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Abstract 

There has been an upsurge of interest, in both artificial intelligence and cognitive psychology, in exemplar-

base d proces s model s o f  categorization ,  whic h preserv e specifi c  instance s instea d o f  maintainin g abstraction s 

derive d fro m them .  Recen t  exemplar-base d model s provide d accurat e fits  fo r  subjec t  result s i n a  variet y o f 

experiment s because ,  i n accordanc e wit h Shepard' s (1987 )  observations ,  the y defin e similarit y t o degrad e 

exponentiall y  wit h th e distanc e betwee n instance s i n psychologica l  space .  Althoug h severa l  researcher s 

hav e show n tha t  a n attribute' s relevanc e i n similarit y calculation s varie s accordin g t o it s  contex t  (i.e. ,  th e 

value s o f  th e othe r  attribute s i n th e instanc e an d th e targe t  concept) ,  previou s exempla r  model s defin e 

attribut e relevanc e t o b e invarian t  acros s al l  instances .  Thi s pape r  introduce s th e G C M - I S W model ,  a n 

extensio n o f  Nosofsky' s G C M mode l  tha t  use s context-specifi c  attribut e weight s fo r  categorizatio n tasks . 

Sinc e severa l  researcher s hav e reporte d tha t  human s mak e context-sensitiv e classificatio n decisions ,  ou r 

model  wil l  fit  subjec t  dat a mor e accuratel y whe n attribut e relevanc e i s context-sensitive .  W e als o introduc e 

a proces s componen t  fo r  G C M - I S W an d sho w tha t  it s  learnin g rat e i s significantl y faste r  tha n th e rate s o f 

previou s exemplar-base d proces s model s whe n attribut e relevanc e varie s a m o n g instances .  G C M - I S W i s bot h 

computationall y mor e efficien t  an d mor e psychologicall y plausibl e tha n previou s exemplar-base d models . 

1. Introduction 

Several studies have shov^n that the Context Model (Medin & SchafFer, 1978) and the Gen-

eralize d Contex t  Mode l  ( G C M )  (Nosofsky ,  1986 ;  1987) ,  tw o exemplar-base d models  o f  cate -

gorization ,  provid e excellen t  fit s  fo r  subjec t  dat a fro m a  wid e variet y o f  experiments .  Thes e 

model s remov e th e assumptio n tha t  attribute s hav e equa l  relevanc e i n similarit y compu -

tation s b y introducin g a  paramete r  (attribut e weight )  fo r  eac h attribute ,  whos e valu e i s 

determine d b y som e exterio r  attentio n mechanism .  Human s ar e hypothesize d t o selectivel y 

atten d t o attribute s t o optimiz e thei r  classificatio n behavio r  (Nosofsky ,  1986) .  Thes e mod -

el s diffe r  fro m previou s exempla r  models  (e.g. .  Reed ,  1972 )  i n tha t  the y defin e similarit y 

t o decreas e exponentiall y  wit h psychologica l  distance ,  i n accordanc e wit h Shepard' s (1987 ) 

numerou s empirica l  observation s o n stimulu s generalization .  However ,  thes e models  ignor e 

evidenc e tha t  attribut e relevanc e varie s dependin g o n th e contex t  o f  th e classificatio n tais k 

(Tversky ,  1977 ;  Barsalou ,  1982 ;  Rot h k  Shoben ,  1983 ;  Medi n &  Edelson ,  1988) .  Therefore , 

the y canno t  b e expecte d t o provid e accurat e fits  whe n attribut e relevanc e varie s accordin g 

t o context ,  whic h occur s frequentl y i n real-worl d classificatio n tasks . 

For  example ,  conside r  th e proble m o f  predictin g whethe r  a  pro-lif e politicia n wil l  endors e 

propose d legislatio n o n abortio n rights .  A s wit h mos t  real-worl d categorizatio n tasks ,  som e 

attribute s shoul d b e give n mor e attentio n tha n others .  I n thi s case ,  dimension s suc h a s 
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"pas t  votin g record "  shoul d b e weighte d mor e tha n dimension s suc h a s "height. "  Relativ e 

attribut e relevanc e differ s dependin g upo n th e predictio n tcis k (Ah a &  McNulty ,  1989 ;  Aha , 

1989 )  (i.e. ,  "pas t  votin g record "  i s fa r  les s relevan t  tha n "height "  whe n predictin g th e abilit y 

t o dun k a  basketball) .  However ,  a n attribute' s relevanc e t o a  categorizatio n tas k ofte n als o 

depend s o n it s contex t  -  th e value s o f  th e othe r  attribute s i n a n instance .  Fo r  example ,  th e 

relevanc e o f  th e "pas t  votin g record "  attribut e wil l  b e lo w i f  th e "percentag e o f  pro-choic e 

constituency "  attribut e ha s a  hig h valu e (du e t o pressur e fro m pro-choic e politica l  actio n 

groups) .  However ,  i t  wil l  b e hig h i f  th e "see k re-election "  attribut e valu e i s "false" ,  whic h 

diminishe s th e influenc e o f  politica l  actio n groups .  Contex t  sensitiv e attribut e weight s ar e 

require d t o deriv e a n appropriat e psychologica l  spac e an d satisf y th e attention-optimizatio n 

hypothesi s whe n attribut e relevanc e i s context-dependent . 

I n thi s paper ,  w e introduc e th e GCM-ZSŴ  (Instance-Specifi c  Weights )  model ,  a n extensio n 

of  th e G C M tha t  add s a  se t  o f  attribut e weigh t  parameter s fo r  eac h instanc e fo r  eac h targe t 

concept .  Sectio n 2  describe s evidenc e tha t  th e G C M - I S W i s mor e computationall y efficien t 

(i.e. ,  record s significantl y faste r  learnin g rates )  tha n previou s exemplar-base d proces s model s 

when attribut e relevanc e i s context-dependent .  Severa l  researcher s hav e reporte d evidenc e 

tha t  human s mak e context-sensitiv e classificatio n decision s whe n attribut e relevanc e i s de -

penden t  o n context .  I n Sectio n 3 ,  w e revie w thi s evidenc e an d discus s alternativ e weightin g 

schemes fo r  exemplar-base d models . 

2. Instance-Based Learning Algorithms 

This  section describes a sequence of four, comprehensive instance-based learning (IBL) al-

gorithms ,  whic h ar e exemplar-base d proces s models .  Th e attribut e weight s i n th e first  (an d 

simplest )  model ,  name d G C M - N W (N o Weights) ,  ar e fixed  t o b e equal .  W e describ e evi -

denc e tha t  a  proces s mode l  fo r  th e G C M,  name d CCM-^W^(Singl e se t  o f  attribut e Weights) , 

learn s significantl y faste r  tha n th e G C M - N W whe n th e relevanc e t o classificatio n judgement s 

varie s amon g attributes .  Th e thir d model ,  name d G C M - M W (Multipl e set s o f  attribut e 

Weights) ,  employ s a  separat e se t  o f  attribut e weight s pe r  targe t  concep t  an d learn s sig -

nificantl y faste r  tha n th e G C M - S W whe n attribut e relevanc e varie s amon g targe t  concepts . 

The final  model ,  G C M - I S W ,  employ s a  separat e se t  o f  attribut e weight s fo r  eac h instanc e fo r 

eac h targe t  concept .  W e presen t  evidenc e tha t  i t  learn s significantl y faste r  tha n G C M - MW 

when attribut e relevanc e varie s amon g instances . 

2.1 GCM-SW: Learning Attribute Relevance 

IBL algorithms input a sequence of training instances, drawn from an n-dimensional instance 

space ,  wher e n  i s th e numbe r  o f  attribute s use d t o describ e eac h instance .  A  subse t  p  <  n 

of  thes e attributes ,  calle d predictors ,  ar e use d t o predic t  value s fo r  th e remainin g ( n — p ) 

targets .  I n thi s paper ,  w e assum e tha t  predictor s hav e numeri c value s an d targe t  attribute s 

hav e binar y values :  "positive "  an d "negative." ^  Positiv e targe t  value s ar e understoo d t o b e 

members o f  th e targe t  concept .  Fo r  eac h target ,  IB L algorithm s yiel d on e concep t  descriptio n 

whic h contain s th e processe d trainin g instance s an d a  se t  o f  attribut e weigh t  settings .  Give n 

an instanc e x  an d it s similarit y wit h eac h instanc e i n targe t  a' s  concep t  description ,  IB L 

algorithm s ca n predic t  whethe r  a ;  i s  a  member  o f  concep t  a . 

'Stanfil l  an d Wtdt z (1986 )  describ e a n interestin g IB L algorith m fo r  symbolic-value d predictors .  Kibler ,  Aha ,  an d Alber t 
(1989 )  addres s th e issu e o f  numeric-value d targets . 
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IB L algorithm s us e a  similarit y function ,  define d ove r  th e predicto r  attributes ,  t o comput e 

th e similarit y  o f  th e instanc e t o b e classifie d wit h th e previousl y processe d trainin g instances . 

GCM-SW's similarit y functio n i s similarity(x,y )  =  e-distance(x,v) ^  ̂ ^er e 

distance(x,t/ )  =  s .  ̂ u;i(x. -  -  y,)2 , 
p 

wher e paramete r  s  (se t  t o 1 0 i n al l  ou r  simulations )  i s G C M - S W ' s paramete r  tha t  determine s 

th e slop e o f  th e exponentia l  deca y an d u; ,  i s  G C M - S W ' s weigh t  fo r  attribut e i .  Value s fo r 

attribut e weight s ar e alway s initialize d t o K  rang e i n [0,1] ,  an d ar e normalize d t o su m t o 1 . 

Given these similarities, a memory updating function modifies the attribute weights for the 

instance s i n a' s concep t  descriptio n and ,  afterwards ,  alway s add s x  t o a' s description. ^  Th e 

G C M - SW trainin g algorith m is :  (wher e cd a i s targe t  a' s concep t  description ) 

1. cda <- 0 
2.  F O R E A C H x  e  trainin g se t  D O 

2. 1 F O R E A C H y  G  cda :  comput e similarity(x ,  y ) 

2. 2 F O R E A C H y  G  cda :  F O R E A C H predicto r  attribut e i :  adjust_weight(i,a;,2/,a ) 

2. 3 cd a < -  cd a U  {x } 

Attribute weights denote the estimated relevance of an attribute for a categorization task. 

Each predicto r  i' s  weigh t  i s compute d usin g a  functio n o f  th e estimate d conditiona l  proba -

bilit y  tha t  tw o instance s wil l  hav e th e sam e class ,  give n tha t  thei r  similarit y  i s hig h an d th e 

differenc e o f  thei r  value s fo r  i  i s  small .  I f  w e denot e thi s probabilit y  a t  tim e t  a s Pr,(^) ,  the n 

th e attribut e weigh t  fo r  i  afte r  t  trainin g instance s hav e bee n processe d i s Pr,(f )  —( 1 -Pr,(0) -

Adjust-weigh t  update s estimate s o f  conditiona l  probabilit y  a s follows : 

Pr,(i -f 1) = Pvi{t) + {r- Pr.(i)) x similarity(a;,y) x e-'l"^'-^'' x p, 

where Boolean variable r is 1 only if Xa equals ya and p is a learning rate parameter, which 

i s se t  t o 0.0 1 fo r  G C M - S W an d G C M - MW i n ou r  simulations .  Th e siz e o f  th e updat e t o z' s 

conditiona l  probabilit y  increase s exponentiall y  wit h linea r  decrease s i n bot h distance(x,y ) 

and |x, -  — yi\ .  Therefore ,  attribut e i' s  weigh t  i s mos t  strongl y influence d b y highl y simila r 

instance s wit h simila r  value s fo r  i . 

The classificatio n accurac y o f  ou r  IB L algorithm s i s measure d usin g a  classificatio n function , 

whic h input s th e compute d similaritie s fo r  targe t  a  an d generate s a  clas s predictio n (i.e. , 

"positive "  o r  "negative") .  Th e probabilit y  tha t  instanc e x  wil l  b e a  member  o f  concep t  a  i s 

estimate d a s follows : 

Pr(a; a =  "positive" )  = 
_ ^gcd g ̂ ^™^^''^M^ ^  2/ )  ̂  (y °  =  "positive" ) 

^y€cdaSi™^^"M3^,2/ ) 

Instanc e x  i s predicte d t o b e a  member  o f  concep t  a  onl y i f  thi s valu e i s abov e 0.5 .  Al l  th e 

IB L algorithm s i n thi s pape r  us e th e followin g testin g algorith m (fo r  eac h targe t  attribut e 

^Aha, Kibler, and Albert (in press) analyze IBL cdgorithms that significantly reduce storage requirements. 
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Figur e 1 :  Learnin g curve s fo r  th e fou r  IB L algorithms .  Left :  G C M - NW learn s slowl y whe n attribute s hav e 
differen t  relevance .  GCM-SW an d G C M - MW behav e identicall y i n thi s simulatio n sinc e ther e i s onl y on e 
targe t  concept .  Right :  G C M - SW learn s slowl y whe n eac h attribute' s relevanc e differ s amon g targe t  concepts . 
Al l  ou r  curve s ar e average d ove r  2 0 pair s o f  trainin g an d tes t  set s wit h 25 0 an d 10 0 instance s respectively . 
Value s fo r  predicto r  attribute s ar e selecte d randoml y fro m [0,1 ]  accordin g t o a  unifor m distribution . 

a) :  (1 )  comput e th e curren t  trainin g instanc e x' s similarit y t o th e instance s i n a' s concep t 

description ,  (2 )  comput e th e probabilit y  tha t  X a i s "positive" ,  an d (3 )  outpu t  "positive "  fo r 

thi s classificatio n i f  thi s probabilit y  i s  abov e 0. 5 (otherwise ,  outpu t  "negative") . 

G C M - S W 's attribut e weight s ar e usefu l  whe n attribut e relevanc e varie s amon g predictors . 

To sho w this ,  w e compare d it s performanc e wit h th e performanc e o f  G C M - N W,  whos e 

weight s remai n fixed  wit h valu e - .  G C M - N W learn s slowl y whe n attribut e relevanc e diflFer s 

among th e predictors .  Th e grap h i n th e lef t  o f  Figur e 1  show s th e averag e learnin g curve s 

fo r  a  simulatio n wit h on e targe t  concep t  an d te n predictors ,  onl y on e o f  whic h wa s relevant . 

Targe t  concep t  member s wer e define d t o b e thos e whos e relevan t  attribute' s valu e wa s greate r 

tha n 0.5 .  A s expected ,  G C M - S W ' s averag e accurac y (measure d acros s th e te n application s 

t o th e tes t  se t  pe r  trial )  i s  significantl y greate r  tha n G C M - N W ' s (<(19 )  =  4.54, p <  0.001) . 

However ,  sinc e th e G C M - S W mode l  use s th e sam e settin g o f  attribut e weight s fo r  al l  targets , 

i t  perform s relativel y poorl y whe n th e relativ e relevanc e o f  attribute s differ s greatl y amon g 

targe t  concept s (Ah a &  McNulty ,  1989 )  o r  whe n relativ e attribut e relevanc e varie s amon g 

instances .  Th e right-han d grap h i n Figur e 1  show s th e averag e learnin g curve s whe n th e 

artificia l  domai n i s extende d t o contai n a n additiona l  thre e targe t  concepts ,  wher e eac h o f  th e 

fou r  targe t  concept s hav e a  singl e (different )  relevan t  predictor .  G C M - S W ' s learnin g curv e 

rise s slowl y becaus e i t  i s  unabl e t o lear n concept-dependen t  attribut e relevances :  it s weight s 

fo r  th e fou r  relevan t  attribute s eac h converg e t o 0.25 .  G C M - S W ' s averag e classificatio n 

accurac y i s significantl y lowe r  tha n G C M - M W 's (̂ (19 )  =  5.33, p <  0.001) . 

2.2 GCM-MW: Learning Concept-Dependent Attribute Relevance 

GCM-MW's concept-dependent similarity function is similarity(a,x,y) = g-^i^^^'^^^^"'^'''), 

wher e Wa^  denote s th e weigh t  o f  attribut e i  fo r  targe t  concep t  a  i n 

distance(a,a; ,  J/ )  — s 
\ t= l 
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Right: GCM-ISW works best in such 

The G C M - MW mode l  wil l  outperfor m th e G C M - S W mode l  whe n attribut e relevanc e varie s 

among targe t  concepts .  However ,  G C M - M W 's assumptio n tha t  a n attribute' s relevanc e i s 

invarian t  acros s al l  instance s i s easil y violated .  Fo r  example ,  attribut e relevanc e ca n var y 

among a  concept' s disjuncts .  Furthermore ,  i t  ca n als o var y withi n a  disjunct .  Figur e 2 

display s a  two-dimensiona l  domai n containin g thre e disjunct s o f  a  singl e targe t  concept .  Th e 

horizonta l  attribut e i s mor e relevan t  tha n th e vertica l  fo r  disjunc t  A :  smal l  perturbation s 

i n th e horizontal' s  value s wil l  mor e frequentl y chang e disjunc t  membershi p statu s tha n wil l 

perturbation s i n th e vertical' s  values .  Th e vertica l  attribut e i s mor e relevan t  fo r  B  whil e C s 

attribute s ar e approximatel y equall y relevant .  However ,  attribut e relevanc e differ s greatl y 

among instances .  Fo r  example ,  althoug h bot h attribute s ar e relevan t  fo r  classification s mad e 

by instanc e w ,  th e horizonta l  attribut e i s mor e relevan t  fo r  x  an d les s relevan t  fo r  y .  Finally , 

z' s  vertica l  attribut e i s mor e relevant .  G C M - M W 's learnin g rat e ca n b e significantl y reduce d 

when attribut e relevanc e varie s amon g instances .  Figur e 2  display s th e averag e learnin g 

curve s whe n th e learnin g tas k i s change d s o tha t  eac h o f  th e fou r  concept s i s define d b y a  se t 

of  five  disjuncts .  I n thi s case ,  eac h disjunc t  i s  define d b y a  singl e relevan t  attribut e an d eac h 

attribut e i n th e domai n i s relevan t  t o exactl y tw o disjunct s overall .  Th e threshol d value s fo r 

inclusio n i n a  disjunc t  wer e belo w 0.1 4 fo r  th e disjunct s o f  th e first  tw o targe t  concept s an d 

abov e 0.8 6 fo r  th e latte r  tw o targe t  concepts .  G C M - M W 's averag e accurac y i s significantl y 

lowe r  tha n GCM-ISW' s (i(19 )  =  3.85, p <  0.002) . 

2.3 Learning Context-Sensitive Attribute Relevance 

GCM-ISW differs from GCM-MW in that it learns instance-specific attribute weights, one 

fo r  eac h (attribute,instance,target )  triplet .  Thi s provide s greate r  flexibility  tha n foun d i n 

G C M - M W:  G C M - I S W remove s th e assumptio n tha t  attribut e relevanc e i s invarian t  amon g 

a targe t  concept' s save d instances . 

GCM-ISW's instance-specifi c  weight s ca n b e easil y misapplied .  Fo r  example ,  i f  th e onl y rele -

vant  attribut e fo r  instanc e z  i n Figur e 2  i s th e vertica l  attribute ,  the n z  wil l  appea r  t o b e ver y 

simila r  t o x ,  whic h i s locate d fa r  fro m z  i n thi s instanc e space .  Therefore ,  instance-specifi c 

weight s shoul d b e use d onl y whe n th e instanc e bein g classifie d i s highl y simila r  t o th e classi -

fyin g instance .  G C M - I S W solve s thi s proble m b y learnin g bot h concept-dependen t  weight s 
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(a s i s don e i n G C M - M W)  an d a  separat e se t  o f  instance-specifi c  weights .  (Adjust.weigh t 

update s eac h save d instance' s attribut e weight s whe n classifyin g eac h subsequentl y presente d 

trainin g instance. )  GCM- ISW' s similarit y functio n the n combine s thes e tw o set s o f  weight s 

t o comput e th e con̂ exi-specifi c  similarit y o f  tw o instance s a s follows : 

distaiice(a ,  X ,  y )  =  5 
\ 

^  combine_weights(a ,  x ,  y ,  i )  x  {x i  — yi^ . 

i- \ 

W h en computin g th e similarit y o f  a  ne w instanc e x  t o previousl y processe d instanc e y , 

combine_weight s calculate s attribut e z' s  context-specifi c  weigh t  a s follows : 

combine_weights(a,x,y,i) = {wai{y) x scaleJactor) + {wa, x (1 — scaleJactor)), 

where scale Jactor = (1 — |x, — yi\Y, '^aAv) is i's attribute weight for saved instance y, and 

c i s a  combinatio n paramete r  tha t  determine s th e relativ e impac t  o f  th e concept-dependen t 

and instance-specifi c  attribut e weight s i n calculatin g th e context-sensitiv e weight.' '  Com-

bine_weight s use s instance-specifi c  weight s mor e confidentl y whe n th e differenc e o f  th e value s 

fo r  t  i s  small .  Thi s reduce s th e frequenc y wit h whic h instance-specifi c  weight s ar e use d whe n 

th e distanc e betwee n instance s i s large .  Afte r  G C M - I S W compute s similarities ,  i t  update s 

th e conditione d probabilitie s an d attribut e weight s fo r  bot h it s concept-dependen t  an d it s 

instance-specifi c  weights .  G C M - I S W performe d significantl y bette r  tha n th e othe r  model s 

i n th e thir d simulatio n an d performe d a s wel l  a s G C M - S W an d G C M - M W i n th e first  an d 

secon d simulation s respectively . 

3. Discussion: Supporting Evidence and Alternative Models 

While formal psychological models involving context-specific weight learning do not exist, 

ther e i s a  plethor a o f  psychologica l  dat a suggestin g th e existenc e o f  suc h specifi c  weightin g 

systems .  Nosofsky' s (1986 )  G C M mode l  treat s attribut e weight s a s parameter s tha t  ca n 

be assigne d experimentally-derive d value s t o accuratel y fit  subjec t  data .  However ,  mor e 

flexible  weightin g systems ,  namel y thos e tha t  emplo y context-sensitiv e weights ,  ar e require d 

t o accuratel y fit  subjec t  dat a an d increas e learnin g rat e whe n attribut e relevanc e varie s 

among instances .  Thes e weight s ca n als o b e use d t o decreas e storag e requirements :  attribute s 

wit h lo w relevanc e ca n b e discarde d withou t  sacrificin g classificatio n accurac y (Smit h & 

Medin ,  1981) .  Ah a (1989 )  describe d simulation s o f  IB L algorithm s tha t  dro p bot h attribute s 

and instance s and ,  simultaneously ,  increas e learnin g rate s fo r  real-worl d classificatio n tasks . 

M a ny researcher s agre e tha t  model s o f  categorizatio n shoul d b e context-sensitive .  Rot h an d 

Shobe n (1983 )  an d Barsalo u (1982 )  argu e tha t  a n instance' s contex t  influence s it s perceive d 

typicalit y an d determine s whic h o f  it s  attribute s receive s attention .  Fo r  example ,  Barsalo u 

note d that ,  whil e som e attribute s o f  "basketball "  (e.g. ,  "round" )  ar e alway s salient ,  other s 

(e.g. ,  "floats" )  onl y becom e salien t  (i.e. ,  quickl y retrieved )  i n context s involvin g water .  Thi s 

provide s psychologica l  suppor t  fo r  th e G C M - I S W model :  peopl e o n a  luxur y line r  atten d 

mor e t o th e "floats "  attribut e whe n th e shi p i s sinkin g (t o judg e whethe r  object s ar e member s 

of  th e "ca n suppor t  m e i n th e water "  category )  tha n whe n i t  i s  i n port .  Goldstone ,  Medin , 

^  W e use d c  =  0. 5 fo r  ou r  simulations .  W e als o se t  G C M - I S W ' s learnin g rat e paramete r  t o b e highe r  (0.1 )  whe n i t  update s 
instance-specifi c  weights .  Thi s i s neede d because ,  give n an y on e trainin g instance ,  fe w othe r  trainin g instance s ar e highl y simila r 
t o it .  However ,  whe n updatin g concept-dependen t  weights ,  ther e wil l  b e severa l  highl y simila r  pair s o f  instances . 
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and Gentne r  (i n press )  argu e that ,  whe n comparin g instances ,  th e influenc e tha t  on e attribut e 

has depend s o n th e othe r  attribute s tha t  ar e share d b y th e instances .  Medi n an d Edelso n 

(1988 )  als o suggeste d usin g context-specifi c  attribut e weights .  W h e n a n instanc e i s correctl y 

classified ,  thei r  propose d proces s mode l  assign s hig h relativ e weight s t o th e attribute s share d 

by th e classifyin g instanc e an d th e instanc e bein g classified .  Misclassification s resul t  i n 

assignin g highe r  weight s t o attribute s tha t  ar e no t  share d b y thes e tw o instances . 

Severa l  alternativ e weightin g scheme s hav e bee n propose d fo r  exemplar-base d proces s mod -

els .  Nosofsky ,  Clark ,  an d Shi n (1989 )  considere d value-specifi c  weightin g algorithms .  How -

ever ,  thes e ar e no t  a s flexible  a s instance-specifi c  weightin g algorithms :  value-specifi c  weight s 

fo r  som e attribut e i  wil l  no t  wor k wel l  whe n i' s  relevanc e varie s ove r  instance s tha t  hav e th e 

same valu e fo r  i .  I n anothe r  example ,  Medi n an d Shobe n (1988 )  presen t  example s tha t  sug -

gest  a n instance-directe d attribute-weightin g scheme ,  whereb y th e influenc e o f  on e attribut e 

depend s o n th e othe r  attribute s tha t  ar e present .  Fo r  example ,  whil e "White "  i s  mor e simila r 

t o "Gray "  tha n i s "Black "  fo r  th e attribut e "hair, "  exactl y th e opposit e patter n emerge s wit h 

th e attribut e "clouds. "  Thi s suggest s extendin g th e instance-specifi c  weightin g metho d t o 

distinguis h betwee n direction s alon g attribut e dimensions .  Fo r  instance s o f  hair ,  th e gray -

blac k distanc e i s widene d whil e th e gray-whit e distanc e i s reduced .  I n an y case ,  a  singl e 

predefine d weigh t  fo r  th e "color "  dimensio n wil l  no t  surviv e change s o f  context . 

The G C M - I S W mode l  add s a n enormou s numbe r  o f  parameter s int o th e G C M model .  Al -

thoug h G C M - I S W increase s learnin g rate ,  it s  additiona l  parameter s ar e no t  neede d whe n 

attribut e relevanc e remain s constan t  acros s th e entir e dimension .  W e ar e currentl y develop -

in g a  mor e elaborat e IB L algorith m tha t  ca n lear n whic h parameter s shoul d b e permanentl y 

fixed  withou t  nee d fo r  subsequen t  attention .  Th e algorith m woul d initiall y  assum e tha t 

al l  dimension s ar e weighte d equall y fo r  al l  categories .  I f  thi s assumptio n doe s no t  yiel d 

sufficientl y fas t  learnin g rates ,  the n th e syste m woul d rela x it s assumption s an d allo w a n 

attribute' s weigh t  t o var y acros s categories .  Th e assumptio n tha t  weight s ar e fixed  acros s 

instance s coul d als o b e automaticall y relaxed .  Shift s i n th e targe t  concep t  descriptio n coul d 

lea d t o mor e o r  les s specifi c  weightin g algorithm s i n attempt s t o maximiz e classificatio n 

accurac y whil e minimizin g th e numbe r  o f  uniqu e weight s tha t  ar e postulated . 

IB L algorithm s tha t  lear n context-specifi c  attribut e weight s resembl e rule-base d learnin g 

algorithms .  B y weightin g dimension s selectivel y o n th e basi s o f  thei r  categor y diagnostic -

ity ,  th e instance-base d system s ar e qualitativel y distinguishe d fro m th e simpl e storag e o f 

instance s i n a  "ra w form. "  Althoug h instanc e informatio n i s no t  discarded ,  i t  i s  selectivel y 

emphasized .  Thi s representatio n i s simila r  t o tha t  use d fo r  rules .  Fo r  example ,  conside r  th e 

concep t  o f  legal-size d suitcase s (i.e. ,  thos e wit h length s les s tha n five  feet) .  A n instance -

directe d weightin g algorith m coul d lear n a  hig h weigh t  fo r  4 '  9 "  i n th e positiv e directio n an d 

a lo w weigh t  i n th e negativ e directio n fo r  legal-size d suitcases .  Thi s i s simila r  t o th e rul e "i f 

4'9 "  o r  less ,  the n legal-size d luggage ,  otherwis e illegal. " 

4. Conclusion 

Results from simulations suggest that previous exemplar models that selectively weight at-

tribut e dimensions ,  whil e bette r  tha n n o selectiv e weightin g a t  all ,  ca n b e improve d b y 

representin g context-sensitiv e attribut e weights .  W e introduce d G C M - I S W,  a n extensio n o f 

Nosofsky' s (1986 )  G C M mode l  tha t  learn s context-sensitiv e weight s b y combinin g concept -
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dependen t  an d instance-specifi c  attribut e weights .  O u r  result s wit h simulation s usin g a 

proces s mode l  fo r  th e G C M - I S W sho w tha t  it s learnin g rat e i s significantl y faste r  tha n th e 

learnin g rate s o f  previou s proces s model s fo r  exemplar-base d model s (Ah a &  McNulty ,  1989) . 

We pla n t o sho w tha t  th e G C M - I S W mode l  wil l  fit  subjec t  dat a mor e accuratel y tha n wil l 

a proces s mode l  fo r  th e G C M w h e n attribut e relevanc e varie s a m o n g instances . 

A ckn o wledgemen t  s 

We woul d lik e t o than k M a r c Albert ,  Dal e McNulty ,  Dougla s Medin ,  an d Mik e Pazzan i  fo r 

providin g c o m m e n t s o n a n earlie r  draf t  o f  thi s paper . 
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