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A b s t r a c t 

We previously introduced an exemplar model, 
named GCM-ISW,  tha t  exploit s a  highl y flexible 
weightin g scheme .  O u r  simulation s showe d tha t  i t 

record s faste r  learnin g rate s an d highe r  asymptoti c 

accuracie s o n severa l  artificia l  categorizatio n task s 

tha n model s wit h mor e limite d abilitie s t o war p in -

put  spaces .  Thi s pape r  extend s ou r  previou s work ; 

i t  describe s experimenta l  result s tha t  sugges t  h u m a n 

subject s als o invok e suc h highl y flexible  schemes .  I n 

particular ,  ou r  mode l  provide s significantl y bette r  fits 

tha n model s wit h les s flexibility,  an d w e hypothesiz e 

tha t  h u m a n s selectivel y weigh t  attribute s dependin g 

o n a n item' s locatio n i n th e inpu t  space . 

We need more flexible models 
o f  concep t  learnin g 

Many theories of human concept learning posit that 

concept s ar e represente d b y prototype s (Reed ,  1972 ) 

or  exemplar s (Medi n &  Schaffer ,  1978) .  Prototyp e 
model s represen t  concept s b y th e "bes t  example "  o r 

"centra l  tendency "  o f  th e concept. ^  A  ne w ite m be -
long s i n a  categor y C  i f  i t  i s  relativel y simila r  t o C s 

prototype .  Prototyp e model s ar e relativel y inflexible ; 

the y discar d a  grea t  dea l  o f  informatio n tha t  peopl e 

us e durin g concep t  learnin g (e.g. ,  th e numbe r  o f  ex -

emplar s i n a  concep t  ( H o m a &  Cultice ,  1984) ,  th e 
variabilit y o f  feature s (Frie d &  Holyoak ,  1984) ,  cor -

relation s betwee n feature s (Medi n e t  ai ,  1982) ,  an d 

th e particula r  exemplar s use d (Whittlesea ,  1987)) . 

Exempla r  model s instea d represen t  concept s b y 

thei r  individua l  exemplars ;  a  ne w ite m i s assigne d t o 

'  Othe r  summar y informatio n ma y als o b e store d b y mor e 
advance d prototyp e models ;  ou r  concern s primaril y targe t 
problem s wit h "pure' '  prototyp e models .  Mor e accurately ,  w e 
ar e intereste d i n supportin g th e learnin g behavio r  displaye d 
by th e advance d exempla r  model s describe d i n Sectio n 3  re -
gardles s o f  th e models '  representatio n fo r  categorie s (Barsalou , 
1989) . 

a categor y C  i f  i t  i s  relativel y simila r  t o C s know n 

exemplars .  Exempla r  representation s ar e fa r  mor e 

flexible  tha n prototyp e representation s sinc e the y re -

tai n sensitivit y t o al l  o f  th e informatio n liste d above . 

Thi s flexibility  ofte n translate s t o increase d catego -

rizatio n accuracy .  Fo r  example ,  unlik e prototyp e 

models ,  human s an d exempla r  model s ca n lear n som e 

non-linearl y separabl e categorie s a s easil y a s linearl y 

separabl e categorie s (Medi n &  Schwanenflugel ,  1981) . 

Thi s capabilit y  i s no t  limite d t o flat  learnin g archi -

tectures ;  severa l  researcher s captur e thi s  flexibility  i n 

radia l  basi s network s (e.g. ,  Kruschke ,  1992 ;  Hurwitz , 

1991) . 
Whil e existin g exempla r  model s ar e mor e flexible 

tha n prototyp e models ,  the y ar e stil l  no t  sufficientl y 

flexible.  W e argu e tha t  peopl e represen t  categorie s 
not  onl y wit h categor y exemplars ,  bu t  als o wit h a 

set  o f  specifi c  weight s associate d wit h eac h exem -

plar' s (o r  se t  o f  exemplars )  attributes .  Th e subjec t 

experiment s describe d i n Sectio n 2  sugges t  tha t  th e 

weigh t  give n t o a n attribut e depend s o n it s  exem -
plar' s "neighborhood "  i n psychologica l  space ,  wher e 

exemplar s ar e assume d t o b e describabl e b y thei r 

attributes '  values .  Ou r  clai m i s  tha t  concept s ar e 

not  represente d simpl y b y a  se t  o f  attribut e weights . 

Rather ,  a n attribute' s importanc e i n similarit y calcu -

lation s depend s o n it s contex t  -  th e othe r  attribute s 

tha t  ar e tru e fo r  a  particula r  exemplar .  Fo r  example , 

th e relativ e importanc e o f  th e "dat e o f  nex t  deadline " 

attribut e fo r  predictin g membershi p i n th e "wil l  wor k 

thi s weekend "  categor y varie s dependin g o n th e "up -

comin g compute r  downtime "  attribute' s valu e (e.g. , 

when a  deadlin e exist s fo r  th e middl e o f  th e follow -

in g week ,  on e migh t  b e mor e likel y t o wor k durin g 

th e precedin g weeken d whe n i t  i s  know n tha t  th e 

computer s wil l  no t  b e functionin g o n th e day s im -

mediatel y precedin g th e deadline) .  Moreover ,  peopl e 

ca n lear n th e importanc e o f  a n attribut e i n concept -

learnin g situation s eve n whe n the y hav e littl e guid -

anc e fo r  assignin g attribut e weigh t  settings .  Sinc e 
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peopl e hav e almos t  n o backgroun d informatio n o n th e 

artificia l  stimul i  use d i n th e experiment s describe d i n 

Sectio n 2 ,  an d sinc e th e exemplar s i n thos e exper -

iment s exhibi t  somewha t  arbitrar y regularities ,  w e 

can b e confiden t  tha t  ou r  subject s ar e activel y alt<;nd -

in g t o th e stimuli' s  regularitie s rathe r  tha n applyin g 

knowledg e tha t  the y previousl y acquired . 

Th e wor k presente d her e ha s severa l  precursors . 

Medi n an d Schaffe r  (1978 )  develope d a n exempla r 

model  fo r  representin g concept s tha t  wa s subse -

quentl y generalize d b y Nosofsk y (1984 ;  1986) .  I n 

turn ,  A h a an d McNult y (1989 )  create d a  learnin g 

algorith m fo r  Nosofsky' s mode l  an d extende d it s se -

lectiv e attentio n mechanis m t o b e a  functio n o f  th e 

targe t  concept .  W e furthe r  augmente d thi s learnin g 

model  t o includ e exemplar-specifi c  weights ;  eac h ex -

empla r  i n eac h concep t  wa s give n it s o w n se t  o f  at -

tribut e weight s (Ah a k  Goldstone ,  1990) .  Thi s ne w 

model ,  name d G C M - I S W ,  achieve d faste r  learnin g 

rate s an d highe r  asymptoti c performanc e tha n othe r 

model s o n artificia l  categorizatio n task s whos e con -

cept s wer e bes t  modele d b y usin g context-sensitiv e 

setting s fo r  attribut e weights . 

I n Sectio n 2 ,  w e exten d ou r  previou s wor k b y show -

in g tha t  h u m a n subject s ar e highl y flexible  i n tha t 

the y ca n selectivel y weigh t  a n attribut e differentl y de -
pending  o n th e regio n o f  th e instanc e spac e i n whic h 

i t  i s located .  I n Sectio n 3 ,  w e sho w tha t  G C M - I S W 
can fit  thes e subjects '  prediction s bette r  tha n tw o 

concept-learnin g system s wit h les s flexible  weightin g 
schemes fo r  warpin g th e instanc e space .  Lik e humans , 
G C M - I S W ca n allo w th e importanc e o f  attribute s t o 

be a  functio n o f  it s regio n o f  instanc e space . 

Experiments on weighting 
attribute s 

An experiment was conducted to determine whether 
human subject s ca n lear n categorie s tha t  requir e at -
tribute s t o b e weighte d diff'erentl y fo r  differen t  cat -
egor y exemplars .  Tha t  is ,  thi s experimen t  inves -

tigate s whethe r  subject s ar e constraine d t o weigh t 

attribute s equall y regardles s o f  thei r  context .  Thi s 

experimen t  als o investigate s whethe r  subject s subse -
quentl y generaliz e thei r  categorie s accordin g t o th e 

attribut e weight s tha t  the y hav e learned .  First ,  th e 

subject s lear n t o distinguis h categor y A  fro m cate -

gor y B  exemplar s unti l  the y ca n accuratel y classif y 

a se t  o f  trainin g exemplars .  Th e subject s ar e the n 

give n a  se t  o f  tes t  exemplar s t o classify .  W e ca n indi -
rectl y ascertai n th e weight s tha t  subject s assigne d t o 

th e attribute s b y observin g ho w thes e tes t  exemplar s 

wer e classified . 
Durin g training ,  4 0 undergraduat e subject s wer e 

tol d t o categoriz e pictur e items ,  correspondin g t o ex -

emplars ,  int o categor y A  o r  categor y B .  Thes e pic -

ture s varie d alon g tw o dimensions :  siz e o f  squar e an d 

positio n o f  lin e i n square .  Eac h dimensio n i s define d 

ov«' r  eigh t  evenly-space d values .  Squar e siz e varie d 

fro m 2. 0 c m t o 7. 5 cm .  Positio n o f  lin e i n squar e 

varie d fro m th e fa r  lef t  sid e t o th e fa r  righ t  side . 

Subject s wer e presente d wit h twelv e trainin g items , 

wher e hal f  belonge d t o eac h category .  T h e partic -

ula r  item s show n t o th e subject s i n Experiment s 1 

an d 2  ar e show n i n Figur e 1 .  T h e first  matri x show s 

th e tw o group s o f  item s i n Experimen t  1 .  Eac h cel l 

i n thi s matri x represent s a  possibl e stimulu s item . 

For  example ,  th e bottom-leftmos t  cel l  represent s th e 

ite m ver y smal l  squar e wit h lin e o n th e fa r  lef t  sid e 

of  th e square .  T h e twelv e item s tha t  wer e show n i n 

th e trainin g stag e wer e labele d A  o r  B  accordin g t o 

thei r  category .  T h e cluste r  o f  item s i n th e top-righ t 
of  th e first  matri x  i s characterize d b y relativel y larg e 

square s wit h line s relativel y fa r  t o th e right .  T h e 

othe r  cluste r  ha s relativel y smal l  square s wit h line s 

furthe r  t o th e left .  Lin e positio n wa s th e mor e im -

portan t  dimensio n fo r  distinguishin g categor y A  fro m 

categor y B  item s fo r  th e first  cluster ;  item s wit h th e 

valu e si x fo r  lin e positio n belonge d i n categor y B 

wherea s item s wit h th e valu e seve n belonge d i n cat -

egor y A .  Conversely ,  siz e wa s th e mor e importan t 
dimensio n fo r  th e othe r  cluste r  o f  items ;  item s wit h 
a valu e o f  seve n o n th e siz e dimensio n wer e exem -

plar s o f  categor y B ,  whil e item s wit h a  valu e o f  si x 

belonge d i n categor y A . 
Durin g training ,  afte r  th e twelv e items '  orderin g 

was randomized ,  the y wer e subsequentl y presente d 

t o th e subject s o n a  Macintos h SE .  Fo r  eac h item , 
th e subjec t  presse d A  o r  5  t o indicat e thei r  categor y 

prediction .  Subject s wer e tol d whethe r  thei r  classifi -

catio n wa s correc t  immediatel y afte r  thei r  response . 
Trainin g continue d unti l  th e subjec t  performe d fou r 
error-fre e classification s o f  th e complet e se t  o f  train -
in g items . 

Durin g testing ,  al l  6 4 possibl e combination s o f  lin e 

positio n an d squar e siz e wer e displaye d t o subject s 

i n a  rando m order .  Fo r  eac h item ,  subject s indicate d 

whethe r  the y believe d th e ite m belonge d i n categor y 

A o r  B .  Onl y twelv e o f  thes e item s wer e previousl y 

show n t o th e subjects ;  th e remainin g 5 2 wer e nove l 

items ,  an d thei r  placemen t  i n categor y A  o i  B  repre -

sen t  generalization s o f  thes e categories . 

Th e result s fro m th e tes t  stag e o f  Experimen t  1  ar e 

displaye d i n Figur e 2 .  T h e numbe r  i n eac h cel l  indi -

cate s th e percentag e o f  time s tha t  subject s place d th e 

ite m int o categor y B  durin g testing .  Th e percentage s 

indicat e fairl y  goo d retentio n o f  th e item s tha t  wer e 
presente d durin g trainin g an d widesprea d generaliza -
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Figur e 1 :  Trainin g set s an d critica l  tes t  item s fo r  th e tw o experiments .  Th e horizonta l  an d vertica l  axe s 

denot e (increasingl y right )  lin e position s an d (decreasing )  squar e siz e dimension s respectively .  Th e categorie s 

of  th e trainin g item s ar e show n a s A  an d B .  Th e fou r  critica l  tes t  item s pe r  experimen t  ar e marke d wit h 

oneo{{W,X,Y,Z} . 

Averag e o f  th e Subjects '  Predictions : 

1 2 3  4  5  6  7  8 

1 
2 
3 
4 
5 
6 
7 
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50 
65 
55 
40 
20 
10 
85 
55 

45 
60 
50 
55 
20 
0 
90 
60 

45 
80 
55 
45 
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1 
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31 
20 
17 
21 
74 
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GCM- ISW' s Prediction s 

2 
74 
63 
43 
26 
19 
21 
75 
78 

3 
77 
72 
58 
37 
23 
22 
77 
78 

4 
78 
76 
69 
52 
32 
27 
78 
78 

5 
78 
78 
74 
64 
46 
37 
78 
76 

6 
76 
78 
74 
69 
57 
48 
74 
72 

: 

7 
34 
33 
29 
26 
23 
26 
53 
42 

8 
31 
30 
28 
24 
21 
25 
61 
49 

Figur e 2 :  Th e subjects '  average d prediction s an d GCM- ISW' s probabilisti c  gues s tha t  th e tes t  item s i n 

Experimen t  1  belon g t o categor y B . 

tio n o f  th e trainin g knowledg e t o th e ne w items . 

Particula r  tes t  item s o f  interes t  t o u s ar e labele d 

by th e letter s W ,  X ,  Y ,  an d Z  i n Figur e 1 .  Thes e 

item s wer e no t  presente d durin g training .  Thei r  pat -
ter n o f  classificatio n seem s t o confir m tha t  subject s 

generalize d thei r  categorie s b y differentiall y  weight -

in g th e attribute s fo r  differen t  items .  Fo r  example , 

ite m W wa s categorize d a s a n exempla r  o f  categor y 

B b y 9 0 % o f  th e subject s i n Experimen t  1 ,  althoug h 

i t  i s  a s clos e t o categor y A  item s a s i t  i s  t o cate -

gor y B  items .  Similarly ,  ite m X  i n Experimen t  1 

was categorize d a s a  member  o f  categor y A  b y 9 0 % 

of  th e subjects .  Thes e result s indicat e tha t  subject s 

strongl y weigh t  th e siz e dimensio n i n thes e catego -
rizations .  I t  i s  a s i f  th e subject s ar e stretchin g th e 

vertic2 d axi s i n thi s are a o f  th e spswre ,  s o tha t  th e A 

and B  item s becom e separate d b y a  greate r  psycho -

logica l  distance .  However ,  th e entir e vertica l  axi s i s 

not  stretched .  Instead ,  i t  i s  selectivel y stretche d i n 

thi s singl e regio n o f  th e spac e (i.e. ,  th e lower-left) . 

Similarly ,  th e horizonta l  eoci s i s selectivel y stretche d 

i n th e upper-righ t  region ;  ite m Y  wa s categorize d a s 

a fl  b y 7 0 % o f  th e subject s whil e ite m Z  wa s catego -

rize d a s a n > 1 b y 8 0 % o f  th e subjects ,  indicatin g tha t 

subject s considere d lin e positio n t o b e mor e impor -

tan t  tha n squar e siz e fo r  categorizin g item s i n thi s 
region .  I n summary ,  subject s generalize d thei r  con -

cept s o n th e basi s o f  th e squar e siz e dimensio n fo r  on e 

cluste r  eui d o n th e basi s o f  th e lin e positio n dimensio n 

fo r  th e othe r  cluster . 

Experimen t  2  replicate s Experimen t  1  wit h a  relo -

catio n o f  th e trainin g items .  On e possibl e explana -

tio n o f  Experimen t  I' s  result s i s that ,  perceptually , 

ther e wa s a  bigge r  differenc e betwee n siz e si x an d 

siz e seve n square s tha n ther e i s betwee n siz e tw o an d 

thre e square s and/o r  a  relativel y larg e perceptua l  dif -

ferenc e betwee n line s i n position s si x an d seven .  I f 

thi s wer e true ,  the n ou r  generalizatio n result s coul d 

be explaine d withou t  requirin g tha t  subject s learne d 

t o selectivel y weigh t  dimension s i n p t̂icula r  region s 

of  th e space .  Experimen t  2' s result s refut e thi s possi -

bl e explanation ;  i f  on e assume d tha t  ther e i s a  larg e 

perceptua l  differenc e betwee n siz e si x an d siz e seve n 

squares ,  the n precisel y th e wron g predictio n woul d b e 
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Averag e o f  th e Subject' s Predictions : 

1 2 3  4  5  6  7  8 

1 
2 
3 
4 
5 
6 
7 
8 

65 
70 
15 
15 
20 
20 
30 
30 

50 
75 
10 
5 
5 
0 
15 
10 

65 
85 
15 
85 
90 
85 
90 
70 

55 
90 
15 
35 
60 
70 
80 
55 

55 
90 
10 
15 
35 
50 
75 
55 

60 
90 
10 
15 
40 
60 
75 
50 

65 
90 
0 
5 
50 
50 
60 
55 

60 
80 
10 
25 
35 
60 
60 
50 

1 
2 
3 
4 
5 
6 
7 
8 

1 
47 
59 
24 
22 
25 
28 
30 
29 

GCM-ISW' s Prediction s 

2 
39 
50 
25 
22 
26 
30 
31 
31 

3 
69 
72 
46 
58 
68 
75 
76 
74 

4 
75 
77 
36 
49 
65 
74 
77 
77 

5 
77 
77 
27 
36 
55 
70 
76 
77 

6 
78 
77 
23 
28 
42 
61 
72 
76 

7 
78 
76 
21 
23 
32 
48 
65 
74 

8 
78 
74 
21 
21 
25 
36 
54 
68 

Figur e 3 :  Th e subjects '  average d prediction s an d GCM- ISW' s probabilisti c  gues s tha t  th e tes t  item s i n 

Experimen t  2  belon g t o categor y B . 

GCM-SW's Predictions : 

1 2 3  4  5  6 
55 
44 
33 
28 
31 
37 
48 
58 

64 
53 
38 
27 
33 
40 
59 
66 

71 
64 
49 
43 
59 
66 
76 
74 

74 
73 
51 
47 
57 
67 
74 
76 

72 
69 
38 
39 
50 
62 
70 
74 

67 
63 
31 
32 
41 
53 
63 
69 

59 
47 
25 
27 
34 
45 
56 
63 

51 
39 
27 
25 
30 
38 
48 
57 

Figur e 4 :  G C M - S W ' s probabilisti c  gues s tha t  th e 

tes t  item s i n Experimen t  2  belon g t o categor y B . 

made for Experiment 2, where item W is now placed 

i n categor y A  base d o n it s lin e position .  Mor e specif -

ically ,  8 5 % o f  th e subject s categorize d bot h item s W 

and Y  a s member s o f  categor y A ,  wherea s item s X 

and Z  wer e predicte d t o belon g t o categor y B  b y 8 5 % 
and 90 % o f  th e subject s respectively .  Th e result s fo r 

Experimen t  2  ar e summarize d i n Figur e 3 . 

Protocol s wer e als o obtaine d fro m th e subjects .  I n 
Experimen t  1 ,  th e moda l  protocol ,  give n b y 1 5 ou t 
of  th e 2 0 subjects ,  ca n b e expresse d b y th e followin g 
subject' s statement : 

I looked at the size of the square. If it was 

big ,  the n I  looke d a t  wher e th e ba r  was .  I f  i t 

was a  littl e furthe r  t o th e right ,  the n I  pu t  i t 

i n A .  Otherwise ,  I  pu t  i t  i n B .  I f  th e squar e 

was small ,  I  looke d carefull y a t  it s  size .  A 

square s wer e slightl y bigge r  tha n B  squares . 

This protocol reveals a two-step process whereby a 

subjec t  (1 )  determine s th e regio n i n whic h a n ite m 
belong s an d (2 )  focuse s o n th e particula r  dimensio n 

tha t  i s importan t  fo r  tha t  region . 

Simulat ion s o n we igh t in g 
attribute s 

Three exemplar-based process models were evaluated 

i n simulation s fo r  thei r  abilit y  t o fit  th e subjects ' 

responses .  Thes e models ,  G C M - N W,  G C M - S W, 
and G C M - I S W ,  wer e previousl y describe d i n (Ah a 

& Goldstone ,  1990) ,  ar e al l  derive d fro m Nosofsky' s 

(1986 )  Generalize d Contex t  Mode l  ( G C M ) ,  an d dif -

fe r  onl y i n ho w the y weigh t  attribut e dimensions . 

The leas t  flexible,  G C M - N W,  weight s al l  attribute s 
equally .  G C M - S W instea d use s a  singl e se t  o f  at -

tribute s and ,  i n keepin g wit h Nosofsky' s attention -

optimizatio n hypothesis ,  tune s attribut e weight s s o 

as t o optimiz e categorizatio n performance .  Finally , 

G C M - I S W i s a n extensio n o f  G C M - S W tha t  main -

tain s a  separat e se t  o f  attribut e weigh t  setting s wit h 
each store d exemplar . 

Thes e model s proces s trainin g item s incrementall y 

and,  fo r  eac h ite m x ,  comput e a n estimat e o f  th e 
probabilit y  tha t  ar  i s a  member  o f  eac h categor y C  a s 

follows : 

D u u-y. < ^n\ Ey65o Similarity(r, y) 
Probability(a ;  6  C )  =  '̂ ^  p .  . ,  . .  ,  ^ , 

Z-,»€sSimilarity(a;,y ) 

where Sc is category C's stored exemplars and S is 
th e se t  o f  al l  store d exemplars .  Similarit y  i s define d 

as:  „ • 
Similarity(x,i/ )  =  e-'=Î 'stance(x.v) _ 

where 

Distance(x,y) = J^f{i,^,y) x {^i ~ Vi?, 

and where i ranges over the set of attributes used to 

describ e th e exemplars ,  paramete r  c' s settin g (fixe d 

at  1 0 i n ou r  experiments )  determine s th e slop e o f  th e 
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exponentia l  decay ,  an d functio n /  determine s th e nor -

malize d weigh t  fo r  attribut e i  (i.e. ,  '̂ if{i,x,y )  =  1 

andVt{0</(i,x,y)<l}) . 
Functio n /  i s  a  constan t  functio n fo r  G C M - N W. 

For  G C M - S W,  f{i,x,y )  =  Wi ,  whic h i s a n es -

timat e o f  th e conditiona l  probabilit y  tha t  tw o ex -

emplar s wil l  b e i n th e sam e categor y give n tha t 

the y hav e hig h similarit y an d highl y simil w val -

ues fo r  attribut e dimensio n i .  Weight s ar e initiall y 

equa l  an d thei r  setting s ar e update d arfte r  eac h train -

in g ite m i s presente d vi a a  strateg y aki n t o th e 

delt a rul e (Rumelhart ,  McClelland ,  &  th e P D F Re -

searc h Group ,  1986). ^  Finally ,  GCM- ISW' s func -

tio n /  combine s th e category-specifi c  weigh t  setting s 

learne d b y G C M - S W wit h a  separat e se t  o f  weigh t 

setting s store d wit h exempla r  y .  Exemplar-specifi c 

weigh t  setting s ar e update d i n th e sam e manne r  a s 

category-specifi c  weight s excep t  tha t  the y ar e onl y 

update d fo r  similarit y computation s involvin g thei r 

exemplar .  Mor e specifically ,  /(i ,  i ,  y )  interpolate s be -

twee n th e category-specifi c  weigh t  fo r  attribut e t  an d 

y' s exemplar-specifi c  weigh t  fo r  i .  Thi s valu e i s mor e 

simila r  t o th e exemplar-specifi c  settin g whe n |a;, -  — y, | 

i s smal l  an d mor e simila r  t o th e category-specifi c  set -

tin g whe n thi s differenc e i s high . 

GCM-NW,  GCM-SW,  an d GCM-IS W hav e 
three ,  four ,  an d si x fre e parameter s respectively .  In -

forma l  manua l  searche s wer e use d t o find  value s fo r 

thes e parameter s tha t  allowe d th e model s t o perfor m 

well :  1 0 fo r  c ,  whic h determine s th e slop e o f  th e ex -

ponentia l  deca y definin g similarity ;  1  fo r  th e G C M ' s 

concep t  bia s parameters ;  0.0 1 fo r  G C M - S W ' s an d 

G C M - I S W ' s learnin g rat e paramete r  fo r  updatin g 

category-specifi c  weights ;  0. 1 fo r  GCM- ISW' s simi -

la r  paramete r  fo r  exemplar-specifi c  weights ;  an d 0. 5 

fo r  G C M - I S W ' s paramete r  fo r  combinin g exemplar -

and category-specifi c  weight s i n functio n / .  G C M-
ISW' s additiona l  parameter s certainl y contribute d t o 

it s superio r  performance .  However ,  alternativ e val -

ues fo r  th e othe r  models '  parameter s woul d no t  af -

fec t  thei r  relativ e behavio r  becaus e th e concept s wer e 

equall y probabl e durin g trainin g an d differen t  slope s 
woul d stil l  no t  allo w G C M - N W an d G C M - S W t o 

locall y war p th e instanc e space . 

Thes e model s wer e traine d an d teste d i n th e sam e 

way a s th e subject s excep t  tha t  thei r  item s wer e rep -

resente d a s two-dimensiona l  vector s an d the y yiel d 

estimate s o f  th e probabilit y  tha t  item s ar e member s 

of  categor y B  rathe r  tha n a  binar y categorizatio n pre -

diction . 

'Briefly ,  th e magnitude s o f  weigh t  change s as e a  decreas -
in g functio n o f  Sinularity(z,]/ )  an d a n exponentiall y  decreas -
in g functio n o f  \x ,  — yi\ .  Weigh t  setting s ar e increase d whe n z 
and y  ar e i n th e sam e categor y an d otherwis e ar e decreased . 

The testin g result s fo r  G C M - I S W i n Experimen t 

1 ar e summarize d earlie r  i n Figur e 2  alongsid e th e 

subjects '  averag e predictions .  Fisher' s metho d fo r 

convertin g correlation s (r )  t o Z-score s wa s use d t o 

evaluat e th e fits  o f  eac h mode l  t o th e subjec t  data . 

The correlatio n betwee n GCM-ISW' » result s an d 

th e average d subjec t  dat a fo r  th e 6 4 tes t  item s 

was 0.8 1 an d 0.8 5 fo r  Experiment s 1  an d 2  respec -

tively .  G C M - S W ' s wa s 0.6 6 fo r  bot h experiment s 

and G C M - N W ' s wa s 0.6 5 an d 0.68 .  GCM-ISW' s 
result s correlate d significantl y bette r  wit h th e subjec t 

dat a fro m th e first  experimen t  tha n di d G C M - N W 

( Z =  2.75, p <  0.01 )  an d G C M - S W { Z =  2.61, p < 

0.01) .  Thi s i s als o tru e fo r  Experimen t  2' s result s (i.e. , 

( Z =  3.62, p <  0.0005 )  an d ( Z =  3.36, p <  0.002 )  re -

spectively) .  Fo r  example ,  visua l  inspection s hel p t o 

confir m tha t  G C M - S W ' s prediction s fo r  Experimen t 

2,  show n i n Figur e 4 ,  ar e no t  a s simila r  t o th e sub -

jects '  prediction s a s ar e GCM-ISW's ,  a s show n i n 

Figur e 3 . 

GCM- ISW' s correlation s wit h th e subjects '  aver -

aged response s fo r  th e fou r  critica l  tes t  item s wer e 

significantl y bette r  tha n G C M - S W ' s an d G C M-

NW's fo r  bot h experiment s (i.e. ,  Z(l )  =  1.92, p < 

0.1;Z(l )  =  2.53, p <  0.02 5 an d Z(l )  =  3.05, p < 

0.0025 ;  Z(l )  =  2.28, p <  0.02 5 respectively) .  Mor e 
specifically ,  GCM- ISW' s correlation s fo r  thes e tw o 

set s o f  fou r  tes t  item s wer e 0.9 7 an d 0.9 5 respec -

tively .  G C M - S W ' s respectiv e correlation s wer e 0.1 7 

and -0.8 4 whil e G C M - N W ' s wer e -0.4 2 fo r  bot h ex -

periments .  GCM- ISW' s categorizatio n prediction s 

matche d th e prediction s mad e b y th e majorit y o f  sub -

ject s o n al l  eigh t  critica l  tes t  items ,  wherea s G C M-

S W agree d o n onl y tw o an d G C M - N W o n onl y four . 

I n summary ,  G C M - I S W provide s a  bette r  fit  t o 
th e subjec t  dat a tha n d o th e othe r  models .  It s combi -

natio n o f  category-specifi c  an d exemplar-specifi c  at -
tribut e weight s capture s th e contex t  sensitivit y  o f  at -

tribut e importanc e i n thes e experiments .  Thus ,  thes e 

result s suppor t  ou r  clai m tha t  a  psychologicall y plau -

sibl e learnin g algorithm' s selectiv e attentio n processe s 

must  b e a  context-dependen t  function ;  a  simpl e strat -
egy o f  usin g on e weigh t  pe r  attribut e wil l  no t  neces -

saril y  provid e optima l  fits  t o subjec t  data . 

Discussion 

Many other exemplar models of human concept for-

matio n ca n "locally "  stretc h th e inpu t  space .  Fo r  ex -

ample ,  Nosofsky ,  Clark ,  an d Shi n (1989 )  describe d 

a mode l  tha t  associate s a  weigh t  wit h eac h valu e 

of  eac h dimension .  However ,  thi s strateg y i s les s 

flexible  tha n GCM-ISW's ;  i t  constrain s item s shar -
in g a n attribute' s valu e t o als o shar e it s weigh t  set -
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ting .  Medi n an d Edelso n (1988 )  propose d a  pro -

ces s mode l  simila r  t o G C M - I S W tha t  use s exemplar -

specifi c  attribut e weight s t o accoun t  fo r  subjects ' 

context-specifi c  sensitivit y t o bas e rat e informatio n 

durin g categorizatio n tasks .  However ,  thei r  mode l 
does no t  ensur e tha t  exemplar-specifi c  weight s ar e 

use d onl y i n a  loca l  regio n o f  th e instanc e space ; 

the y m a y b e use d t o hel p classif y dissimila r  items . 

Thi s constrain t  shoul d alway s b e applie d t o model s 

wit h localize d weightin g schemes .  Medi n an d Shobe n 

(1988 )  investigate d a n exemplar-directe d attribute -

weightin g schem e tha t  distinguishe s betwee n direc -

tion s alon g numeric-value d attribut e dimensions .  W e 

pla n t o evaluat e a n extensio n o f  G C M - I S W tha t  in -

corporate s thi s increase d flexibility.  W e als o pla n t o 

stud y model s wit h region-specifi c  weightin g schemes , 

i n whic h a  region' s weight s ar e abstracte d s o a s t o 

specif y th e relativ e importanc e o f  attribute s fo r  sim -

ilarit y decision s withi n a  smal l  regio n o f  th e instanc e 

space .  Suc h model s blu r  th e distinctio n betwee n rule -

and exemplar-base d model s sinc e the y us e bot h ex -
emplar s an d rule-lik e abstraction s derive d fro m the m 

t o guid e categorizatio n decisions .  Furthermore ,  ou r 

model  wil l  var y th e degre e t o whic h abstractio n i s 

performe d i n a  region-specifi c  manner ,  thu s increas -
in g it s  flexibility  t o represen t  comple x concepts . 

Severa l  othe r  researcher s hav e als o advocate d tha t 

psychologicall y plausibl e proces s model s shoul d cat -

egoriz e item s i n a  context-sensitiv e manne r  (e.g. , 

Barsalo u &  Medin ,  1986 ;  Tversky ,  1977) .  W e believ e 
tha t  m a n y futur e model s wil l  incorporat e a  context -

sensitiv e categorizatio n capabilit y  an d tha t  the y wil l 

continu e t o fit  subjec t  dat a significantl y bette r  tha n 

model s tha t  d o no t  suppor t  thi s flexibility. 
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