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Abstrac t 

People and other animals are very adept at categorizing 
stimul i  eve n whe n man y feature s canno t  b e perceived . 
Many psychologica l  model s o f  categorization ,  o n th e othe r 
hand ,  assum e tha t  a n entir e se t  o f  feature s i s known .  W e 
presen t  a  ne w mode l  o f  categorization ,  calle d 
Categorizatio n b y Elimination ,  tha t  use s a s fe w feature s a s 
possibl e t o mak e a n accurat e categor y assignment .  Thi s 
algorith m demonstrate s tha t  i t  i s  possibl e t o hav e a 
categorizatio n proces s tha t  i s fas t  an d frugal-usin g fewe r 
feature s tha n othe r  categorizatio n methods-ye t  stil l  highl y 
accurat e i n it s judgments .  W e sho w tha t  Categorizatio n b y 
Eliminatio n doe s a s wel l  a s huma n subject s o n a  multi -
featur e categorizatio n task ,  judgin g intentio n from  animat e 
motion ,  an d tha t  i t  doe s a s wel l  a s othe r  categorizatio n 
algorithm s o n dat a set s from  machin e learning .  Specifi c 
prediction s o f  th e Categorizatio n b y Eliminatio n 
algorithm ,  suc h a s th e orde r  o f  cu e us e durin g 
categorizatio n an d th e time-cours e o f  thes e decisions ,  stil l 
need t o b e teste d agains t  huma n performance . 

1.  I n t r o d u c t i o n 

Hiking through the Bavarian Alps, you come upon a large 
bir d glidin g ove r  a  m e a d o w .  Y o u pul l  ou t  you r  Europea n 
bir d guideboo k t o identif y  it .  F ro m th e shap e o f  it s body , 
yo u assum e tha t  thi s i s a  bir d o f  prey ,  s o yo u tur n t o th e 
sectio n o n raptor s i n th e guide .  T o determin e th e exac t 
species ,  yo u nex t  us e siz e t o narro w d o w n you r  searc h t o a 
fe w kind s o f  hawks ;  the n yo u us e colo r  t o eliminat e a 
coupl e mor e species ;  an d finall y wit h on e las t  cue-tai l 
length-yo u ca n m a k e a  uniqu e classification .  Usin g onl y 
fou r  cue s (o r  features) ,  yo u correctl y identif y thi s bir d a s a 
sparro w hawk .  Y o u coul d tak e ou t  you r  binocular s an d 
chec k mor e cue s t o suppor t  thi s identification ,  bu t  fo r  a 
rapi d decisio n thes e fe w cue s ar e enough . 

H o w woul d thi s categorizatio n proces s procee d i f  a  rabbi t 
rathe r  tha n a  h u m a n wer e watchin g th e bird ? Th e rabbi t 
woul d no t  b e intereste d i n knowin g th e exac t  specie s o f  bir d 
flyin g overhead ,  bu t  rathe r  woul d wan t  t o categoriz e i t  a s 
predato r  o r  not ,  a s quickl y a s possible-th e Rabbit' s  Guid e 
t o Bird s ha s onl y tw o shor t  sections .  Whil e th e rabbi t  coul d 
als o us e severa l  cue s t o m a k e it s categor y assignment ,  a s 
soo n a s i t  finds  enoug h cue s t o decid e "predatoî '-fo r 

instance ,  tha t  thi s bir d i s  gliding—i t  wil l  no t  bothe r 
gatherin g an y mor e information ,  an d instea d wil l  hea d fo r 
shelter .  Obviously ,  i n th e cas e o f  th e rabbit ,  spee d i s o f  th e 
essenc e whe n categorizin g bird s a s predator s o r 
nonpredators .  H u m a n s fac e simila r  circumstance s wher e 
rapi d categorizatio n i s  calle d for ,  mak in g us e o f  onl y 
whateve r  informatio n i s immediatel y available .  Bein g abl e 
t o categoriz e rapidl y th e intentio n o f  anothe r  approachin g 
perso n a s eithe r  hostil e o r  courting ,  fo r  instance ,  wil l  enabl e 
th e prope r  reaction s t o ensur e th e mos t  desirabl e outcome . 

I n thi s paper ,  w e conside r  th e cas e fo r  a  "fas t  an d frugal" 
{ k  l a Gigerenze r  &  Goldstein ,  1996 )  mode l  o f  categorization , 
aki n t o th e lexicographi c proces s o f  bir d identificatio n 
describe d i n th e first  paragraph .  Thi s model ,  whic h w e cal l 
Categorizatio n b y Eliminatio n ( C B E ) ,  use s onl y a s m a n y o f 
th e availabl e cue s o r  feature s a s ar e necessar y t o first  m a k e a 
specifi c  categorization .  A s a  consequence ,  i t  ofte n use s 6 r 
fewe r  cue s i n categorizin g a  give n stimulu s tha n d o th e 
standar d cue-combinatio n models ,  yieldin g it s fas t  frugality . 
Thi s information-processin g advantag e ca n b e crucia l  i n a 
variet y o f  categorizatio n context s wher e spee d i s calle d for , 
as i n identifyin g threats .  O n th e othe r  hand ,  th e accurac y o f 
thi s approac h typicall y rival s tha t  o f  mor e computationall y 
extensiv e algorithms ,  a s w e wil l  show .  W e therefor e 
propos e Categorizatio n b y Eliminatio n a s a  parsimoniou s 
psychologica l  model ,  a s  wel l  a s a  potentiall y  usefu l 
candidat e fo r  applie d machine-learnin g categorizatio n tasks . 

Categorizatio n b y Eliminatio n i s  closel y relate d t o 
Tversky' s Eliminatio n b y Aspect s ( E B A )  mode l  o f  choic e 
(Tversky ,  1972) .  Afte r  describin g competin g psychologica l 
and machine-learnin g model s o f  categorizatio n i n th e nex t 
section ,  w e discus s th e backgroun d o f  eliminatio n model s i n 
sectio n 3 .  W e presen t  th e Categorizatio n b y Eliminatio n 
model  i n sectio n 4 .  Mos t  othe r  recen t  model s o f  h u m a n 
categorizatio n focu s o n th e us e o f  tw o o r  thre e cues , 
situation s i n whic h C B E ca n sho w littl e advantage . 
Therefore ,  w e hav e experimentall y investigate d a  multiple -
cu e categorizatio n tas k i n whic h w e ca n compar e ou r  mode l 
wit h other s i n accountin g fo r  h u m a n performanc e wit h seve n 
cu e dimensions .  W e describ e thi s study ,  whic h involve s 
categorizin g animat e motio n trajectorie s int o differen t 
behaviora l  intentions ,  i n sectio n 5 .  C B E doe s a s wel l  a s 
linea r  categorizatio n methods ,  an d doe s no t  overfi t  th e dat a 
as neura l  network s see m to .  Next ,  i n sectio n 6  w e loo k a t 
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h o w wel l  ou r  algorith m doe s alongsid e som e o f  th e 
multiple-attribut e categorizatio n method s develope d i n 
psycholog y an d machin e learnin g o n standar d dat a set s fix)m 
th e latte r  field .  Thi s compariso n show s tha t  Categorizatio n 
by Eliminatio n ca n ofte n compet e i n accurac y wit h mor e 
comple x methods .  Further ,  i f  minimizin g th e numbe r  o f 
cue s use d i s sough t  t o maximiz e computationa l  speed ,  C B E 
usuall y emerge s a s th e clea r  winner .  Finall y i n sectio n 7 
we conside r  som e o f  th e challenge s stil l  ahead ,  includin g 
h o w t o tes t  C B E agains t  huma n learnin g data . 

2. Existing Categorization Models 

Many different models of categorization have been 
propose d i n bot h th e psychologica l  an d machin e learnin g 
literature .  Psychologist s ar e primaril y concerne d wit h 
developin g a  mode l  tha t  bes t  describe s huma n categorizatio n 
performance ,  whil e i n machin e learnin g th e goa l  i s  t o 
develo p a n optimally-performin g model-tha t  is ,  on e wit h 
th e highes t  accurac y o f  categorization .  Thes e tw o goal s ar e 
not  necessaril y  mutuall y exclusive ;  indeed ,  on e o f  th e mai n 
finding s s o fa r  i n th e field  o f  huma n categorizatio n i s tha t 
peopl e ar e ofte n abl e t o achiev e nea r  optima l  performanc e 
(tha t  is ,  categoriz e a  stimulu s se t  wit h minima l  errors-se e 
Ashb y &  Maddox ,  1992) .  A s a  consequence ,  som e models , 
includin g neura l  network s an d S C A (Mille r  &  Laird ,  1996 ) 
ar e ofte n aime d a t  fillin g bot h roles . 

However ,  th e majorit y o f  psychologica l  studie s o f 
categorizatio n hav e use d simpl e stimul i  tha t  var y o n onl y a 
fe w (2-4 )  dimensions ,  unlik e th e typica l  high-dimensiona l 
machin e learnin g applications .  I t  remain s t o b e see n 
whethe r  human s ca n als o b e optima l  a t  categorizin g multi -
dimensiona l  objects .  I n addition ,  th e predominan t 
psychologica l  model s o f  categorizatio n hav e no t  addresse d 
th e issu e o f  constraints ,  suc h a s limite d tim e an d 
information .  W h a t  migh t  th e categorizatio n proces s b e 
w h en ther e ar e bot h tim e an d informatio n constraints ,  eithe r 
becaus e ther e i s a n overwhelmin g numbe r  o f  possibl e cue s 
t o us e o r  onl y a  subse t  o f  cue s available ? Her e w e briefl y 
revie w som e o f  th e currentl y popula r  categorizatio n model s 
fo r  huma n categorizatio n an d machin e learnin g wit h thes e 
question s i n mind .  Throughou t  th e remainde r  o f  th e pape r 
we us e th e term s cues ,  aspects ,  dimensions ,  an d features ,  a s 
appropriate ,  t o al l  m e a n roughl y th e sam e thing . 

Th e predominan t  theorie s o f  categorizatio n i n th e 
psycholog y literatur e includ e exempla r  model s (Nosofsky , 
1986) ,  decisio n boun d model s (Ashb y &  Gott ,  1988) ,  an d 
neura l  networ k model s (e.g .  A L C O V E - s e e Kruschke , 
1992) .  Eac h o f  thes e categorizatio n model s assume s tha t  th e 
stimul i  m a y b e represente d a s point s i n a  multidimensiona l 
space .  Furthermore ,  thes e model s al l  assum e tha t  human s 
integrat e features—tha t  is ,  combin e multipl e cue s t o com e t o 
a final  judgment-an d tha t  w e usuall y us e al l  o f  th e cue s tha t 
ar e present—tha t  is ,  d o no t  discar d an y availabl e information . 

Exempla r  model s (Brooks ,  1978 ;  Estes ,  1986 ;  Medi n & 
Schaffer ,  1978 ;  Nosofsky ,  1986 )  assum e tha t  whe n presente d 
wit h a  nove l  object ,  human s comput e th e similarit y betwee n 
tha t  objec t  an d al l  th e possibl e categorie s i n whic h th e nove l 
objec t  coul d b e placed .  Similarit y i s a  functio n o f  th e su m 
of  th e distance s betwee n th e objec t  an d al l  th e exemplar s i n 

th e particula r  category .  Th e objec t  i s  place d int o th e 
categor y wit h whic h i t  i s mos t  similar . 

Nosofsky' s (1986 )  generalize d contex t  mode l  ( G C M ) 
allow s fo r  variatio n i n th e amoun t  o f  attentio n give n t o 
differen t  feature s durin g categorizatio n (se e als o Medi n & 
Schaffer ,  1978) .  Therefore ,  i t  i s  possibl e tha t  differen t  cue s 
wil l  b e use d i n differen t  tasks .  However ,  thi s attentio n 
weigh t  remain s th e sam e fo r  th e entir e stimulu s se t  fo r  eac h 
particula r  categorizatio n task ,  rathe r  tha n varyin g acros s 
differen t  object s belongin g t o th e sam e categor y (i n contras t 
t o ou r  ne w method ,  a s w e wil l  see) . 

Decisio n Boun d Theor y (o r  D B T - s e e Ashb y &  Gott , 
1988 )  assume s tha t  ther e i s a  multidimensiona l  regio n 
associate d wit h eac h category ,  an d therefor e tha t  categorie s 
ar e separate d b y bounds .  A n objec t  i s  categorize d accordin g 
t o th e regio n o f  perceptua l  spac e i n whic h i t  lies .  Similarly , 
neura l  networ k model s (e.g. ,  Kruschke ,  1992 )  lear n 
hyperplan e boundarie s betwee n categories ,  capturin g thi s 
knowledg e i n thei r  trainabl e weights .  I n bot h cases ,  al l  o f 
th e cue s availabl e i n a  particula r  stimulu s ar e use d t o 
determin e th e regio n o f  multidimensiona l  space ,  an d henc e 
th e associate d category ,  i n whic h tha t  stimulu s falls . 

Thes e psychologica l  model s al l  categoriz e b y integratin g 
cue s an d usin g al l  th e cue s availabl e (excep t  i n G C M i f  a 
cu e ha s a n attentio n weigh t  o f  0) .  I n addition ,  trainin g thes e 
model s t o lea m ne w categorie s i s a  relativel y simpl e 
process .  Bu t  th e m e m o r y requirement s assume d b y thes e 
model s d o differ :  fo r  example ,  G C M assume s tha t  al l 
exemplar s eve r  encountere d ar e store d an d use d whe n 
categorizin g a  nove l  object ,  whil e D B T doe s no t  nee d t o 
stor e an y exemplars .  I n comparison ,  ou r  C B E algorith m 
doe s no t  integrat e al l  availabl e cues ,  i s  similarl y eas y t o 
train ,  an d typicall y require s littl e memory . 

Anothe r  approac h t o psychologica l  modelin g i s capture d 
i n th e discret e symbol-processin g framework  o f  Mille r  an d 
Laird' s (1996 )  Symboli c Concep t  Acquisitio n (SCA ) 
model .  Her e rule s ar e buil t  u p incrementall y fo r  classifyin g 
stimul i  accordin g t o specifi c  features ,  beginnin g wit h ver y 
genera l  rule s tha t  tes t  a  singl e featur e an d progressin g t o 
mor e detaile d rule s tha t  mus t  matc h th e stimul i  o n man y 
features .  Whil e ther e ar e similaritie s betwee n thi s approac h 
and C B E (i n particular ,  th e orde r  i n whic h feature s ar e 
processe d ca n b e relate d t o ou r  cu e validit y  measure) ,  on e 
majo r  differenc e i s tha t  ne w stimul i  ar e first  checke d agains t 
rule s usin g al l  availabl e cues ,  an d onl y whe n thi s fail s  ar e 
fewe r  cue s teste d agains t  th e mor e genera l  rules .  I n contrast , 
C BE begin s wit h a  singl e cue ,  an d onl y add s ne w one s tf 
necessary ,  thereb y minimizin g computation .  Th e earlie r 
E P AM symboli c discrimination-ne t  mode l  (Feigenbau m & 
Simon ,  1984 )  test s rule s i n th e efficien t  general-to-specifi c 
metho d w e advocate ,  bu t  th e res t  o f  ou r  approac h i s distinct . 

I n machin e learning ,  predominan t  categorizatio n theorie s 
includ e neura l  networks ,  Classificatio n an d Regressio n 
Tree s (o r  C A R T - s e e Breiman ,  Friedman ,  Olshen ,  &  Stone , 
1984) ,  an d decisio n tree s (e.g. ,  ID3-se e Quinlan ,  1993) . 
The goa l  o f  thes e machin e learnin g model s i s usuall y t o 
maximiz e categorizatio n accurac y o n a  give n usefu l  dat a set . 
Algorith m complexit y an d spee d ar e no t  typicall y th e mos t 
importan t  factor s i n developin g machin e learnin g models ,  s o 
tha t  man y ar e no t  psychologicall y plausible . 
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One mode l  tha t  doe s attemp t  psychologica l  plausibilit y 
by applyin g selectiv e attentio n t o unsupervise d concep t 
fomiatio n i s Gennari' s  (1991 )  C L A S S I T .  Thi s syste m 
classifie s object s initiall y  usin g a  subse t  o f  th e availabl e 
cue s determine d b y thei r  attentiona l  salience .  However ,  al l 
cue s mus t  stil l  b e considere d befor e a  final  decisio n i s 
reached ,  du e t o a  "wors t  case "  stoppin g rule . 

Thus ,  eve n thoug h m a n y o f  th e machin e learnin g model s 
(e.g. ,  C A R T an d C L A S S I T )  us e onl y a  fe w cue s durin g a 
give n categorization ,  th e proces s o f  settin g u p th e 
algorithm' s decisio n mechanism s beforehand ,  includin g 
determinin g whic h cue s t o use ,  ca n b e ver y complex .  I n 
contrast ,  ou r  C B E algorith m ha s a  simpl e learnin g phase , 
and stil l  maintain s comparabl e accurac y usin g fe w cues . 

3. Elimination Models 

Motivated by the concerns raised in section 1, we wanted 
t o develo p a  fas t  an d frugal  categorizatio n metho d tha t 
combine s th e bes t  aspect s o f  bot h th e psychologica l  an d 
machin e learnin g models .  Fro m th e psychologica l  model s 
we use d th e concept s o f  simpl e trainm g an d decisio n 
processe s an d a  smal l  m e m o r y load .  Fro m th e machin e 
learnin g model s w e too k th e notio n o f  categorizin g stimul i 
withou t  usin g al l  availabl e cues .  Thi s combinatio n le d u s 
t o loo k int o eliminatio n models . 

Classica l  eliminatio n model s wer e conceive d o f  fo r  choic e 
task s (Restle ,  1961 ;  Tversky ,  1972 )  I n a  sequentia l 
eliminatio n choic e model ,  a n objec t  i s chose n b y repeatedl y 
eliminatin g subset s o f  object s from ftirther  consideration , 
thereb y whittlin g d o w n th e se t  o f  remainin g possibilities . 
Firs t  a  particula r  subse t  o f  th e origina l  se t  i s  chose n wit h 
some probability ,  usin g a  particula r  featur e t o determin e th e 
subse t  members .  Subsequen t  subset s ar e chose n i n th e 
same manner ,  wit h successiv e features ,  unti l  onl y on e 
objec t  remains . 

The mos t  widel y know n eliminatio n mode l  i n 
psycholog y i s Tversky' s (1972 )  Eliminatio n b y Aspect s 
( E B A )  mode l  o f  probabilisti c  choice .  O n e o f  th e motivatin g 
factor s i n developin g E B A a s a  normativ e mode l  o f  choic e 
was tha t  ther e ar e ofte n m a n y relevan t  cue s tha t  m a y b e use d 
i n choosin g a m o n g comple x alternative s (Tversky ,  1972) . 
Therefore ,  par t  o f  an y reasonabl e psychologica l  mode l  o f 
choic e shoul d b e a  procedur e t o selec t  an d orde r  th e cue s t o 
use from  a m o n g m a n y alternatives .  I n E B A ,  th e cues ,  o r 
aspects ,  t o us e ar e selecte d accordin g t o thei r  utilit y  fo r 
some decisio n (fo r  instance ,  t o choos e a  restauran t  from 
thos e nearby ,  wha t  the y serv e an d h o w m u c h the y charg e 
migh t  b e th e mos t  importan t  aspects) .  Possibl e remainin g 
choice s tha t  d o no t  posses s th e curren t  aspec t  bein g use d fo r 
evaluatio n (fo r  instance ,  restaurant s tha t  d o no t  serv e 
seafood )  ar e eliminate d from  th e choic e set .  Furthermore , 
onl y aspect s tha t  ar e presen t  i n th e mos t  recen t  choic e se t  ar e 
considere d (fo r  instance ,  i f  al l  nearb y seafoo d restaurant s ar e 
cheap ,  the n expens e wil l  no t  b e use d a s a n aspec t  t o 
distinguis h furthe r  a m o n g them) .  Additiona l  aspect s ar e 
use d onl y unti l  a  singl e choic e ca n b e made ,  whic h i s 
differen t  from  th e categorizatio n model s describe d abov e tha t 
use al l  cues . 

4 .  C a t e g o r i z a t i o n b y E l i m i n a t i o n 

Our new Categorization by Elimination algorithm is a 
noncompensator y lexicographi c mode l  o f  categorization ,  i n 
tha t  i t  use s cue s i n a  particula r  order ,  an d categorizatio n 
decision s mad e b y earlie r  cue s canno t  b e altere d (o r 
compensate d for )  b y late r  cues .  I n C B E ,  cue s ar e ordere d 
and use d accordin g t o thei r  validity .  Fo r  ou r  presen t 
purpose s w e defin e validit y a s a  measur e o f  h o w accuratel y a 
singl e cu e categorize s som e se t  o f  stimul i  (i.e. ,  percen t 
correct) .  Thi s i s calculate d b y runnin g C B E onl y usin g th e 
singl e cu e i n question ,  an d seein g h o w m a n y correc t 
categorization s th e algorith m i s abl e t o make .  (I f  usin g th e 
singl e cu e result s i n C B E bein g unabl e t o decid e betwee n 
multipl e categorie s fo r  a  particula r  stimulus ,  a s wil l  ofte n b e 
th e case ,  th e algorith m choose s on e o f  thos e categorie s a t 
random-i n thi s case ,  cu e validit y wil l  b e relate d t o a  cue' s 
discriminator y power. )  Thu s i f  siz e alon e i s mor e accurat e 
i n categorizin g bird s (o r  mor e successfu l  a t  narrowin g d o w n 
th e possibl e categories )  tha n shap e alone ,  siz e woul d hav e a 
highe r  cu e validit y tha n shape .  (Ther e ar e othe r  way s tha t 
cue s ca n b e ordere d beside s b y validity ,  suc h a s randoml y o r 
i n orde r  o f  salience ,  whic h w e ar e currentl y exploring. ) 

C BE assume s tha t  cu e value s ar e divide d u p int o bin s 
(eithe r  nomina l  o r  continuous )  whic h correspon d t o certai n 
categories .  Thes e bin s for m th e knowledg e bas e tha t  C B E 
use s t o m a p cu e value s ont o th e possibl e correspondin g 
categories .  A s a n example ,  th e siz e cu e dimensio n fo r  bird s 
coul d b e divide d int o thre e bins :  a  larg e siz e bi n (whic h 
coul d b e specifie d numerically ,  e.g .  "ove r  5 0 cm" ) 
correspondin g t o th e categorie s o f  eagles ,  geese ,  an d swans ; 
a mediu m siz e bi n correspondin g t o crows ,  jays ,  an d hawks ; 
an d a  smal l  siz e bi n correspondin g t o sparrow s an d finches . 

T o buil d u p th e appropriat e bi n structures ,  th e relevan t 
cu e dimension s t o us e mus t  b e determine d ahea d o f  time . 
At  presen t  w e construc t  a  complet e bi n structur e befor e 
testin g C B E ' s categorizatio n performance ,  bu t  learnin g an d 
testin g coul d als o b e don e incrementally .  I n eithe r  case , 
bin s ca n b e constructe d i n a  variet y o f  way s from  th e 
fraining  examples~i n th e nex t  tw o sections ,  w e presen t  tw o 
possibilities . 

A flowchart  o f  C B E i s show n i n Figur e 1 .  Give n a 
particula r  stimulu s t o categorize ,  a n initia l  se t  o f  possibl e 
categorie s i s assumed ,  alon g wit h th e ordere d lis t  o f  cu e 
dimension s t o b e used .  Th e categorizatio n proces s begin s 
by usin g th e cu e dimensio n C  wit h th e highes t  validity . 
Next  a  subse t  S  o f  th e possibl e categorie s i s create d 
containin g jus t  thos e categorie s tha t  correspon d t o th e firs t 
cu e C' s valu e fo r  th e curren t  stimulu s objec t  (thi s subse t  i s 
determine d throug h th e binnin g m a p describe d earlier) ,  ff 
onl y on e categor y correspond s t o tha t  cu e value ,  th e 
categorizatio n proces s end s wit h thi s singl e category ,  ff 
mor e tha n on e categor y correspond s t o th e curren t  cu e value , 
tha t  se t  o f  possibl e categorie s S  i s kept ,  an d th e cu e wit h th e 
nex t  highes t  validity ,  C* ,  i s  checked .  Th e se t  o f  categorie s 
S correspondin g t o th e previou s cu e C' s valu e i s intersecte d 
wit h th e set ,  5* ,  o f  categorie s correspondin g t o th e presen t 
cu e C*' s value .  Thi s i s C B E ' s eliminatio n step . 

I f  onl y on e categor y remain s i n th e ne w se t  intersection , 
th e algorith m terminate s a t  thi s poin t  wit h tha t  on e 
category .  I f  mor e tha n on e categor y remains ,  thi s 
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intersectio n become s th e ne w se t  S  o f  remainin g 
possibilities ,  th e nex t  cu e i s checked ,  an d th e proces s i s 
repeated .  I f  th e intersectio n i s empty ,  the n th e presen t  cu e i s 
ignored ,  th e prio r  se t  5  o f  categorie s i s retained ,  an d th e nex t 
cu e i s evaluated .  Thi s proces s o f  checicin g cue s an d usin g 
the m t o reduc e th e remainin g se t  o f  possibl e categorie s 
continue s unti l  a  singl e categor y remains ,  o r  unti l  al l  th e 
cue s hav e bee n checked ,  i n whic h cas e a  categor y i s chose n 
fro m th e remainin g se t  a t  random . 

Thi s algorith m ha s severa l  interestin g features .  I t  i s  fruga l 
i n information ,  usin g onl y thos e cue s necessar y t o reac h a 
decision .  I t  i s  non-compensatory ,  wit h earlie r  cue s 
eliminatin g category-choic e possibilitie s tha t  ca n neve r  b e 
replace d b y late r  cues .  Th e binnin g function s use d t o 
associat e possibl e categorie s wit h particula r  cu e value s ca n 
be a s simpl e o r  detaile d a s desired ,  from  one-paramete r 
media n cut s t o multiple-cutof f  mappings .  An d th e exac t 
orde r  o f  cue s use d doe s no t  appea r  t o b e critical :  i n 
preliminar y tests ,  differen t  rando m cu e ordering s var y th e 
algorithm' s categorizatio n accurac y b y onl y a  fe w percentag e 
point s (but ,  interestingly ,  th e numbe r  o f  cue s use d wit h 
differen t  ordering s doe s var y mor e widely) . 

C BE i s clearl y simila r  t o E B A i n severa l  aspects ,  thoug h 
ther e ar e som e importan t  differences .  First ,  E B A i s a 
probabilisti c  mode l  o f  choic e whil e C B E i s (i n it s curren t 
form )  a  deterministi c mode l  o f  categorization .  Second ,  i n 
C BE cue s ar e ordere d befor e categorizin g s o tha t  th e sam e 
cu e orde r  i s use d t o evaluat e eac h object .  I n E B A ,  aspect s 
ar e selecte d probabilisticall y accordin g t o thei r  weight . 
Therefore ,  th e orde r  o f  aspect s i s no t  necessaril y  th e sam e fcr 
eac h object .  Third ,  a s mentione d previously ,  E B A onl y 
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Figur e 1 :  Flo w Diagra m o f  C B E 

choose s aspect s tha t  ar e presen t  i n th e curren t  se t  o f 
remainin g possibl e choices ,  an d therefor e th e proces s neve r 
terminate s wit h th e empt y set .  However ,  t o selec t  suc h a n 
aspect ,  al l  candidate s mus t  b e examine d t o determin e whic h 
aspect s ar e stil l  possibl e t o use .  C B E doe s n o suc h 
checkin g ahea d o f  tim e fo r  appropriat e cue s t o use ,  bu t  rathe r 
take s thi s circumstanc e int o accoun t  i n it s behavio r  whe n 
th e intersectio n o f  curren t  an d previou s possibl e categor y 
set s come s u p empty . 

5. CBE and Human Data 

Under what conditions might CBE be a plausible 
descriptio n o f  huma n categorization ? W e expec t  th e mos t 
evidenc e fo r  C B E t o com e from  situation s i n whic h 
categorizatio n ma y b e affecte d b y tim e an d cu e availabilit y 
constraints .  A s mentione d i n th e introduction ,  on e specifi c 
domai n wher e tim e an d numbe r  o f  availabl e cue s ar e limite d 
i s i n inferrin g intentio n from  motion .  Blythe ,  Miller ,  an d 
Tod d (1996 )  conducte d a n experimen t  i n whic h th e 
subjects '  tas k wa s t o infe r  intentio n from  motio n o f  tw o 
animate d bug s show n movin g abou t  o n a  compute r  screen . 
The movemen t  pattern s ha d al l  bee n previousl y generate d 
by othe r  subject s instructe d t o engag e i n variou s type s o f 
interactio n b y eac h controllin g th e motio n o f  a  singl e on -
scree n bug .  Th e si x possibl e categorie s o f  interactiv e 
motio n were :  pursuit ,  evasion ,  fighting ,  courting ,  bein g 
courted ,  an d playing .  Fo r  example ,  on e subject' s tas k 
woul d b e t o hav e thei r  bu g pursu e th e othe r  bug ,  whil e th e 
othe r  subjec t  woul d mov e thei r  bu g t o evad e thei r  pursuin g 
opponent .  Next ,  ne w subject s viewe d th e recorde d bu g 
interaction s an d throug h force d choice ,  categorize d th e 
interaction s a s a  specifi c  typ e o f  intentiona l  motion . 

Seve n salien t  cue s o f  motio n wer e calculate d fo r  eac h o f 
th e recorde d motio n pattern s (se e Blythe ,  Miller ,  &  Todd , 
1996 ,  fo r  details) .  Thes e cue s wer e use d t o compar e 
differen t  categorizatio n model s wit h eac h othe r  an d agains t 
human performance .  (Whil e w e canno t  b e sur e tha t  thes e ar e 
th e exac t  cue s use d b y th e huma n subjects ,  i t  i s  a  reasonabl e 
set  t o star t  with. ) 

The fou r  model s teste d wer e C B E an d thre e traditiona l 
cue-integratin g compensator y algorithms :  uni t  tallyin g 
(countin g u p th e tota l  numbe r  o f  cue s tha t  indicat e on e 
categor y versu s another ,  usin g th e sam e bi n mappin g a s 
C B E ) ,  weighte d tallyin g (addin g u p weighte d vote s from  al l 
th e cue s tha t  indicat e on e categor y versu s another ,  agai n 
usin g CBE' s binnin g alon g wit h weight s determine d b y 
correlation) ,  an d a  three-laye r  feed-forwar d neura l  networ k 
model  traine d b y backpropagatio n learnin g (se e Gigerenze r 
& Goldstein ,  1996 ,  fo r  mor e detail s o n th e first  two) . 

The bi n structur e use d fo r  C B E an d th e tallyin g 
algorithm s wer e determine d b y considerin g th e distributio n 
of  cu e value s fo r  eac h categor y an d placin g th e bi n 
boundarie s a t  point s o f  min imu m overla p betwee n 
categories .  A s a  result ,  som e cu e value s coul d b e mappe d 
ont o to o fe w possibl e categorie s (e.g .  i f  pursui t  wa s usuall y 
fas t  an d courtshi p usuall y slow ,  th e fas t  velocit y bi n woul d 
onl y ma p t o pursuit ,  an d thu s woul d mis s al l  thos e 
instance s o f  rapid ,  excite d courtshi p motion) .  Thu s thi s bi n 
mappin g mad e perfec t  categorizatio n impossibl e fo r  C B E i n 
thi s domain ,  an d ye t  i t  di d surprisingl y well .  Tabl e I  list s 
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Tabl e 1 :  Categorizatio n accuracie s an d averag e numbe r  c f 
cue s use d fo r  subject s an d model s (chanc e =  16.7%) . 

Metho d 
Subjec t 

CBE 
Wtall y 
Utall y 
Nnet 

Cat  Ac e 
4 9 . 3 3 % 
6 5 . 3 3 % 

64% 
63 .33 % 
88 .33 % 

A v g Cue s 
? 

3.7 7 
7 
7 
7 

th e averag e categorizatio n accuracie s o f  th e huma n subjects , 
th e categorizatio n accuracie s fo r  th e fou r  models ,  an d th e 
averag e numbe r  o f  cue s use d (thi s valu e i s unknow n fo r  th e 
human subjects) .  Sinc e ther e wer e si x possibl e categories , 
chanc e performanc e i s 16.7% . 

As ca n b e see n i n Tabl e 1 ,  huma n subject s performe d wel l 
abov e chanc e i n thi s task ,  an d th e fou r  categorizatio n 
algorithm s performe d bette r  still .  Th e neura l  networ k di d 
suspiciousl y fa r  bette r  tha n th e huma n subjects ,  indicatin g 
tha t  i t  ha s possibl y bee n overtraine d o n thi s data .  (Whe n 
teste d o n generalizatio n abilit y  o n a  furthe r  untraine d se t  o f 
motio n stimuli ,  th e network' s performanc e drop s t o 6 8 % , 
whil e th e othe r  thre e algorithm s hove r  aroun d 56%. )  Th e 
tallyin g algorithm s an d C B E ar e al l  m u c h close r  t o huma n 
performance ,  bu t  C B E achieve s it s accurac y whil e usin g 
onl y abou t  hal f  o f  th e cue s o f  th e others . 

The differenc e i n accurac y betwee n subject s an d th e 
algorithm s ca n b e explaine d i n par t  b y th e fac t  tha t  th e 
algorithm s ar e "trained "  o n al l  th e stimuli ,  eithe r  throug h 
th e binnin g proces s o r  neura l  networ k learnin g (30 0 motio n 
pattern s i n thi s  case) .  I n contrast ,  subject s mus t  mak e thei r 
categorization s withou t  previou s exposur e t o thes e stimul i 
(unde r  th e assumptio n tha t  the y woul d alread y kno w th e cu e 
structure s o f  thes e categorie s throug h thei r  experience s 
outsid e th e lab) .  T o m a k e a  mor e fine-grained  assessmen t  o f 
ho w wel l  eac h categorizatio n algorith m matche s th e huma n 
data ,  w e ar e performin g analyse s o f  th e case-by-cas e 
categorization s m a d e b y subject s an d algorithms .  Bu t  eve n 
withou t  thi s detaile d analysis ,  C B E emerge s a s a 
parsimoniou s contende r  a m o n g categorizatio n algorithm s i n 
thi s multi-cu e domain ,  an d th e clea r  winne r  whe n tim e an d 
information-availabilit y  constraint s ar e take n int o account . 

6. CBE and Machine Learning Algorithms 

It is difficult to compare CBE to existing categorization 
model s o n multiple-cu e huma n dat a beyon d th e domai n jus t 
presented ,  becaus e fe w othe r  experiment s hav e bee n 
performe d wit h mor e tha n thre e o r  fou r  cues .  Instead ,  a s a n 
alternativ e tes t  o f  C B E ' s genera l  accurac y potential ,  w e 
examine d h o w wel l  C B E categorize d variou s multi -
dimensiona l  object s usin g dat a from  th e U C I  Machin e 
Learnin g Repositor y (Mer z &  Murphy ,  1996) .  W e 
compare d th e performanc e o f  C B E t o a  standar d exempla r 
model  an d a  three-laye r  feed-forwar d neura l  networ k traine d 
wit h backpropagation .  Result s ar e show n i n Tabl e 2  fo r 
categorizatio n performanc e whe n traine d o n th e ful l  dat a set s 
and generalizatio n performanc e whe n traine d o n hal f  o f  eac h 
dat a se t  an d teste d o n th e othe r  hal f  I n addition ,  w e includ e 

th e bes t  reporte d categorizatio n performanc e w e hav e foun d 
fo r  eac h dat a se t  i n th e machin e learnin g literature . 

For  th e followin g comparisons ,  C B E use d "perfect " 
binning s fo r  th e cu e values .  Thi s mean s tha t  th e cue-valu e 
bin s alway s m a p t o th e entir e se t  o f  possibl e categorie s 
associate d wit h thos e particula r  cu e value s (unlik e th e bin s 
i n th e motio n categorizatio n example ,  wher e onl y th e mos t 
prevalen t  categorie s i n eac h bi n wer e returned) .  Wit h perfec t 
binning ,  th e sam e categorizatio n accurac y i s alway s obtaine d 
regardles s o f  th e orde r  i n whic h th e cue s ar e used .  However , 
when th e cue s ar e ordere d b y validity ,  categorization s ca n b e 
accomplishe d usin g th e fewes t  numbe r  o f  cues . 

Tabl e 2  show s th e result s o f  thes e comparison s fo r  thre e 
dat a sets .  Th e first  i s  th e famou s iri s  flower  databas e i n 
whic h ther e ar e 15 0 instance s classifie d int o thre e categorie s 
(differen t  iri s  species )  usin g fou r  continuous-value d feature s 
(length s an d width s o f  flowe r  parts) .  Th e nex t  compariso n 
use d win e recognitio n data ,  i n whic h 1 3 chemical-conten t 
cue s ar e use d t o classif y 17 8 wine s a s on e o f  thre e particula r 
Italia n vintages .  Th e thir d dat a se t  analyze d contain s tw o 
mushroo m categories ,  poisonou s an d edible ,  wit h 2 2 
nominall y value d dimensions ,  an d 812 4 tota l  instances . 

Overall ,  C B E doe s ver y wel l  o n thes e thre e set s o f  multi -
featur e natura l  objects ,  whil e usin g onl y a  smal l  proportio n 
of  th e availabl e cues .  C B E eve n perform s wel l  i n 
compariso n wit h model s specificall y designe d fo r  th e bes t 
possibl e performanc e o n thes e particula r  dat a sets .  W e wer e 
not  expectin g C B E t o outperfor m thes e specialize d 
algorithms ;  merel y bein g i n th e sam e ballpar k i s a  powerfu l 
testamen t  t o thi s approach' s potentia l  accurac y acros s varie d 
domains .  Furthermore ,  thes e algorithm s al l  emplo y th e ful l 
set  o f  cues ,  makin g th e contras t  wit h C B E ' s hig h accurac y 
throug h limite d informatio n al l  th e mor e striking . 

7. Future Work 

The results we have presented here indicate that a fast and 
frugal  approac h t o categorizatio n i s a  viabl e alternativ e t o 
cue-integratin g compensator y models .  B y onl y usin g thos e 
cue s necessar y t o firs t  mak e a  categorica l  decision ,  C B E ca n 
categoriz e stimul i  unde r  tim e pressur e an d informatio n 
constraints .  Moreover ,  i f  certai n cue s ar e missin g (i.e .  som e 
featur e value s ar e unknow n o r  canno t  b e perceived) ,  C B E 
ca n stil l  us e th e othe r  availabl e cue s t o com e u p wit h a 
categor y judgmen t  (w e ar e i n proces s o f  collectin g dat a o n 
thi s typ e o f  generalizatio n abilit y  acros s differen t 
categorizatio n algorithms) .  Ye t  C B E stil l  perform s ver y 
accurately ,  despit e it s limite d us e o f  knowledge ,  rivaling  th e 
abilitie s o f  m u c h mor e comple x an d sophisticate d 
algorithm s (no t  t o mentio n h u m a n subjects!) . 

The followin g issue s stil l  nee d t o b e explored .  First , 
h o w shoul d bi n structure s b e created ? Incrementa l  learnin g 
ca n buil d th e cue-valu e bin s graduall y a s mor e an d mor e 
stimul i  ar e seen .  Bu t  h o w fa r  shoul d thi s learnin g proces s 
go ,  an d i n wha t  w a y shoul d i t  proceed ? W e hav e presente d 
tw o alternative s here ,  an d ther e ar e m a n y other s possible . 
O ne importan t  issu e t o explor e furthe r  i s th e performanc e 
tradeof f  betwee n accurac y an d th e amoun t  o f  knowledg e 
capture d i n th e bi n structur e (CBE' s m e m o r y requirements) . 

Second ,  mor e dat a from  huma n performanc e o n 
categorizin g multi-dimensiona l  object s need s t o b e collecte d 
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Tabl e 2 :  Categorizatio n accuracie s an d averag e numbe r  o f  cue s use d fo r  variou s model s o n thre e dat a set s 

Model 

CBE 

Nnet 

Best 
Reporte d 

Train/Tes t 
Set  Siz e 

Ful l 
Hal f 
Ful l 
Hal f 

Iri s 

Cat  Ac e 
9 1 . 3 3 % 
92.4 0 % 
97.6 7 % 
97.0 7 % 

9 8 % 
(James , 

Avg Cue s 
40.0 0 % 
26.2 4 % 

100 % 
100 % 

1985 ) 

Win e 

Cat  Ac e Av g Cue s 
96.6 3 % 20.7 4 % 
9 0 . 3 7 % 15.83 % 

100 % 100 % 
95.95 % 100 % 

100 % 
(Aeberhar d etal. ,  1992 ) 

Mushroo m 

Cat  Ac e Av g Cue s 
9 1 . 7 1 % 2 6 . 1 1 % 
9 1 . 6 6 % 2 6 . 1 6 % 
8 6 . 2 1 % 1 0 0 % 

95.0 0 % 
(Schlimmer ,  1987 ) 

and analyze d t o compar e C B E wit h othe r  categorizatio n 
models .  W e ar e particularl y intereste d i n investigatin g th e 
pattern s o f  misclassifications ,  learnin g curves ,  an d predicte d 
time-course s associate d wit h C B E an d huma n performance . 
The intriguin g finding  i n ou r  intentio n fro m motio n dat a 
tha t  categorizatio n accurac y varie d littl e wit h change s i n cu e 
orde r  ca n als o b e studie d experimentally . 

Third ,  categor y base-rate s an d payoff s fo r  righ t  an d wron g 
classification s shoul d b e incorporate d int o th e model .  Fo r 
example ,  wit h th e mushroo m categorie s describe d i n th e 
previou s section ,  i f  a  mushroo m remain s uncategorize d a s 
poisonou s o r  saf e eve n afte r  al l  th e cue s hav e bee n used ,  i t 
seems reasonabl e t o er r  o n th e sid e o f  cautio n an d gues s tha t 
th e mushroo m i s poisonous . 

Wit h thes e ftuther  exploration s an d extension s t o C B E , 
we wil l  com e t o understan d th e algorithm' s behavio r  better , 
and b e abl e t o mak e i t  a  bette r  mode l  o f  huma n behavio r  i n 
turn .  Fo r  now ,  though ,  w e hav e show n evidenc e fo r  th e 
vie w tha t  th e min d nee d no t  amas s an d combin e al l  th e 
availabl e cue s whe n tellin g a  haw k from a  dove ,  o r  a  threa t 
fi-om  a  flirt-fas t  an d fioigal  doe s th e trick . 
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