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Abstrac t 

This paper addresses category typicality in the context of a 
categor y namin g task .  I n contras t  t o th e predominan t  effor t 
wit h gradien t  models ,  a  symboli c searc h framework  i s taken . 
Withi n thi s framework,  th e S C A (Symboli c Concep t  Acquisi -
tion )  mode l  demonstrate s varyin g respons e time s a s a  functio n 
of  a n instance' s intra-categor y typicality .  Her e it s coverag e i s 
expande d t o inter-categor y typicality .  A  functionall y motivate d 
extensio n fo r  S C A i s advance d tha t  pursue s searc h backtrack -
in g unde r  ambiguou s cases .  1  explai n ho w th e backtrackin g 
extensio n account s fo r  inter-categor y typicalit y  effects ,  an d 
suppor t  i t  wit h som e empirica l  evidence .  I  discus s ho w th e 
effec t  generalize s t o a  large r  clas s o f  symboli c searc h models . 

Introduction 

Withi n th e las t  severa l  decades ,  huma n categorie s hav e com e 
t o b e characterize d a s flexible  structure s tha t  generall y lac k 
rigi d boundaries .  Thi s flexibility  wa s reveale d b y experiment s 
showin g increase d processin g efficienc y fo r  certai n categor y 
members.  Fo r  example ,  human s ca n categoriz e "typical "  cate -
gor y member s faste r  an d mor e accuratel y tha n les s typica l  cat -
egor y member s (Rosc h &  Mervis ,  1975 ;  Rosc h e t  al. ,  1976) . 
To accoun t  fo r  thes e results ,  researcher s hav e advance d man y 
"gradient "  models ,  employin g conceptua l  structure s tha t  ex -
plicitl y  encod e probabilitie s (e.g .  Fishe r  (1987 )  an d Anderso n 
(1991) )  o r  activatio n level s (e.g .  Kruschk e (1990 )  an d Gluc k 
and Bowe r  (1988)) . 

Thi s pape r  offer s a  contrastin g perspective .  I n plac e o f  ex -
plici t  membershi p gradients ,  conceptua l  membershi p i s rep -
resente d a s a  proces s wher e som e categor y member s requir e 
more computationa l  resource s tha n others .  Usin g th e frame -
wor k o f  th e Proble m Spac e Computationa l  Mode l  ( P S C M ) 
(Newel l  e t  al. ,  1991) ,  th e wor k cast s th e processin g o f  con -
cep t  membershi p i n term s o f  searc h throug h a  proble m space . 
The ongoin g challeng e i s thu s a  characterizatio n o f  a  mode l 
tha t  appropriatel y require s mor e searc h fo r  som e categor y 
members tha n others. ' 

Previou s wor k ha s advance d on e candidat e P S C M model , 
calle d S C A (Symboli c Concep t  Acquisition )  (Mille r  &  Laird , 
1991) ,  motivate d b y th e Soa r  architectur e (Newell ,  1990) ,  a 
computationa l  implementatio n o f  th e P S C M.  Analysi s an d 

'Th e reade r  shoul d no t  confus e thi s notiono f  searc h wit h th e con -
cept  o f  "inductiv e search "  prevalen t  i n machin e learnin g (Michalski , 
1983 ;  Mitchell ,  1982) .  I n thi s paper ,  th e searc h proces s retrieve s a 
categor y nam e fo r  eac h individua l  instanc e wherea s inductiv e searc h 
seek s a  consisten t  logica l  concep t  definitio n fo r  a  se t  o f  pre-classifie d 
instances . 

empirica l  result s revea l  tha t  S C A alread y exhibit s a  rang e o f 
typicalit y effect s measure d i n term s o f  processin g tim e an d 
accurac y (Miller ,  1993) .  I n thi s p^}er ,  I  g o beyon d thi s wor k 
by describin g a  functionall y an d architecturall y motivate d ex -
tensio n t o S C A tha t  expand s it s coverag e o f  typicalit y effect s 
t o inter-categor y typicality . 

SCA and Typicality Effects 

The Problem Space Computational Model (PSCM) treats 
proble m solvin g a s searc h throug h a  spac e o f  states .  A n 
operato r  effect s th e transitio n fro m on e stat e t o anothe r  b y 
modifyin g th e existin g state .  I n previou s work .  Mille r  an d 
Lair d (1991 )  cas t  th e tas k o f  categor y predictio n i n term s o f 
th e P S C M framework .  Eac h stat e correspond s t o a n objec t 
descriptio n an d th e proble m spac e t o th e se t  o f  al l  possibl e 
objec t  descriptions .  Operator s incrementall y modif y th e ob -
jec t  descriptio n unti l  a  recognizabl e stat e i s produced .  A t  thi s 
point ,  a n operator ,  acquire d fro m prio r  experience ,  name s a 
category . 

S CA (Symboli c Concep t  Acquisition )  use s abstractio n op -
erator s t o effec t  th e transitio n betwee n stales .  Thes e opera -
tor s incrementall y remov e feature s fro m th e objec t  descriptio n 
unti l  a  namin g operato r  ca n apply .  I n short ,  th e abstractio n 
operator s serv e a s a  controlle d mean s o f  generalizin g a  larg e 
spac e o f  specifi c  objec t  description s t o a  smalle r  se t  o f  genera l 
namin g rules . 

Conside r  th e exampl e i n Figur e I .  Th e tas k i s t o n a m e th e 
categor y o f  th e objec t  describe d a s oblong ,  red ,  smooth ,  an d 
small .  Fo r  thi s example ,  w e wil l  assum e tha t  th e syste m ha s 
alread y acquire d som e namin g knowledg e fo r  a  smal l  subse t 
of  th e objec t  descriptio n space .  A  extensiv e treatmen t  o f  h o w 
S CA acquire s rule s an d searc h contro l  knowledg e i s provide d 
elsewher e (Mille r  &  Laird ,  1991 ;  Miller ,  1993). ^ 

Th e presente d objec t  descriptio n serve s a s th e first  stat e i n 
a searc h fo r  a  recognizabl e objec t  description .  Ther e i s n o 
categor y namin g rul e tha t  matche s th e featur e descriptio n S\ . 
Thus ,  th e searc h proceed s b y applyin g a n operator .  I n thi s 
example ,  a n abstractio n operato r  applies ,  producin g a  ne w 
stat e (52 )  b y removin g th e featur e s m a l l .  Agai n n o cate -
gor y namin g rul e recognize s th e state .  Searc h continue s wit h 
th e applicatio n o f  a  secon d abstractio n operator .  Thi s tim e 
th e featur e s m o o t h i s remove d firo m th e objec t  description . 

^  Whil e som e issue s suc h a s optimizin g abstractio n operato r  selec -
tio n ar e o f  immens e practica l  importance ,  I  wil l  omi t  muc h o f  thei r 
coverag e sinc e i t  i s  no t  neede d i n analyzin g th e result s presente d 
here . 
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Figur e 1 :  Categor y predictio n cas t  withi n th e P S C M 

Wit h th e creatio n o f  (Sj) ,  previousl y acquire d knowledg e rec -
ognize s th e stat e an d applie s a  namin g operato r  tha t  augment s 
th e stat e wit h th e categor y b a l l . 

S CA learn s new ,  mor e specifi c rule s throug h th e applicatio n 
of  genera l  rule s t o trainin g examples .  Thus ,  S C A start s of f 
wit h ver y genera l  rules ,  bu t  wit h experienc e slowl y acquire s 
mor e specifi c  ones .  Becaus e S C A attempt s t o matc h th e mos t 
specifi c  rule s first,  a  practic e effec t  ensue s wit h experience . 

SCA' s practic e effec t  i s  mos t  eviden t  fo r  frequen t  combina -
tion s o f  feature s tha t  nam e a  c o m m o n category .  Sinc e typica l 
members generall y shar e feature s a m o n g thei r  class ,  S C A 
realize s a n intra-categor y typicalit y effec t  (Mille r  &  Laird , 
1991 ;  Miller ,  1993) .  Namely ,  i t  produce s fewe r  error s an d 
faste r  respons e time s fo r  th e category' s mor e typica l  m e m-
bers ,  a  robus t  effec t  exhibite d b y human s (Rosc h e t  al. ,  1976) . 

However ,  human s als o exhibi t  a n inter-categor y typical -
it y effect .  I n contras t  t o intra-categor y typicality ,  define d b y 
h o w simila r  a n instanc e i s t o othe r  member s o f  th e sam e cat -
egory ,  inter-categor y typicalit y i s define d b y h o w dissimila r 
th e instanc e i s t o instance s o f  contrastin g categories .  Peopl e 
m a ke fewe r  error s an d faste r  respons e time s fo r  instance s wit h 
highe r  inter-categor y typicalit y (Rosc h &  Mervis ,  1975) . 

That  S C A ,  o r  an y othe r  concep t  learnin g system ,  exhibit s 
fewe r  error s wit h hig h inter-categor y typicalit y example s i s 
n o surprise ,  a s thes e example s ar e les s easil y confuse d wit h 
example s fro m contrastin g categories .  Thi s i s especiall y th e 
cas e fo r  S C A ,  whic h require s sufficien t  experienc e wit h train -
in g example s befor e acquirin g rule s whos e condition s includ e 
th e necessar y discriminatin g features . 

I n term s o f  respons e time ,  however ,  SCA' s practic e effec t 
doe s no t  accoun t  fo r  inter-categor y typicality .  I n explainin g 
why ,  le t  u s conside r  th e categor y members ,  represente d a s 
small-cas e letters ,  show n i n Figur e 2 .  Thi s figure  depict s 
similarit y a s th e euclidea n distanc e betwee n examples .  Fo r 

example ,  th e clos e spatia l  proximit y o f  example s a  an d e 
denot e tha t  the y hav e mor e feature s i n c o m m o n tha n example s 
bandc . 

Categor y B Categor y A 

Figur e 2 :  Spatia l  representatio n o f  instanc e similarit y 

In looking at b and c, we see that their intra-category typ-
icalit y i s th e sam e sinc e the y ar e equall y distan t  fro m othe r 
members o f  categor y A .  However ,  o f  th e two ,  c  ha s a  highe r 
inter-categor y typicalit y becaus e i t  i s  mor e dissimila r  t o th e 
contrastin g categor y members .  Durin g training ,  S C A receive s 
as muc h practic e namin g categor y A  wit h b' s feature s a s i t 
doe s wit h c' s features .  Wit h equa l  practice ,  rule s wit h equa l 
specificit y ar e produced ,  an d th e tim e require d t o acces s the m 
i s th e same .  Instanc e b  wil l  mor e frequentl y acces s conflictin g 
rules ,  i n whic h cas e S C A make s a  rando m guess ,  o r  wil l  mor e 
frequentl y acces s rule s namin g categor y B ,  bu t  i n neithe r  cas e 
doe s thi s requir e mor e time . 
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Figur e 3 :  P S C M castin g o f  backtrackin g 

E x t e n s i o n descr ipt io n 

Conflicts arise in SCA when search leads to a state description 
previousl y associate d wit h tw o o r  mor e categories .  Th e stan -
dar d S C A implementatio n resolve s th e conflic t  b y randoml y 
selectin g on e o f  th e categories .  Backtracking ,  a  recurren t 
techniqu e i n th e P S C M an d othe r  searc h architectures ,  pro -
vide s th e mean s o f  makin g a  mor e informe d choice .  Rathe r 
tha n randoml y choosing ,  th e ambiguit y ca n b e resolve d b y 
backu-ackin g t o a  previou s state ,  an d the n pursuin g a n alter -
nat e pat h i n searc h o f  a n unambiguou s name .  I n th e contex t 
of  S C A ,  backtrackin g reverse s a  previou s abstraction ,  tha t  is , 
i t  return s t o a  mor e specifi c stat e description ,  befor e removin g 
alternat e features . 

Figur e 3  present s a n example .  A s before ,  th e mode l  i s at -
temptin g t o classif y  th e objec t  describe d a s o b l o n g ,  r e d , 
s m o o t h ,  s m a l l .  Onc e agai n i t  applie s a n abstractio n op -
erato r  tha t  remove s s m a l l  fro m th e stat e description ,  thu s 
producin g stat e 52 .  A t  52 ,  i t  applie s a n operato r  tha t  remove s 
re d fro m th e description .  N o w ,  stat e S ^  i s recognized ,  an d 
wit h th e applicatio n o f  operato r  O p ,  tw o conflictin g nam -
in g rule s apply .  Rathe r  tha n guessin g betwee n th e tw o cate -
gor y names ,  th e backtrackin g implementatio n revert s bac k t o 
52.  Fro m there ,  searc h follow s a n alternat e route ,  removin g 
s m o o t h fro m th e stat e description ,  whic h ultimatel y lead s t o 
one uniqu e name . 

Wit h backtracking ,  th e computationa l  demand s o f  searc h 
ar e sensitiv e t o th e degre e o f  featur e overla p betwee n in -
stance s o f  contrastin g categories .  Thi s provide s a  natura l 
accoun t  o f  h o w respons e time s var y inversel y a s a  functio n 
of  inter-categor y typicality .  Recal l  tha t  instance s wit h lo w 
inter-categor y typicalit y shar e mor e feature s wit h instance s 

of  contrastin g categories .  Wit h thes e overlappin g features , 
the y ar e mor e likel y t o acces s conflictin g namin g rules ,  an d 
consequentl y incu r  a  large r  expens e i n processin g tim e a s th e 
searc h backtrack s throug h previou s states . 

Empirical results 

T wo implementation s o f  S C A wer e use d t o obtai n a n em -
pirica l  assessmen t  o f  th e impac t  backtrackin g ha s o n inter -
categor y typicality .  Th e first  i s  th e standar d implementa -
tio n describe d i n Mille r  (1993) ,  whic h resolve s conflict s b y 
randoml y selectin g a  category .  Th e secon d implementation , 
S C A - B X,  i s identica l  t o S C A ,  excep t  i t  attempt s t o resolv e 
ambiguitie s b y pursuin g on e alternat e path .  I f  thi s likewis e 
produce s a  conflict ,  i t  make s a  rando m selection . 

Bot h implementation s us e th e "default "  featur e selectio n 
strateg y describe d i n Mille r  (1993) .  I n genera l  terms ,  thi s 
strateg y order s featur e remova l  base d upo n th e selection' s 
succes s i n predictin g on e uniqu e categor y nam e whil e pro -
cessin g trainin g examples .  Durin g performanc e runs ,  th e 
backtrackin g implementatio n follow s thi s selectio n orde r  fo r 
it s  initia l  searc h path .  I f  thi s lead s t o a n ambiguou s predic -
tion ,  i t  follow s th e strategy' s secon d mos t  prefere d path .  Th e 
use o f  backtrackin g potentiall y  offer s a n additiona l  knowl -
edg e sourc e fo r  orderin g featur e selectio n sinc e i t  compare s 
alternat e selectio n path s fo r  a  particula r  instance .  However ,  i n 
orde r  t o avoi d a n additiona l  confoundin g facto r  i n comparin g 
bot h implementations ,  thi s knowledg e i s no t  use d here . 

The tw o implementation s wer e traine d an d teste d o n th e 
data-se t  i n Tabl e 1 .  Thi s data-se t  wa s constructe d s o tha t  al l 
compare d instance s hav e th e sam e degre e o f  intra-categor y 
typicality ,  bu t  varie d i n inter-categor y typicality .  Categor y A 
consist s o f  th e example s o f  differen t  level s o f  inter-categor y 
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Tabl e 1 :  Trainin g an d testin g dat a fo r  inter-categor y typicality . 

Categor y 

A 
A 
A 
A 
A 
A 
B 
B 
B 
B 
B 
B 

Dl 

c 
c 
b 
b 
a 
a 
c 
c 
c 
c 
c 
c 

Attribute s 
D2 D 3 D 4 

b a  b 
b a  b 
a c  b 
a c  b 
a a  a 
a a  a 
b b  b 
b b  b 
c c  c 
c c  c 
b c  c 
b c  c 

D5 

b 
c 
b 
c 
b 
c 
b 
c 
b 
c 
b 
c 

Overla p 
Scor e 

15 
15 
9 
9 
3 
3 
-
-
-
-
-
-

Typicalit y 
Grou p 

Low 
Low 
Mid 
Mid 
Hig h 
Hig h 

-
-
-
-
-
-

Model 

SCA 
SCA-BX 

Tabl e 2 :  Inter-categor y typicalit y  effects . 

Accurac y 
L o w M i d Hig h 

7 2 % 8 5 % 9 2 % 
7 3 % 8 7 % 9 5 % 

Step s unti l  matc h 
Lo w Mi d Hig h 

2.6 0 2.6 4 2.5 8 
2.6 3 2.6 3 2.5 6 

Backtrackin g 
Lo w Mi d Hig h 

_ _  _ 

21 % 18 % 13 % 

Tota l  step s 
L o w M i d Hig h 

2.6 0 2.6 4 2.5 8 
3.4 7 3.3 5 3.0 8 

typicalit y Th e overla p scor e i s th e numbe r  o f  feature s th e 
instanc e share s wit h al l  o f  th e instance s i n th e contras t  cate -
gory .  Thi s scor e i s thu s th e invers e o f  inter-categor y typicalit y 
Categor y B  serve s a s th e contras t  category . 

Th e dat a i n Tabl e 1  i s analogou s t o th e dat a tha t  Rosc h an d 
Mervi s (1975 )  use d fo r  testin g inter-categor y typicalit y (Ex -
perimen t  6) .  Lik e th e dat a i n Tabl e 1 ,  thei r  experimenta l  exam -
ple s hav e th e sam e famil y resemblanc e scor e (intra-categor y 
similarity) ,  tha t  is ,  the y equall y shar e feature s belongin g t o 
othe r  example s i n th e sam e category .  Als o a s i n Tabl e 1 , 
th e example s wer e divide d int o thre e inter-categor y typical -
it y group s accordin g t o th e degre e i n whic h th e example' s 
feature s overiappe d wit h th e feature s o f  th e example s i n th e 
contrastin g category . 

I n testm g each  implementation ,  th e data-set ,  with  randoml y 
ordere d instances ,  wa s presente d fo r  five  trainin g cycle s whil e 
interleavin g performanc e trial s (namin g th e category )  afte r 
eac h trainin g cycle .  Thi s proces s wa s don e 50(X )  times. ^ 

Tabl e 2  present s th e average d performanc e result s o f  S C A 
and S C A - B X fo r  instance s belongin g t o Categor y A .  Bot h 
model s ar e compatibl e with  huma n behavio r  fo r  accuracy , 
wher e accurac y i s bette r  fo r  highe r  typicality .  I n addition ,  w e 
see tha t  S C A - B X produce s a  slightl y highe r  accurac y rat e fo r 
al l  thre e level s o f  typicality . 

For  S C A ,  respons e tim e i s presente d i n term s o f  th e averag e 
number  o f  abstractio n step s take n befor e a  matc h occurred . 
Thes e figures  onl y diffe r  insignificantl y amon g th e levels .  Th e 
figures  ar e essentiall y th e sam e fo r  S C A - B X .  Thi s come s a s n o 
surpris e sinc e th e tw o implementation s ar e identica l  processe s 
throug h th e first  match . 

'Unles s oiherwis e noted ,  averagin g th e result s ove r  500 0 trial s 
was mor e tha n sufficien t  fo r  achievin g th e significanc e necessar y fo r 
th e qualitabv e comparison s describe d here . 

I n th e nex t  se t  o f  columns ,  th e percentag e o f  time s back -
trackin g occurre d i s presente d fo r  S C A - B X .  Sinc e backtrack -
in g onl y occur s fo r  conflic t  resolution ,  instance s wit h lowe r 
inter-categor y typicalit y wer e mor e likel y t o caus e backtrack -
ing .  Th e final  se t  o f  column s average s i n th e expens e o f  back -
trackin g (calculate d a s fou r  additiona l  steps) .  Sinc e S C A di d 
not  us e backtracking ,  it s tota l  numbe r  o f  processin g step s ar e 
th e sam e a s th e numbe r  o f  step s t o th e first  match .  Fo r  S C A -
B X,  th e additiona l  tim e expens e o f  backtrackin g produce d 
faste r  respons e time s fo r  instance s wit h hig h inter-categor y 
typicalit y a s compare d t o thos e wit h lowe r  typicality . 

Discussion 

Th e result s o f  th e S C A simulatio n wit h backtrackin g wer e 
consisten t  wit h inter-typicalit y effect s observe d i n huma n dat a 
fo r  th e Rosc h an d Mervi s study .  Namely ,  instance s whos e fea -
ture s rarel y overla p wit h instance s fro m contrastin g categorie s 
ar e processe d faste r  an d mor e accuratel y tha n instance s whos e 
feature s ofte n overlap .  Insigh t  int o wh y S C A - B X produce d 
thes e result s lead s u s t o generaliz e th e clas s o f  searc h model s 
tha t  produc e thes e inter-typicalit y  effects . 

Sinc e inter-categor y typicalit y i s a  measur e o f  h o w dissim -
ila r  a  categor y member  i s t o thos e o f  a  contrastin g category , 
instance s wit h a  lo w leve l  o f  inter-categor y typicalit y ar e sim -
ila r  t o member s o f  contrastin g categorie s an d thu s posses s a 
large r  degre e o f  ambiguit y a s t o thei r  prope r  classification .  I n 
general ,  an y searc h mode l  wil l  requir e mor e processin g tim e 
fo r  thes e ambiguou s member s i f  th e followin g principle s hol d 
fo r  th e model : 

1. Model has difficulty with category ambiguity. This con-
ditio n functionall y necessitate s furthe r  search .  I n th e cas e 
of  S C A ,  th e mode l  ma y acces s rule s share d b y instance s o f 
severa l  categories . 
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2.  Mode l  ca n detec t  ambiguity .  Befor e callin g fo r  furthe r 
search ,  th e ambiguit y mus t  b e detected .  Fo r  S C A - B X ,  am -
biguit y i s detecte d wit h th e retrieva l  o f  conflictin g names . 

3.  Mode l  continue s searc h i n orde r  t o resolv e ambiguity . 
Additiona l  tim e mus t  b e require d i n orde r  t o resolv e th e 
ambiguity .  S C A - B X backtrack s t o a  previou s state ,  an d 
the n trie s othe r  featur e combination s fo r  retrievin g a  name . 

Implicit with these conditions is the model's seriality. In 
general ,  i t  i s  th e varyin g lengt h o f  a  sequential ,  deliberat e 
searc h proces s tha t  account s fo r  varyin g respons e times . 

Gradien t  model s ma y offe r  a  natura l  approac h fo r  represent -
in g flexible  categor y structures ,  a s the y provid e a n immediat e 
accoun t  fo r  typicalit y  data .  However ,  w e hav e see n h o w th e 
applicatio n o f  a  symboli c searc h mode l  provide s a n interest -
in g contrast ,  a s it s accoun t  o f  huma n dat a emerge s fro m a 
natura l  extensio n withi n it s symboli c framewor k an d fro m it s 
functiona l  motivation .  Fro m th e perspectiv e o f  a  symboli c 
framework ,  th e additio n o f  backtrackin g t o S C A i s a  natura l 
and recurren t  techniqu e fo r  searc h architectures .  Functionally , 
it s applicatio n improve s performance .  I n thi s paper ,  I  hav e 
empiricall y demonstrate d h o w backtrackin g seek s ou t  addi -
tiona l  predictio n knowledg e i n resolvin g ambiguities .  Futur e 
wor k ma y als o sho w h o w backtrackin g provide s th e additiona l 
functionalit y o f  learnin g whic h feature s t o abstrac t  first  fro m 
th e objec t  description . 

For  thi s pape r  i n particular ,  I  hav e explaine d h o w th e prin -
ciple d applicatio n o f  backtrackin g t o S C A deliver s respons e 
time s a s a  functio n o f  inter-categor y typicalit y tha t  i s  consis -
ten t  wit h huma n behavior .  I n applyin g thes e data-independen t 
principles ,  w e thu s converg e o n a n architecturall y an d func -
tionall y motivate d explanatio n o f  typicality . 
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