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Universit y o f  Nort h Carolin a 

Chjiriotte ,  N C 2822 3 

mirsa d @ unc c va x .uncc.ed u 

Abs t rac t 

Existin g concep t  formatio n system s emplo y divers e 

representatio n formalisms ,  rangin g fro m logiai l  t o proba -

bilistic ,  t o describ e acquire d concepts .  Thos e system s ar e 

usuall y evaluate d i n term s o f  thei r  predictio n performanc e 

and/o r  psychologica l  validity .  Th e evaluatio n studies , 

however ,  fai l  t o tak e int o accoun t  th e underlyin g concep t 

representatio n a s on e o f  th e parameter s tha t  influenc e th e 

syste m performance .  So ,  whateve r  th e outcome ,  th e per -

formanc e i s  boun d t o b e interprete d a s 'representation -

specific '  Thi s pape r  evaluate s th e performanc e o f  INC2 , 

an incrementa l  concep t  formatio n system ,  relativ e t o th e 

languag e use d fo r  representin g concepts .  Th e stud y 

include s th e whol e continuum ,  fro m logica l  t o probabilis -

ti c  representation .  Th e result s demonstrat e th e correctnes s 

of  ou r  assumptio n tha t  performanc e doe s depen d o n th e 

chose n concep t  representatio n language . 

Introduction 

Concept s li e a t  th e cor e o f  huma n thought ,  perception , 

speech ,  an d action .  Consequently ,  th e issu e o f  concep t 

formatio n represent s a n importan t  researc h proble m o f 

interes t  t o researcher s fro m divers e disciplines ,  includin g 

psychology ,  philosophy ,  linguistics ,  an d artificia l  intelli -

gence .  Th e sectio n o n concep t  formatio n partiall y  sum -

marize s pas t  wor k i n th e abov e disciplines . 

O ne o f  th e far-reachin g decision s t o b e mad e b y ever y 

investigator/syste m designe r  i s  th e language(s )  fo r 

representin g concept s an d instances .  Th e representatio n 

languag e define s no t  onl y h o w easil y a  concep t  ca n b e 

learned ,  but ,  mor e importantly ,  wha t  kin d o f  concep t  ca n 

be acquired .  Also ,  i t  seem s plausibl e tha t  th e sam e 

representatio n canno t  b e equall y wel l  suite d fo r  differen t 

task s i n dififeren t  applicatio n domain s unde r  differen t  cir -

cumstances .  Therefore ,  th e goa l  o f  thi s pape r  i s t o evalu -

at e th e relationshi p betwee n performanc e an d representa -

tio n languag e i n concep t  formatio n systems .  Tli e 'Concep t 

Representation '  sectio n provide s a  brie f  overvie w o f 

Thi s wor k wa s suppxxte d b y th e grant s from  th e Colleg e o f 
EngJoeenn g an d th e Offic e o f  Academi c AfEurs ,  UNCC. 

differen t  representatio n formalisms ,  whil e th e followin g 

sectio n explain s th e specific s o f  tw o evaluatio n methods , 

i.e. ,  predictio n accurac y an d psychologica l  validity . 

The experimenta l  too l  use d i n thi s proces s i s  INC 2 

(Hadzikadi c an d Elia ,  1991 ;  Hadzikadi c an d Yun ,  1989) , 

an incremental ,  similarity-base d concep t  formatio n sys -

tem.  Th e INC2' s architecture ,  briefl y explaine d i n th e 

'Representatio n Continuum '  section ,  allow s u s t o easil y 

modif y it s  representatio n languag e bot h staticall y an d 

dynamicall y i n orde r  t o understan d a  potentia l  correlatio n 

betwee n performanc e an d representation . 

The remainin g section s o f  th e pape r  summariz e th e 

result s o f  ou r  analysi s wit h respec t  t o bot h predictio n per -

formanc e an d psychologica l  evaluation . 

Concept Formation 

Concep t  formatio n refer s t o th e incrementa l  proces s o f 

constructin g a  hierarch y o f  concep t  description s 

(categories )  whic h characteriz e object s i n a  give n domain . 
A syste m whic h ca n accomplis h thi s tas k ca n b e use d bot h 

as a n ai d i n organizin g an d summarizin g comple x dat a an d 

as a  retrieva l  syste m whic h ca n predic t  propertie s o f  previ -

ousl y unsee n objects .  Suc h a  syste m wil l  b e usefii l  i n 

domain s wher e knowledg e i s incomplet e o r  classification s 

and/o r  huma n expert s d o no t  exist . 

Most  existin g concep t  formatio n system s us e hill -

climbin g method s t o find  suboptima l  clustering s o f  object s 

t o b e characterized .  Si x existin g system s whic h shar e al l 

of  th e abov e feature s ar e C O B W EB (Fisher ,  1987) ,  C L A S -

Sr r  (Gennari ,  Langley ,  an d Fisher ,  1989) ,  U N I M E M 

(Lebowitz ,  1987) ,  C Y R U S (Kolodner ,  1984) ,  W I T T (Han -

son an d Bauer ,  1989) ,  an d INC 2 (Hadzikadi c an d Elia , 

1991) . 

Researcher s fro m discipline s othe r  tha n compute r  sci -

ence ,  e.g. ,  psychology ,  philosophy ,  an d linguistics ,  hav e 

bee n ver y activ e i n thi s are a a s well .  Fo r  example , 

Wittgenstein' s researc h (1953 )  i s associate d wit h th e idea s 

of  famil y resemblance .  Famil y resemblanc e introduce s th e 

ide a tha t  member s o f  a  categor y ma y b e relate d t o on e 

anothe r  withou t  al l  member s havin g an y propertie s i n 

conmio n tha t  defin e tha t  category . 

Brow n (1958 )  begin s th e stud y o f  wha t  wil l  late r 
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become know n a s basic-leve l  categories .  Basic-leve l 

categorizatio n place s th e cognitivel y basi c categorie s i n 

th e 'middle '  o f  a  gcneral-to-spec i  fie  hierarchy .  Gcncrali/a -

tio n an d specialization ,  then ,  procee d upwar d an d down -

ward ,  respectively ,  fro m th e basi c level . 

Finally ,  Rosc h an d he r  collaborator s (1976 )  sugges t  tha t 

though t  i n genera l  i s  organize d i n term s o f  prototype s 

('best '  examples )  an d basic-leve l  structures .  Thei r  wor k 

estabUshe s researc h paradigm s i n cognitiv e psycholog y fo r 

demonstratin g famil y resemblanc e an d basic-leve l 

categorization . 

Concept Representation 

The syste m tha t  establishe d th e field  o f  conceptua l  cluster -

ing ,  C L U S T E R / 2 (Michalsk i  an d Stepp ,  1983 )  use d a 

logic-base d representatio n t o represen t  bot h instance s an d 

concepts .  Th e concept s wer e represente d a s conjunction s 

of  necessar y an d sufiBcien t  feature s (logi c expressions) . 

The membershi p i n a  clas s wa s define d a s al l  o r  none , 

dependin g o n whethe r  th e instance s possesse d th e require d 

feature s o r  no t 

I n contrast ,  man y researcher s (a s indicate d i n th e previ -

ous section )  hav e suggeste d tha t  som e instance s ar e bette r 

example s o f  th e concep t  tha n others ,  an d tha t  instance s o f 

th e concep t  ar e distribute d al l  ove r  th e spac e define d b y 

th e concep t  features .  Th e bes t  exampl e (prototype )  i s th e 

cente r  o f  tha t  space ,  wit h 'good '  example s gravitatin g 

towar d th e center ,  whil e th e 'bad '  one s li e a t  th e concept' s 

periphery .  Clearly ,  a  logic-base d representation ,  i n it s  ori -

gina l  form ,  canno t  captur e suc h distributiona l  information . 

Probabilisti c  concep t  representation s (Smit h an d Medin , 

1981) ,  however ,  handl e thi s proble m easil y b y associatin g 

a probabilit y  (weight )  wit h eac h featur e o f  a  concep t 

definition .  Thi s weigh t  i s  usuall y implemente d a s th e con -

ditiona l  probabilit y  p( f  \C )  o f  th e featur e /  s  presence , 

give n categor y C .  I n literature ,  i t  i s  ofte n referre d t o a s 

categor y validit y o f  th e feature .  Th e retrieva l  an d predic -

tion,  usin g probabilisti c  concepts ,  ar e usuall y base d o n th e 

compariso n betwee n th e su m o f  Ui e featur e weight s an d a 

give n Uireshol d (Smit h an d Medin ,  1981) .  Bot h 

C O B W EB an d I N C 2 system s ar e base d o n a  hierarchica l 

probabilisti c  representatio n o f  concepts ,  wher e th e 

hierarchica l  structur e elinunate s th e weaknes s o f  simpl e 

probabilisti c  representations ,  namel y thei r  inabilit y  t o cap -

tur e non-linea r  correlation s amon g featiires . 

Probabilisti c  representation s ar e mor e genera l  tha n Ui e 

logic-base d one s i n a  sens e tha t  th e forme r  ca n simulat e 

th e latte r  b y droppin g al l  feature s wit h th e categor y proba -

bilit y  o f  les s tha n 1.0 .  I n addition ,  i t  i s  eas y t o imagin e a 

continuu m o f  probabilisti c  representation s whic h diffe r  i n 

th e valu e o f  thei r  featur e dro p threshold .  Th e dro p thres -

hol d wil l  rang e fro m 0. 0 (mitia l  probabilisti c  representa -

tion)  t o 1. 0 (logi c representation) . 

P e r f o r m a n c e T a s k s 

The choic e o f  th e dro p threshol d (an d ultimatel y th e 

representation )  m a y influenc e th e performanc e o f  th e sys -

tem.  Predictio n an d psychologica l  validit y Jir e th e tw o 

perfonnanc e task s mos t  frequentl y use d i n concep t  forma -

tio n systems . 

Predictio n refer s t o th e proces s o f  drawin g inference s i n 

regar d t o th e categor y membershi p o f  previousl y unsee n 

instances .  I t  assume s existenc e o f  tw o ke y components :  (1 ) 

a se t  o f  concept s know n t o th e system ,  an d (2 )  a  domain -

independen t  heuristi c whic h indicate s th e likelihoo d o f 

eac h concep t  bein g th e targe t  category .  Concep t  formatio n 

system s usuall y rel y o n heuristic s develope d i n psychol -

og y t o guid e th e classificatio n process .  Fo r  example ,  I N C 2 

utilize s th e contras t  mode l  (Tversky ,  1977 )  t o comput e th e 

similarit y betwee n tw o objects/concept s an 6 famil y resem -

blanc e (Wittgenstein ,  1953 )  t o decid e whethe r  t o plac e a n 

objec t  int o th e categor y o r  no t  O n th e otiie r  hand , 

C O B W EB make s us e o f  categor y utilit y  (Gluc k an d 

Corter ,  1985 )  t o find  th e optima l  clusterin g a t  eac h leve l  o f 

th e hierarchy . 

Psychologica l  validity ,  o n th e othe r  hand ,  emphasize s 

di e importanc e o f  psychologica l  findings  (huma n subjec t 

studies )  an d measure s th e exten t  o f  thei r  overla p wit h th e 

result s o f  th e concept-formatio n systems .  Thes e findings 

includ e typicality ,  basi c leve l  categories ,  an d intra -  an d 

inter-categor y similarity .  M o r e ofte n tha n not ,  concep t 

formatio n system s rel y o n thei r  heuristi c evaluatio n func -

tion  (categor y validit y i n C O B W E B;  contras t  mode l  an d 

famil y resemblanc e i n INC2 )  t o demonsti-at e 'human-like ' 

performanc e a s a  sid e effect . 

Representation Continuum 

Th e experimenta l  too l  use d i n thi s evaluatio n stud y i s 

INC2 ,  a n incrementa l  concep t  formatio n syste m whic h 

build s a  hierarch y o f  concep t  descriptions .  Th e leave s o f 

th e hierarch y ar e object s (singleto n concepts) .  Th e roo t  o f 
th e hierarch y ha s associate d wit h i t  a  descriptio n whic h i s 

a summar y o f  Ui e description s o f  al l  object s see n t o dat e 

by th e system . 

I n additio n t o feature s an d hierarchica l  pointers ,  eac h 

concep t  descriptio n contain s a n estimat e o f  it s  cohesive -

ness ,  give n i n th e for m o {  famil y resemblanc e (Wittgen -

stein ,  1953) .  Famil y resemblanc e i s define d a s th e averag e 

similarit y betwee n al l  possibl e pair s o f  object s i n a  give n 

category .  Th e similarit y functio n use d b y I N C 2 represent s 

a variatio n o f  th e contras t  mode l  (Tversky ,  1977) ,  whic h 

define s th e similarit y betwee n a n objec t  an d a  categor y a s 

a linea r  combinatio n o f  boti i  conuno n an d distinctiv e 

features .  A s a  result ,  I N C 2 implement s a  hill-climbin g 

strateg y whic h encourage s advancemen t  towar d th e maxi -

mal  improvemen t  o f  th e hierarch y a s measure d b y th e 

increas e i n th e famil y resemblanc e o f  th e hos t  concept . 
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I N C 2 use s a  probabilisti c  representatio n t o stor e con -

cep t  descriptions .  A  descriptio n o f  eac h concep t  C  i s 

define d a s a  se t  o f  feature s /  (attribute-valu e pairs) .  Eac h 

featur e ha s a  conditiona l  probabilit y  p i f  \C )  associate d 

wit h it .  Thus ,  representin g th e colo r  featur e o f  re d apple s 

woul d tak e th e for m {colo r  re d 0.75) .  Th e 0.7 5 mean s tha t 

m e m b e rs o f  thi s categor y ar e re d 7 5 % o f  th e time .  Sinc e 

m e m b e rs o f  a  give n concep t  m a y resid e i n distinc t  portion s 

of  th e hierarchy ,  th e adopte d representatio n formalis m i s 

referre d t o a s a  distribute d probabilisti c  concep t  hierar -

chy . 

The onl y threshol d introduce d i n I N C 2 i s a  dro p thres -

hold .  Thi s threshol d allow s fo r  concep t  description s t o b e 

eithe r  probabilisti c  o r  logical .  I t  ca n b e se t  anywher e 

betwee n 0. 0 an d 1.0 ,  an d mean s tha t  an y featur e wit h th e 

conditiona l  probabilit y  belo w thi s threshol d shoul d b e 

dropped '  fro m th e concep t  description .  Th e valu e o f  1. 0 

fo r  thi s threshol d woul d yiel d a  logica l  concep t  descrip -

tion .  I t  i s  eas y t o imagin e system s wit h differen t  value s fo r 

th e dro p threshold ,  e.g. ,  0.7 5 (eac h instanc e shoul d hav e a t 

leas t  3/ 4 o f  th e feature s i n c o m m o n wit h othe r  instance s o f 

th e category) ,  o r  0. 5 (a t  leas t  1/ 2 c o m m o n features) . 

Th e dro p threshol d i s stati c i n nature ,  i.e. ,  th e sam e 

valu e i s use d a t  ever y leve l  o f  th e hierarch y an d fo r  al l 

instances ,  n o matte r  wha t  thei r  tim e o f  arriva l  o r  pat h o f 

incorporatio n happen s t o be .  However ,  th e natur e o f 

classificatio n call s fo r  a  dynamicall y adjuste d threshol d 

rathe r  tha n a  fixed  one .  Fo r  example ,  al l  feature s ar e 

importan t  a t  th e to p leve l  o f  th e hierarchy ,  n o matte r  h o w 

lo w thei r  probabilitie s migh t  be ,  du e t o th e diversit y o f 

object s i n th e domai n a s wel l  a s th e potentia l  nois e i n 

obje a descriptions .  Therefore ,  th e dro p threshol d shoul d 

be se t  clos e t o 0.0 .  A t  th e lowe r  level s o f  th e hierarchy , 

however ,  certai n pattern s hav e bee n detected ,  resultin g i n 

hig h conditiona l  probabilitie s fo r  'relevant '  feature s an d 

lo w probabilitie s fo r  th e one s no t  significantl y presen t  i n 

thos e patterns .  Sinc e al l  categorie s a t  th e lowe r  level s 

hav e fe w members ,  al l  th e feature s foun d i n thei r  descrip -

tion s wil l  hav e relativel y hig h conditiona l  probabilities . 

To avoi d th e interferenc e o f  irrelevan t  feature s wit h th e 

retrieva l  process ,  th e dro p threshol d shoul d b e se t  clos e t o 

1.0 .  Th e intCTmediat e categorie s will ,  then ,  requir e th e 

dro p threshol d somewher e betwee n 0. 0 an d I.O ,  dependin g 

on th e leve l  o f  th e hierarch y (th e lowe r  th e level ,  th e 

highe r  th e dro p threshold) . 

I n orde r  t o accommodat e thi s typ e o f  reasoning ,  I N C 2 

relie s o n famil y resemblanc e t o provid e a n estimat e o f  th e 

dro p threshol d value .  Famil y resemblanc e i s naturall y se t 

clos e t o 0. 0 a t  th e roo t  (summarizin g th e whol e universe ) 

and t o 1. 0 a t  th e leaves .  Consequently ,  I N C 2 automaticall y 

set s th e dro p threshol d t o th e valu e o f  th e famil y resem -

blanc e o f  th e paren t  categor y durin g bot h classificatio n 

and retrieval .  Tha t  valu e increase s wit h th e objec t  travers -

in g th e hierarch y downward .  INC2 ,  therefore ,  perform s a 

context-sensitiv e classification/retrieva l  du e t o it s adaptiv e 

behavio r  tha t  change s fro m leve l  t o leve l  o f  th e hierarchy . 

I n tha t  process ,  I N C 2 use s dififeren t  representation s t o 

describ e objects/categorie s a t  differen t  level s o f  th e hierar -

chy ,  possibl y movin g fro m th e probabilisti c  representatio n 

(dro p threshol d =  0.0 )  a t  th e to p leve l  t o th e logica l  on e 

(dro p threshol d =  1.0 )  a t  th e leaves . 

Th e ide a o f  a  dynamicall y adjuste d dro p threshold ,  cou -

ple d wit h th e fac t  tha t  feature s ar e onl y droppe d tem -

poraril y  (unti l  th e changin g environmen t  wil l  hav e brough t 

the m bac k int o th e foregroun d o f  th e system' s attention) , 

effectivel y emulate s th e ide a o f  trackin g concep t  drif t  (i.e. , 

adaptin g t o concept s tha t  chang e ove r  time )  a s advance d 

by Schlimme r  an d Grange r  (1986) . 

Prediction Performance Evaluation 

At  thi s point ,  th e reade r  shoul d hav e a  sufficien t  under -

standin g o f  INC2' s representatio n formalis m t o ̂ predat e 

th e contex t  i n whic h th e probabilistic-vs-logical -

representatio n experimen t  ha s bee n carrie d ou t  W e wil l 

briefl y describe ,  next ,  th e domai n o f  clinica l  audiolog y i n 

whic h th e experimen t  too k place ,  an d the n th e experimen t 

itself . 

Th e audiolog y domai n consist s o f  20 0 cases ,  5 8 

features ,  an d 2 4 idea l  categories^ .  Th e distributio n o f 

case s acros s th e categorie s varie s fro m on e t o 4 8 pe r 

category .  Hal f  o f  th e categorie s ar e represente d b y onl y 

on e o r  tw o cases .  Suc h a  distributio n certainl y make s 

learnin g ahnos t  impossibl e fo r  thos e categorie s tha t  ar e 

under-represented .  Th e case s includ e nois e i n th e for m o f 

incorrec t  and/o r  missin g features .  O n average ,  eac h cas e 

has onl y 1 1 feature s wit h k n o w n values . 

Th e probabilistic-vs-logical-representatio n experimen t 

involve d fou r  differen t  size s o f  th e trainin g se t  (20 ,  50 , 

100 ,  an d 150 )  an d si x differen t  value s fo r  th e dro p thres -

hol d (variable ,  0.0,0.25,0.5,0.75 ,  an d 1.0) .  Th e siz e o f  th e 

tes t  se t  wa s kep t  constan t  a t  al l  time s (4 5 object s ~  22 .5 % 

of  th e tota l  objec t  set) .  Figur e 1  summarize s th e percen -

tag e o f  correc t  responses ,  average d ove r  five  run s wit h ran -

doml y chose n objects ,  fo r  al l  o f  th e abov e cases . 

Thi ^  happen s onl y temporaril y  sinc e ne w objec t  acquisition s 
may brin g tha t  featur e bac k int o th e concep t  description . 

Provide d b y Prof .  Jerge n fro m th e Baylo r  Colleg e o f  Medicin e 
and Bruc e Porte r  o f  th e Universit y o f  Texa s a t  Austin . 
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Trainin g Se t 

Figur e 1 :  Predictio n performanc e fo r  bot h variabl e an d 

fixed  dro p thresholds . 

In the case of the set with a low number (20) of input 

objects ,  th e variabl e dro p threshol d w a s o u ^ r f o r m e d b y 

al l  th e fixed-version  value s excep t  fo r  1.0 .  T h e picture , 

however ,  change d fo r  large r  set s (e.g. ,  50 ,  100 ,  an d 150) . 

The variabl e threshol d clearl y ou^er forme d bot h proba -

bilisti c  an d logica l  representations ,  whil e scorin g compar -

abl y t o th e 0.7 5 case .  A t  th e s a m e time ,  th e probabilisti c 

representatio n consistentl y demonstrate d bette r  perfor -

mance tha n th e logica l  one ,  thoug h no t  decisivel y so . 

Unexpecte d results ,  however ,  c a m e fro m th e stron g per -

formanc e o f  th e 0.2 5 an d 0. 5 cases ,  whic h clearl y prove d 

t o b e th e bes t  choic e i n ou r  experiments .  T h e 0. 5 per -

forme d bette r  tha n th e 0.2 5 i n th e experiment s wit h a  lo w 

number  o f  trainin g object s (actually ,  eve n th e 0.7 5 cas e 

was a s goo d a s th e 0.2 5 unde r  thos e conditions) ,  whil e th e 

0.2 5 demonstrate d it s strengd i  i n th e case s wit h a  larg e 

number  o f  inpu t  objects .  Thes e result s seeme d t o indicat e 

tha t  neithe r  storin g al l  feature s no r  'forgetting '  thos e tha t 

do no t  hol d fo r  al l  instance s o f  th e concep t  maximize s th e 

performanc e o f  th e syste m o r  provide s a  clea r  advantag e 

ove r  on e another . 

I n addition ,  th e result s demonstrate d th e nee d fo r  'for -

getting '  thos e feature s tha t  wer e irrelevan t  fo r  th e categor y 

membership .  I t  remaine d unclear ,  however ,  h o w t o 'recog -

nize '  them .  Forgettin g th e feamre s tha t  d o no t  hol d fo r  a t 

leas t  a  hal f  o f  th e concep t  instance s prove d t o b e beneficia l 

fo r  th e lo w numbe r  o f  trainin g instances .  A n increase d 

number  o f  trainin g object s provide d s o m e n e w evidenc e 

abou t  th e importanc e o f  certai n features ,  an d th e dro p 

threshol d ha d t o b e lowere d i n orde r  t o improv e th e syste m 

performance .  Thi s evidenc e i s i n lin e wit h th e reasonin g 

behin d th e variabl e dro p threshold ,  whic h adopt s highe r 

value s fo r  th e node s close r  t o th e leave s (sununarizin g bu t 

a fe w inpu t  cases )  an d lowe r  value s fo r  th e node s close r  t o 

th e roo t  (thos e tha t  accumulat e highe r  level s o f  experi -

ence) . 

Psychological Evaluation 

I n additio n t o it s predictio n perfonnance ,  I N C 2 ha s bee n 

evaluate d i n term s o f  th e psychologica l  validit y o f  it s 

results .  Ther e ar e thre e issue s o f  specia l  interes t  here :  typi -

cality ,  basi c leve l  categories ,  an d intra-categor y similarit y 

vs .  inter-categor y dissimilarity . 

D ue t o th e uneve n distributio n o f  instances ,  tw o classe s 

(cochlea r  ag e an d cochlea r  unknown )  accounte d fo r  7 0 % 

of  al l  retrievals .  I n orde r  t o evaluat e th e qualit y o f 

retrieve d object s i n thi s domain ,  w e decide d t o closel y 

examin e th e object s f ro m on e o f  thos e classes ,  cochlea r 

age .  First ,  w e calculate d th e averag e similarit y o f  eac h 

objec t  wit h al l  othe r  m e m b e r s o f  th e category .  Th e similar -

it y range d fro m 0. 0 t o 0.527 .  T h e object s wit h th e similar -

it y greate r  tha n o r  equa l  t o 0. 5 wer e considere d t o b e 

'good '  example s o f  th e category .  Then ,  w e reviewe d th e 

lis t  o f  often-retrieve d object s an d notice d tha t  ove r  6 0 % o f 

the m wer e a m o n g th e example s regarde d a s 'good. '  Thi s 

finding  w a s consisten t  wit h th e prototyp e theory . 

I n addition ,  w e reviewe d al l  object s retrieve d a t  leas t 

once ,  an d fo r  eac h suc h objec t  calculate d it s averag e simi -

larity .  A s expected ,  th e frequenc y o f  retrieva l  w a s roughl y 

proportiona l  t o th e averag e similarit y o f  th e objec t  C o n -

sequently ,  w e ca n conclud e tha t  th e INC2-generate d 
hierarchie s demonstrat e typicalit y effect s simila r  t o thos e 

generate d b y h u m a n subjects . 

D ue t o th e strateg y adopte d i n it s concep t  formatio n 

algorith m (plac e a n objec t  int o th e categor y i f  i t  increase s 

th e famil y resemblanc e o f  th e category) ,  I N C 2 alway s 

incorporate s th e objec t  a t  it s  basi c level .  Whi l e traversin g 

th e hierarchy ,  an d befor e i t  wil l  hav e reache d th e basi c 

level ,  th e objec t  encounter s m o r e an d m o r e familia r 

object s an d categories ,  i.e. ,  th e one s i t  ha s m o r e feanire s i n 
conuno n wit h tha n wit h an y previousl y encountere d 

object/category .  Tha t  wil l  sto p a t  th e basi c level ,  however , 

sinc e th e remainin g objects/categorie s wil l  begi n havin g 

m o r e an d mor e diferin g feature s du e t o thei r  increase d 

specializatio n withi n th e hierarchy .  I t  i s  importan t  t o 

notic e tha t  object s m a y hav e thei r  basi c leve l  a t  differen t 

level s o f  th e hierarch y (dependin g o n th e orde r  o f  object s 

an d loca l  context) ,  thu s leadin g t o th e notio n o f  a  distri -

bute d basi c level . 

Finally ,  th e issu e o f  intra-categor y similarit y vs .  inter -
categor y dissimilarit y i s addresse d implicitl y  i n I N C 2 , 
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agai n throug h it s algoritlim .  Namely ,  th e syste m wil l 

plac e a n objec t  int o th e categor y whic h maximize s th e 

increas e i n th e category' s famil y resemblanc e (compact -

ness) .  Consequently ,  th e categor y tha t  receive s th e objec t 

wil l  pu U it s instance s somewha t  close r  t o it s imaginativ e 

center ,  thu s positionin g itsel f  awa y fro m othe r  'gravitatio n 

points '  i n th e instance/categor y space .  Thi s proces s wil l 

automaticall y reduc e th e forc e (simihuity )  betwee n th e 

categor y an d th e surroundin g concepts . 

Summary 

Thi s pape r  ha s evaluate d th e relationshi p betwee n perfor -

mance an d adopte d category/objec t  representation .  W e 

varie d th e representatio n fro m probabilisti c  t o logical ,  an d 

compare d thei r  correspondin g performanc e o n th e predic -

tio n task .  A n alternativ e ^proach ,  variabl e representa -

tion ,  wa s evaluate d a s well .  I t  wa s characterize d b y th e 

constan t  switchin g amon g difleren t  representatio n schema s 

accordin g t o th e valu e o f  th t  compacmes s o f  th e 

categorie s store d a t  differen t  level s o f  th e hierarchy .  Th e 

variable-threshol d approac h worke d consistentl y bette r 

tha n eithe r  th e probabilisti c  o r  th e logica l  representation .  I t 

di d not ,  however ,  matc h th e succes s o f  th e fixed,  middle -

of-the-road-value d dro p threshold . 

Thi s las t  observatio n represent s ou r  researc h agenda . 

We wil l  continu e t o searc h fo r  th e way s t o automaticall y 

set  th e optima l  valu e fo r  th e variabl e dro p threshold .  I n 

addition ,  w e wil l  extensivel y evaluat e th e syste m i n term s 

of  th e cost/accurac y trade-of f  a s i t  move s fro m probabilis -

ti c  t o logica l  representation . 
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