,  bu t  choic e pre -
diction s o f  backpro p wer e compute d b y first  averagin g 
over  20 0 difieren t  rando m initialization s o f  th e hidde n 
weight s an d thresholds . 

The bes t  fit  o f  backpro p t o th e learnin g dat a i s 
shown i n Figur e 7 .  I t  yielde d a n R M SD o f  0.152 ,  usin g 
(j )  =  0.6636 ,  outpu t  weigh t  learnin g rat e o f  0.2049 ,  a 
hidde n weigh t  learnin g rat e o f  1.091 ,  a  hidde n thresh -
ol d learnin g rat e o f  0.04159 ,  an d a  gai n o f  2.249 .  Th e 
fit  o f  backpro p i s muc h wors e tha n tha t  o f  alcove , 
and th e qualitativ e behavio r  o f  backpro p depart s badl y 
fro m th e data .  Indeed ,  backpro p learn s th e single -
dimensio n an d diagona l  categorie s a t  essentiall y  th e 
same pace .  Th e bes t  backpro p ca n d o i s tr y t o matc h 
th e mea n learnin g curv e acros s al l  fou r  categor y types . 

W hy doe s backpro p d o s o poorly ? T o explai n why , 
first  I'l l  defin e a  hidde n node' s weigh t  vecto r  a s th e or -
dere d lis t  o f  connectio n weight s fannin g int o th e node . 
The weigh t  vecto r  o f  a  hidde n nod e specifie s th e direc -

tio n i n stimulu s spac e tha t  cause s th e bigges t  chang e 
i n th e node' s activatio n value ,  an d thereb y indicate s 
th e underlyin g dimensio n i n stimulu s spac e t o whic h 
th e nod e i s responding .  Th e weigh t  vector s can ,  po -
tentially ,  poin t  i n an y directio n i n stimulu s space .  I n 
particular ,  the y ca n ahg n wit h th e diagona l  axe s o f  th e 
stimulu s spac e jus t  a s easil y a s the y ca n alig n wit h th e 
canonica l  axes .  Standar d back-propagatio n learnin g i s 
isotropi c i n tha t  sense ,  unlik e huma n learning . 

Fit of the configural-cue model 

The configural-cu e mode l  (Gluc k k  Bowe r  1988 )  wa s 
originall y propose d fo r  stimul i  wit h binary-value d di -
mensions ,  an d therefor e i s no t  directl y applicabl e t o 
th e presen t  situation .  However ,  i t  ca n b e reasonabl y 
extende d a s follows :  Eac h valu e o n eac h dimensio n i s 
encode d b y a  separat e inpu t  node ,  an d eac h combina -
tio n o f  value s fro m th e tw o dimension s i s encode d b y 
a separat e node ,  yieldin g 4  - f  4  - f  1 6 =  2 4 inpu t  nodes . 
A give n stimulu s activate s a  subse t  o f  3  o f  th e 2 4 in -
put  nodes .  Th e inpu t  node s ar e connecte d directl y t o 
th e outpu t  nodes ,  whic h ar e governe d b y Equation s 2 
and 3 .  Th e configural-cu e mode l  ha s tw o parameters , 
th e learnin g rat e fo r  th e connectio n weight s an d th e 
mappin g constan t  i n Equatio n 3 . 

The bes t  fit  i s  show n i n Figur e 8  (</ > =  0.9289 , 
connectio n weigh t  learnin g rat e wa s 0.1591 ,  yieldin g 
an R M SD o f  0.150) .  Figur e 8  show s tha t  al l  fou r 
learnin g curve s ar e exactl y superimposed ,  quit e unlik e 
th e huma n data .  Th e reaso n i s tha t  th e (extended ) 
configural-cu e mode l  make s n o structura l  distinctio n 
betwee n th e categor y type s i n it s inpu t  representation ; 
th e mode l  ha s n o representatio n o f  th e fac t  tha t  som e 
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value s li e o n th e sam e dimensio n bu t  othe r  value s com e 
fro m differen t  dimensions . 

Discussion 

I t  i s  possibl e tha t  bac k propagatio n o r  th e configursd -
cue mode l  coul d b e modifie d t o includ e som e for m o f 
dimensiona l  attentio n learning ;  thi s await s futur e re -
search .  Th e result s reporte d her e pos e a  challeng e fo r 
othe r  model s o f  categor y leeirnin g tha t  d o no t  incor -
porat e attentio n learning ,  suc h a s Hanso n an d Gluck' s 
(1991 )  Cauchy-nod e model .  I t  remain s t o b e see n i f 
suc h model s ca n fit  th e dat a reporte d here ,  withou t 
extendin g the m t o includ e som e for m o f  dimensiona l 
attentio n learning .  Othe r  model s tha t  d o includ e at -
tentio n learning ,  suc h a s J .  R .  Anderson' s (i n press )  ra -
tiona l  model ,  o r  Hurwitz' s (1990 )  hidde n patter n uni t 
model ,  could ,  n o doubt ,  captur e th e differenc e betwee n 
single-dimensio n an d diagona l  categories . 

Al l  o f  thes e models ,  however ,  woul d probabl y fai l 
t o matc h on e othe r  prominen t  aspec t  o f  th e data :  th e 
extrem e rapidit y wit h whic h th e single-dimensio n cate -
gorie s ar e learned ,  ver y earl y i n trainin g (se e Figur e 5) . 
Some subjects ,  i n fact ,  mad e virtuall y n o error s afte r 
th e first  tw o o r  thre e trials .  Ther e i s Httl e hop e tha t 
learnin g algorithm s tha t  tak e smal l  incrementa l  step s 
on eac h tria l  coul d accomplis h that . 

What  i s needed ,  I  believe ,  i s a  rul e hypothesizin g 
system :  Earl y i n trainin g th e subjec t  migh t  gues s th e 
righ t  rul e an d mak e n o mor e errors .  Perhap s th e pri -
mary questio n fo r  suc h a  rul e generatin g syste m is . 
Whic h rule s shoul d b e hypothesize d an d teste d first? 
The behavio r  o f  alcov e suggest s tha t  on e migh t  gen -
erat e an d tes t  rule s usin g th e dimension(s )  wit h th e 
larges t  attentio n strength .  Th e notio n i s tha t  cate -
gor y learner s alway s emplo y a n ALCOVE-lik e system , 
and simultaneousl y tr y t o summarize ,  generalize ,  an d 
leap-fro g th e performanc e o f  tha t  syste m b y hypothe -
sizin g an d testin g rules .  Th e underlyin g ALCOVE-lik e 
syste m steer s th e rul e generatin g syste m an d act s a s a 
fall-bac k whe n adequat e rule s ar e no t  ye t  found . 

Acknowledgments 

I  than k Terr y Bleizeffer ,  Stev e McKinley ,  an d Rit a 
Randolp h fo r  runnin g subjects .  Thi s researc h wa s 
supporte d b y Biomedica l  Researc h Suppor t  Gran t 
RR 7031-2 5 fro m th e Nationa l  Institute s o f  Health . 

References 

Anderson ,  J .  R .  (i n press) .  Th e adaptiv e natur e o f 
human categorization .  Psychologica l  Review . 

Garner ,  W .  R .  (1974) .  Th e Processin g o f  Informatio n 
and Structure .  Hillsdale ,  NJ :  Erlbaum . 

Gluck ,  M .  A .  k  Bower ,  G .  H .  (1988) .  Evaluatin g a n 
adaptiv e networ k mode l  o f  huma n learning .  J .  o f 
Memory an d Language ,  27 ,  166-195 . 

Hanson ,  S .  J .  &  Gluck ,  M .  A .  (1991) .  Spherica l  unit s 
as dynami c consequentia l  regions :  Implication s fo r 

attention ,  competitio n an d categorization .  In :  R . 
P.  Lippmann ,  J .  Mood y an d D .  S .  Touretzk y (eds.) . 
Advance s i n Neura l  Informatio n Processin g System s 
3.  Sa n Mateo ,  CA :  Morga n Kaufmann . 

Hurwitz ,  J .  B .  (1990) .  A  hidden-patter n uni t  networ k 
model  o f  categor y learning .  Ph D dissertation ,  Har -
var d University . 

Kruschke ,  J .  K .  (1990a) .  A  connectionis t  mode l  o f 
categor y learning .  P h D dissertation ,  Universit y o f 
Californi a a t  Berkeley .  Availabl e fro m Universit y 
Microfilm s International . 

Kruschke ,  J .  K .  (1990b) .  A L C O V E:  A  connectionis t 
model  o f  categor y learning .  Researc h Repor t  19 , 
Cognitiv e Scienc e Program ,  Indian a University . 

Kruschke ,  J .  K .  (i n press) .  A L C O V E:  A n exemplar -
base d connectionis t  mode l  o f  categor y learning .  Psy -
chologica l  Review . 

Kruschke ,  J .  K. ,  k  Movellan ,  J .  R .  (1991) .  Benefit s o f 
gain :  Speede d learnin g an d minima l  hidde n layer s i n 
back-propagatio n networks .  IEE E Trans .  Systems , 
M an an d Cybernetics ,  21 ,  273-280 . 

Kruskal ,  (1964) .  Nonmetri c multidimensiona l  scaling : 
a numerica l  method .  Psychometrika ,  29 ,  115-129 . 

Luce ,  R .  D .  (1963) .  A  threshol d theor y fo r  simpl e de -
tectio n experiments .  Psychologica l  Review ,  70 ,  61 -
79. 

Nosofsky ,  R .  M .  (1986) .  Attention ,  similarit y an d th e 
identification-categorizatio n relationship .  J .  Exp . 
Psych. :  General ,  115 ,  39-57 . 

Posner ,  M .  I .  (1964) .  Informatio n reductio n i n th e 
anzdysi s o f  sequentia l  tasks .  Psychologica l  Review , 
71 ,  491-504 . 

Rumelhart ,  D .  E. ,  Hinton ,  G .  E. ,  k  Wilhams ,  R .  J . 
(1986) .  Learnin g interna l  representation s b y back -
propagatin g errors .  In :  D .  E .  Rumelhar t  &  J .  L . 
McClellan d (eds.) ,  Paralle l  Distribute d Processing , 
Vol .  1 ,  pp .  318-362 .  Cambridge ,  M A :  M I T Press . 

Shepard ,  R .  N .  (1962) .  Th e analysi s o f  proximities : 
Multidimensiona l  scalin g wit h a n unknow n distanc e 
function ,  I  k  II .  Psychometrika ,  27 ,  125-140 ,  219 -
246. 

Shepard ,  R .  N .  (1964) .  Attentio n an d th e metri c struc -
tur e o f  th e stimulu s space .  J .  o f  Mathematica l  Psy -
chology ,  1 ,  54-87 . 

Shepard ,  R .  N .  (1987) .  Towar d a  universa l  la w o f  gen -
eralizatio n fo r  psychologica l  science .  Science ,  237 , 
1317-1323 . 

286 


	cogsci_1991_281-286



