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A B S T R A CT 

Nosofsk y recentl y describe d a n elegan t  instzince-base d mode l  ( G C M )  fo r  concep t  learnin g tha t  define d 

similarit y (partly )  i n term s o f  a  se t  o f  attribut e weights .  H e showe d that ,  whe n give n th e prope r  paramete r 

settings ,  th e G C M mode l  closel y fit  hi s huma n subjec t  dat a o n classificatio n performance .  However ,  n o 

adgorith m wa s describe d fo r  learnin g th e attribut e weights .  Th e centra l  thesi s o f  th e G C M mode l  i s tha t 

subject s distribut e thei r  attentio n emion g attribute s t o optimiz e thei r  classificatio n an d learnin g 

performance .  I n thi s paper ,  w e introduc e tw o comprehensiv e proces s model s base d o n th e G C M.  Ou r  first 

model  i s  simpl y a n extensio n o f  th e G C M tha t  learn s relativ e attribut e weights .  Th e GCM' s learnin g an d 

representationa l  capabilitie s ar e limite d -  concep t  description s ar e assume d t o b e disjoin t  an d exhaustive . 

Therefore ,  ou r  secon d mode l  i s  a  furthe r  extensio n tha t  learn s a  uniqu e se t  o f  attribut e weight s fo r  eac h 

concep t  description .  Ou r  empirica l  evidenc e indicate s tha t  thi s extensio n outperform s th e simpl e G C M 

proces s mode l  whe n th e domai n include s overlappin g concep t  description s wit h conflictin g attribut e 

relevancies . 

Keywords :  concep t  learning ,  concept-dependen t  attribut e weights ,  instance-base d concep t  descriptions , 

Generalize d Contex t  Model ,  categorizatio n 

1. MOTIVATION 

Researc h o n supervise d learnin g algorithm s an d categorizatio n model s shar e th e goa l  o f 

designin g a n intelligen t  concep t  learnin g mode l  an d associate d concep t  descriptio n 

representation .  O f  course ,  th e concentration s i n th e tw o disciphne s diffe r  (i.e. , 

computationa l  tractabilit y  an d psychologica l  plausibilit y  respectively) .  W e believ e tha t 

thes e tw o perspective s ar e complementar y an d mutuall y beneficial .  Fo r  example , 

supervise d learnin g strategie s ca n b e use d t o suppor t  processin g component s fo r  model s o f 

categorization . 

I n thi s pape r  w e introduc e tw o proces s model s fo r  categorization ,  eac h o f  whic h i s a n 

extensio n o f  Nosofsky' s (1986 ,  1987 )  Generalize d Contex t  Mode l  ( G C M ) .  Nosofsk y posite d 

tha t  a n attention-focusin g proces s learn s th e G C M ' s attribut e weights ,  bu t  n o suc h 

algorith m wa s described .  Ou r  firs t  model ,  G C M - S W (Singl e se t  o f  Weights) ,  i s  a 

principle d proces s mode l  tha t  learn s a  singl e se t  o f  attribut e weight s fo r  th e G C M (bu t  no t 

th e G C M ' s scal e o r  concep t  bia s parameters) .  Ou r  secon d model ,  G C M - M W (Multipl e 

set s o f  Weights) ,  combine s separat e progres s describe d i n th e machin e learnin g an d 

categorizatio n theor y literatures .  G C M - M W learn s a  separat e se t  o f  attribut e weight s an d 

concep t  descriptio n fo r  eac h concep t  (Aha ,  1989 )  i n Nosofsky' s G C M. 

Nosofsk y (1986 ;  1987 )  showe d tha t  th e G C M mode l  closel y fi t  huma n subjec t  dat a o n 

severa l  simpl e concep t  learnin g tasks .  However ,  it s  performanc e degrade s whe n th e 

concept s bein g learne d requir e conflictin g attribut e setting s t o optimiz e categorizatio n o f 
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their instances. Therefore, our contribution is twofold. First, we describe an algorithm for 

learnin g th e G C M ' s attribut e weights .  Second ,  w e sho w that ,  b y usin g separat e set s o f 

attribut e weights ,  th e proces s mode l  learn s mor e quickl y an d accuratel y durin g comple x 

concep t  learnin g tasks . 

G C M - SW an d G C M - M W ax e example s o f  instance-base d learnin g (IBL )  algorithms .  W e 

introduc e th e methodolog y an d framewor k fo r  IB L algorithm s i n th e followin g section . 

2. INSTANCE-BASED LEARNING AND THE PROCESS FRAMEWORK 

IB L algorithm s proces s a  sequenc e o f  trainin g instance s an d outpu t  a  se t  o f  concep t 

description s whos e accurac y ca n b e evaluate d b y a  disjoin t  se t  o f  tes t  instances .  IB L 

algorithm s proces s instance s incrementally ;  concep t  description s ar e update d afte r  eac h 

classificatio n attempt .  Eac h instanc e i s represente d wit h a  se t  o f  n  attribute-valu e pairs . 

Instance s represen t  uniqu e point s i n a n instanc e space ,  wher e eac h attribut e represent s on e 

dimensio n i n th e space. ^  Concep t  description s ar e update d afte r  eac h instanc e i s classified . 

Thes e description s m a p instance s t o a n interpretatio n o f  th e instanc e spac e calle d th e 

psychologica l  spac e (Shepard ,  1987) .  Concept s ar e union s o f  region s i n psychologica l  space . 

IB L algorithm s represen t  eac h concep t  descriptio n wit h a  se t  o f  instance s rathe r  tha n wit h 

abstraction s derive d fro m the m (i.e. ,  rules ,  decisio n trees) .  Th e extensio n o f  th e concep t 

descriptio n i n th e psychologica l  spac e i s mad e wit h respec t  t o a  similarit y functio n an d a 

classificatio n function .  IB L algorithm s neithe r  modif y no r  discar d informativ e instance s -

the y ar e simpl y adde d t o a  concep t  description .  Therefore ,  IB L algorithm s hav e lo w 

learnin g (updating )  cost s an d retai n th e concept-describin g informatio n presen t  i n specifi c 

instances . 

IB L algorithm s ar e specifie d b y a  framewor k consistin g o f  thre e components . 

1. First, a similarity function computes the continuously-valued similarity oi a training 

instanc e i  t o a n instanc e i n a  concep t  description . 

2.  Next, a classification function inputs the similarity function's results on all concept 

descriptio n instance s an d yield s a  probabilisti c  classificatio n o f  i  fo r  tha t  concept . 

3. Finally, a concept description updater is used to maintain summary information, such 

as attribut e weigh t  settings .  Input s includ e i ,  th e similarit y results ,  th e classificatio n 

results ,  an d th e concep t  descriptions .  I t  yield s th e modifie d concep t  descriptions . 

These components are sufficient to support the application and acquisition of concept 

descriptions .  Thi s framewor k specifie s a  spectru m o f  IB L models ,  obtaine d b y varyin g 

thes e components .  Ou r  model s wil l  b e describe d wit h respec t  t o thi s framework . 

3. LEARNING THE GCM'S ATTRIBUTE WEIGHTS 

Thi s sectio n introduce s a  proces s mode l  interpretatio n o f  Nosofsky' s G C M (1986 ,  1987) . 

Thi s mode l  i s describe d usin g th e framewor k introduce d i n Sectio n 2 . 

^I n thi s paper ,  w e restric t  attribut e value s t o b e eithe r  Boolean ,  nominal ,  o r  continuously-valued . 
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T a b l e 1 :  T h e attribut e weigh t  updatin g algorithm ,  wher e th e input s ar e th e curren t  trainin g instanc e x , 

curren t  concep t  descriptio n D ,  an d Classguess(i )  (th e predicte d classificatio n o f  a;) .  Variabl e \  i s  th e highe r 

relativ e observe d clas s frequenc y o f  ar' s actua l  an d it s predicte d class .  Variabl e y  i s ar' s mos t  simila r  neighbo r 

tha t  i s  als o i n x' s predicte d class .  Sinc e th e instance s ar e normalized ,  ste p 3  yield s a  valu e i n [0,1] . 

1. LET A = max(0bservedRelativeFrequency(Class(z)),0bservedRelativeFrequency(Clas8gue8s(a;))) 

2.  L E T y  =  { d €  D |  Vd '  e  I > {Cla8s(d')=Classguess(x )  &  Similarity(a;,(i )  >  Similarity(a:,d')} } 
3.  L E T differenc e =  |x a -  ya \ 

4.  I F (I' s  classificatio n wa s correctl y predicted ) 

T H E N incremen t  =  (l-A)x(l-difference ) 

E L S E incremen t  =  (l-A)xdifferenc e 

5.  total-attribute-weight a =  total-attribute-weight a +  incremen t 

6.  total-possible-attribute-weight a =  total-possible-attribute-weight a +  (1-A ) 

3.1 GCM-SW: An Interpretation of the Generalized Context Model 

Our  interpretatio n o f  Nosofsky' s Generalize d Contex t  Mode l  i s name d G C M - S W. 

3.1.1 Similarity Function: The distance between instances x and y in an n-dimensional 

instanc e spac e i s define d as:' ^ 

Distance(x ,  y )  =  .  /  Z )  Weight„(x a -  ya Y (1 ) 
Y a=l, n 

Similarity is subsequently defined as: 

Similarity(x,y) = e-Distance(x,y)^ (2) 

3.1.8 Classification Function: The probability of classifying x in concept c is defined as:^ 

Prfc x) = ^vec<^('=) Siniilarity(x, y) 

Ece c Eyecdic )  Similarity(a; ,  y ) 

where cd{c) is the set of instances in c's concept description and C is the set of concepts to 

be learned . 

3.1.3 Concept Description Updater: All training instances are saved in a single concept 

description .  G C M - S W ' s attribut e weight s ar e define d a s follows :  (fo r  eac h attribut e a)" * 

TT, . , / total-attribute-weight- ^ „ «^ 
Weight y =  max i  — 2_a_ ^  o.5,0) .  (4 ) 

total-possible-attnbute-weight y 

The attribute weights are updated after each training instance x is classified. Its most 

simila r  neighbo r  y  i n th e concep t  descriptio n i s use d t o updat e th e weights ,  a s describe d i n 

Tabl e 1 .  Th e total-attribute-weigh t  i s incremente d b y a  fractio n o f  tha t  adde d t o th e 

total-possible-attribute-weighta .  Th e total-attribute-weight' s rewar d i s hig h whe n i t  assist s 

^Missin g i s Nosofsky' s tca h parameter ,  whic h reflect s overal l  discriminabilit y  i n a  psychologica l  spac e (i.e. ,  i t  increeise s wit h 
increasin g domai n knowledge) .  Thi s parameter' s effec t  i s  a n emergen t  propert y o f  GCM-SW' s learnin g behavior . 

^Missin g ar e Nosofsky' s concep t  bia t  parameters ,  whic h involv e othe r  topic s o f  attentio n tha t  w e d o no t  addres s here . 
*  Attribut e weigh t  value s ar e define d i n th e rang e [0,0.5 ]  instea d o f  [0,1 ]  becaus e (1 )  a n irrelevan t  attribute' s tota l  attribut e 

weigh t  i s  expecte d t o b e hal f  it s  tota l  possibl e attribut e weigh t  an d (2 )  w e weinte d irrelevan t  attribute s t o hav e 0  weight . 
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making a correct classification decision and is low otherwise. More specifically, its 

incremen t  i s hig h whe n eithe r  (1 )  a  correc t  classificatio n occur s an d th e instances '  attribut e 

value s ar e simila r  t o eac h othe r  o r  (2 )  a n incorrec t  classificatio n occur s an d the y ar e 

dissimilar .  Otherwise ,  th e total-attribute-weight' s adden d i s smal l  sinc e th e attribute' s 

valu e di d no t  assis t  i n predictin g th e correc t  classification .  Thi s algorith m attend s t o 

classe s wit h lo w observe d relativ e frequenc y i n orde r  t o overcom e highl y skewe d concep t 

frequenc y distributions . 

Finally ,  th e weight s ar e linearl y scale d t o su m t o 1 .  Thi s simulate s th e distributio n o f 

resource-limite d "attention "  acros s attribute s (Nosofsky ,  1986 ;  1987) . 

The weight-learnin g algorith m i s bes t  explaine d wit h a n example .  Fo r  thi s purpos e w e wil l 

stud y G C M - S W ' s abilit y  t o lear n th e concep t  "Ph.D .  student "  fro m instance s (people ) 

describe d wit h thre e Boolea n attribute s ("i s enrolled","ha s M.S .  degree" ,  an d "i s 

married") .  Suppos e tha t  G C M - S W ha s bee n traine d o n 4  instances ,  onl y on e o f  whic h wa s 

a Ph.D .  studen t  (wit h attribut e value s <True,True,True>) ,  th e resultan t 

total-attribute-weight s setting s ar e (0.65,0.65,0.65) ,  an d th e total-possible-attribute-weight s 

ar e al l  0.75 .  I f  th e fifth  instanc e i s incorrectl y classifie d a s a  Ph.D .  studen t  an d ha s 

attribut e value s <False,False,True > (i.e. ,  no t  enrolled ,  n o M.S. ,  married) ,  the n th e ne w 

total-attribute-weigh t  setting s ar e (0.8,0.8,0.65 )  an d th e total-possible-attribute-weight s ar e 

al l  1.0 .  Finally ,  i f  th e sixt h instanc e i s correctl y classifie d a s a  Ph.D .  studen t  an d ha s 

attribut e value s <True,False,False > (i.e. ,  enrolled ,  n o M.S. ,  unmarried) ,  the n th e ne w 

total-attribute-weigh t  setting s ar e (1.6,0.8,0.65 )  an d th e ne w 

total-possible-attribute-weight s ar e 1.8 .  Thi s indicate s tha t  G C M - S W ha s learne d tha t  th e 

attribut e "i s enrolled "  i s mor e predictiv e o f  th e Ph.D .  clas s tha n eithe r  "ha s M.S .  degree " 

or  "i s married. "  Goo d attribut e predictor s wil l  hav e highe r  attribut e weight s tha n les s 

relevan t  attributes . 

3.2 The Utility of the GCM-SW Model 

The G C M - S W algorith m increase s concep t  learnin g rat e b y allowin g relevan t  attribute s t o 

hav e greate r  influenc e i n similarit y calculation s and ,  subsequently ,  classificatio n decisions . 

W h en learnin g task s involv e concept s wit h conflictin g attribut e relevancies ,  G C M - S W 

learn s concep t  description s mor e quickl y tha n doe s th e equivalen t  algorith m tha t  weight s 

al l  attribute s equally .  W e studie d G C M - S W ' s learnin g behavior ,  wit h an d withou t  learnin g 

attribut e weights ,  i n a  domai n describe d b y twelv e Boolea n attributes .  Instance s wer e 

randoml y draw n fro m a  unifor m distributio n o f  th e instanc e space .  Onl y positiv e instance s 

had value s o f  1  fo r  thei r  first  attribute .  Th e resultin g learnin g curv e (Figur e 1 )  indicate s 

tha t  G C M - S W learn s th e concep t  fa r  mor e quickl y whe n attribut e weight s ar e learned . 

G C M - SW assign s th e sam e initia l  weigh t  t o eac h attribute .  A s trainin g progresses ,  th e 

relevan t  attribute' s weigh t  increase s whil e th e irrelevan t  attributes '  weight s decrease . 

Figur e 2  summarize s G C M - S W ' s weight-learnin g behavio r  fo r  thi s concep t  learnin g task . 

3.3 A Limitation of the GCM-SW Model 

Nosofsk y (1986 ,  1987 )  di d no t  appl y th e G C M t o comple x concep t  learnin g tasks .  I n 

particular ,  concept s wer e assume d t o b e disjoint .  The y wer e als o assume d t o exhaus t  th e 

instanc e space .  Thes e simphfication s limi t  th e GCM' s learnin g capabilities . 
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Averag e Percen t  Classificatio n Accurac y 

100 % ;;;s»s»aBB B 
G C M - SW 

G C M - SW minu s weight-learnin g 
»•  •  o 

0 2 0 4 0 6 0 8 0 10 0 

Number  o f  Trainin g Instance s 

Figure 1: Average percent classification accuracies (over 25 trials) of GCM-SW with and without its 

attribut e weight-leeirnin g capability .  Th e rat e o f  learnin g i s increase d whe n attribut e weight s ar e learned . 

Averag e Attribut e Weigh t 

1.0 -
Relevan t  Attribut e 

Al l  Othe r  Attribute s 

0 2 0 4 0 6 0 8 0 10 0 

Number  o f  Trainin g Instance s 

Figure 2: GCM-SW's average (25 trials) attribute weight settings during training. The relevant attribute's 

weigh t  i s quickl y distinguishe d fro m th e irrelevan t  attributes '  weights . 

The GCM was designed to model the attention-optimization hypothesis, which posits that 

h u m a ns optimiz e thei r  classificatio n performanc e b y distributin g thei r  attentio n a m o n g th e 

give n attributes .  T o satisf y thi s assumption ,  th e G C M ' s representatio n need s t o b e 

extende d t o simultaneousl y lear n overlappin g concept s whic h requir e conflictin g attribut e 

weigh t  setting s t o optimiz e classificatio n performance .  I n Sectio n 4 ,  w e presen t  G C M - M W, 

an extensio n o f  th e G C M tha t  ca n lear n overlapping ,  non-exhaustiv e concep t  descriptions , 

wher e eac h concep t  i s  associate d wit h a  uniqu e se t  o f  attribut e weights .  W e sho w tha t 

G C M - MW ha s a  faste r  learnin g rat e tha n G C M - S W fo r  thes e concep t  learnin g tasks . 

4. LEARNING MULTIPLE PSYCHOLOGICAL SPACES 

Our  extensio n o f  th e G C M - S W algorith m i s G C M - M W,  whic h learn s a  separat e se t  o f 

attribut e weight s fo r  eac h concep t  descriptio n bein g learned .  Lik e G C M - S W,  G C M - M W i s 

bes t  describe d a s a n instantiatio n o f  ou r  instance-base d proces s framework . 

4.1 GCM-MW: An Extension of the Generalized Context Model 

4.1. 1 Similarit y Function :  G C M - M W 's similarit y functio n i s concept-dependent ,  bu t 

otherwis e identica l  t o tha t  use d i n G C M - S W.  Th e distanc e betwee n instance s x  an d y  i n 

an n-dimensiona l  instanc e spac e wit h respec t  t o a  concep t  c  i s define d as : 

Distance(c,a: ,  J/ )  =  .  J 2 Weight̂ (̂a; o -  ya Y (5 ) 
a=l, n 
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Similarity is subsequently defined as: 

Similarity(c, x, y) = e-Distance(c,x,y)' (6) 

Similarity is concept-dependent. For example, we would expect that, for any tiger t and cat 

c,  Similarity(anima/,<,c )  i s greate r  tha n Similarity(pe<,<,c) . 

4.1. 2 Classificatio n Function :  Th e probabilit y  o f  classifyin g x  i n concep t  c  is : 

Prfc x) = i:y€c<^(c)Similarity(c,x,y) 

^  EcecEvec<i(c)Similarity(c,x,y )  ^  ̂  

where cd{c) is the set of instances in c's concept description and C is the set of concepts to 

be learned .  (Not e tha t  instance s i n cd{c )  ar e eithe r  positiv e o r  negative. ) 

4.1. 3 Concep t  Descriptio n Updater :  Finally ,  weigh t  learnin g i n G C M - M W i s th e sam e ai s i n 

G C M - SW excep t  tha t  eac h concep t  descriptio n ha s a  separat e se t  o f  weights . 

„, . , , total-attribute-weight. „ „ „x 
Weight ,  = m a x (  — ^ - ^ ,  0.5,0 .  (8 ) 

total-possible-attnbute-weigh t  ̂ ^ 

In our previous example, we saw that being enrolled in a Ph.D. program Wcis highly 

diagnosti c o f  th e Ph.D .  class .  However ,  i f  G C M - S W wa s simultaneousl y tryin g t o leax n th e 

concep t  o f  bein g married ,  th e attribut e weigh t  fo r  "i s enrolled "  woul d decrease . 

Subsequently ,  thi s attribut e woul d hav e les s impac t  o n classifyin g peopl e a s Ph.D . 

students .  G C M - M W avoid s thi s conflic t  b y maintainin g a  separat e se t  o f  attribut e weight s 

and descriptio n fo r  eac h concep t  bein g learned . 

Updatin g th e attribut e weight s afte r  eac h classificatio n continuousl y change s a  concept' s 

similarit y function .  Thi s notio n wa s originall y capture d b y Salzberg' s (1988 ) 

exemplar-base d system ,  whic h inspire d ou r  wor k o n weight-learnin g algorithms .  W e 

extende d Salzberg' s algorith m b y (1 )  removin g a n ad-ho c paramete r  tha t  require d differen t 

setting s fo r  eac h domain ,  (2 )  definin g ho w i t  learn s weight s fo r  continuously-value d 

attributes ,  an d (3 )  extendin g i t  t o lear n attribut e weight s separatel y fo r  eac h concept . 

Thus ,  G C M - M W learn s similarit y function s independentl y fo r  eac h concep t  description . 

Thi s i s a n importan t  capabilit y  fo r  distinguishin g differen t  context s durin g classificatio n 

and othe r  proble m solvin g tasks . 

I n summary ,  G C M - M W i s a n incrementa l  concep t  learnin g algorith m tha t  update s it s 

concep t  description s afte r  classifyin g eac h trainin g instanc e an d learn s th e appropriat e 

attribut e weigh t  setting s fo r  eac h concept .  Furthermore ,  G C M - M W 's concep t  description s 

need no t  exhaus t  th e instanc e spac e no r  b e disjoint .  Finally ,  sinc e G C M - M W employ s a 

separat e interpretatio n o f  th e instanc e spac e fo r  eac h concept ,  i t  ca n represen t  independen t 

and overlappin g concep t  descriptions . 

4.2 The Utility of the GCM-MW Model 

G C M - MW model s th e attention-optimizatio n hypothesi s eve n whe n th e learne d concep t 

description s overla p an d diife r  i n thei r  attribut e weigh t  settings .  W e applie d G C M - S W an d 

G C M - MW t o a n instanc e spac e describe d b y five  numeric-value d attribute s whos e value s 
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Averag e Percen t  Classificatio n Accurac y 
100 % 
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Number  o f  Trainin g Instance s 

Figure 3: Average learning curves (over 25 trials) on a domain with five overlapping and non-exhaustive 
concepts .  G C M - MW leeûn s mor e quickl y b y buildin g independen t  description s fo r  eac h concept . 

range in [0,100]. This space contains five overlapping and non-exhaustive concepts. Each 

concep t  i s define d i n term s o f  a  singl e attribute .  Fo r  eac h n  G  [1,5] ,  th e n*' '  concept' s 

instance s hav e value s greate r  tha n 5 0 i n thei r  n*' '  attribute .  Instance s ar e randoml y draw n 

fro m a  unifor m distributio n ove r  th e instanc e spac e an d ca n b e member s o f  an y subse t 

(possibl y empty )  o f  th e five  concepts . 

Th e learnin g curv e i n Figur e 3  summarize s th e application s o f  thes e tw o algorithm s t o thi s 

domain .  I n summary ,  G C M - M W learn s th e concepts '  description s mor e quickl y becaus e i t 

build s a n independen t  interpretatio n o f  th e instanc e spac e fo r  eac h concept. ^  I n effect , 

G C M - MW simultaneousl y learn s multipl e psychologica l  spaces . 

5. SOME LIMITATIONS AND FUTURE WORK 

Whil e G C M - M W perform s wel l  alon g a  numbe r  o f  dimensions ,  i t  ha s severa l  limitations . 

First ,  w e hav e incorrectl y define d similarit y suc h tha t  th e similarit y betwee n tw o instance s 

canno t  increas e wit h additiona l  attribut e comparisons ,  eve n whe n th e additiona l  attribut e 

value s indicat e tha t  thes e instance s ar e similar .  W e pla n t o experimen t  wit h variant s o f 

Tversky' s (1977 )  contras t  model ,  whic h define s similarit y bot h i n term s o f  attribut e valu e 

commonalitie s an d (directed )  differences ,  i n a n attemp t  t o solv e thi s problem . 

Also ,  G C M - M W 's classificatio n function' s behavio r  i n th e presenc e o f  million s o f  attribute s 

and/o r  instance s i s needlessl y expensive .  Som e contro l  i s  neede d s o tha t  similaritie s ar e 

compute d onl y fo r  relevan t  instance s (i.e. ,  thos e i n th e concept' s descriptio n tha t  ar e mos t 

simila r  t o th e instanc e bein g classified) .  W e pla n t o explor e th e rol e o f  attentio n an d 

intelligen t  indexin g scheme s i n th e futur e (McNulty ,  1988) . 

We pla n t o demonstrat e ho w IB L model s ca n lear n non-norma l  categor y distributions . 

Neumann (1977 )  presente d evidenc e tha t  peopl e ca n lear n suc h distributions .  Moreover , 

Frie d an d Holyoa k (1984 )  argu e tha t  onl y instance-base d model s ca n describ e non-norma l 

categor y distributions . 

We woul d als o lik e t o determin e whethe r  th e G C M - S W an d G C M - M W model s simulat e 

human categorizatio n behavio r  o n comple x concep t  learnin g tasks .  Whil e Nosofsk y (1986 , 

1987 )  showe d tha t  th e G C M mode l  ca n closel y fit  huma n subjec t  dat a o n simpl e tasks ,  h e 

^Preliminiir y experiment s indicat e tha t  G C M - S W ' s dassificatio n acciirac y begin s t o approac h G C M - M W 's afte r  processin g 
severa l  thousan d instance s fro m thi s domain . 
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did not describe how it behaves when concept descriptions overlap and have conflicting, 

optima l  attribute-weigh t  settings . 

6. SUMMARY 

I n thi s paper ,  w e introduce d tw o instance-base d proces s models ,  G C M - S W an d G C M - M W. 

Bot h model s ar e base d o n Nosofsky' s (1986 ,  1987 )  generalize d contex t  model .  W e 

introduce d a  simpl e algorith m fo r  learnin g G C M ' s attribut e weights .  W e hav e als o argue d 

tha t  a  separat e se t  o f  relativ e attribut e weight s fo r  eac h concep t  description ,  a s use d i n 

G C M - M W,  i s neede d t o represen t  an d accuratel y lear n comple x concep t  description s (i.e. , 

overlapping) .  G C M - M W ca n lear n independen t  an d overlappin g concep t  description s b y 

developin g a  separat e psychologica l  spac e fo r  eac h concep t  t o b e described . 

However ,  ou r  mode l  ha s severa l  limitations .  Fo r  example ,  similarit y shoul d no t  increas e 

monotonicall y wit h fewe r  number s o f  attributes .  Also ,  ou r  instance-base d mode l  needlessl y 

compute s th e similarit y o f  a n instanc e wit h al l  previousl y observe d instance s fo r  eac h 

classification .  I t  shoul d instea d comput e similaritie s fo r  onl y a  relevan t  subse t  o f  th e 

instances .  W e pla n t o exten d ou r  mode l  i n thes e an d othe r  direction s i n th e future . 
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