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P r i m a c y Effect s a n d Selectiv e At tent io n i n I nc remen ta l  Cluster in g 

Davi d M .  Tha u 
Universit y o f  Michigan ,  An n Arbo r 

330 Packar d Rd . 
Ann Arbor ,  Michiga n 4810 4 

Phone:  (313 )  764-031 8 
E-mail :  thau@engin.umich.ed u 

Abstrac t 

[ncrementa l  clusterin g i s a  typ e o f  categorizatio n i n 
whic h learnin g i s  unsupervise d an d change s t o 
categor y structur e occu r  gradually .  Whil e ther e ha s 
bee n littl e psychologica l  researc h o n thi s subject , 
severa l  computationa l  model s fo r  incrementa l 
clusterin g hav e bee n constructed .  Althoug h thes e 
model s provid e a  goo d fit  t o dat a provide d b y som e 
psychologica l  studies ,  the y overloo k th e importanc e 
of  selectiv e attentio n i n incrementa l  clustering .  Thi s 
pape r  compare s th e performanc e o f  tw o models , 
Anderson' s (1990 )  rationa l  mode l  o f  categorization , 
and Fisher' s (1987 )  C O B W E B,  t o tha t  o f  h u m a n 
subject s i n a  tas k whic h stresse s th e importanc e o f 
selectiv e attention .  I n th e study ,  subject s wer e show n 
a serie s o f  pictoria l  stimul i  i n on e o f  tw o orders .  Th e 
result s showe d tha t  subject s focusse d thei r  attentio n 
on th e first  extrem e featur e the y saw ,  an d late r  use d 
thi s featur e t o classif y ambiguou s stimuli .  Bo t h 
model s fai l  t o predic t  huma n performance .  Thes e 
result s indicat e th e nee d fo r  a  selectiv e attentio n 
mechanis m i n incrementa l  clusterin g a s wel l  a s 
provid e on e constrain t  o n h o w suc h a  mechanis m 
migh t  work . 

Introduction 

Imagine trying to acclimate yourself to a city you 
hav e neve r  visite d before .  A s yo u wande r  throug h th e 
streets ,  yo u m a y begi n t o notic e similaritie s an d 
difference s betwee n th e style s o f  som e o f  th e houses . 
Each ne w hous e m a y remin d yo u o f  a  fe w others , 
leadin g yo u t o grou p the m together .  Eventually ,  yo u 
may for m fairl y wel l  define d categories .  Th e proces s 
throug h whic h thes e categorie s ar e devise d i s calle d 
incrementa l  clustering .  Incrementa l  clusterin g m a y 
be characterize d b y tw o qualities .  First ,  learnin g i s 
unsupervised .  I n th e exampl e above ,  th e house s wer e 
divide d int o categorie s withou t  feedbac k fro m a 
teacher .  Second ,  change s t o th e categor y 
representatio n ar e mad e incrementall y Eac h n e w 
exempla r  i s  incorporate d int o a n alread y existin g 
categor y structure .  Thi s i s  i n contras t  t o non -

incrementa l  categorization ,  i n whic h th e entir e 
categor y structur e i s  reconsidere d wheneve r  a  n e w 
exempla r  i s  encountered . 

Surprisingly ,  incrementa l  clusterin g ha s receive d 
littl e attentio n fro m th e cognitiv e psycholog y 
community .  Whil e bot h supervised ,  incrementa l 
categor y learnin g (e.g .  Posne r  &  Keele ,  1968 ,  Smit h 
&.  Medin ,  1981) ,  an d unsupervised ,  non-incrementa l 
categor y learnin g (e.g .  A h n &  Medin ,  i n press , 
Bersted ,  Brow n &  Evans ,  1969 )  hav e bee n studie d i n 
detail ,  ther e hav e bee n fe w experiment s o n 
unsupervised ,  incrementa l  categor y learnin g (Frie d & 
Holyoak ,  1984 ,  H o m a &  Cultice ,  1984) . 

I n th e machin e learnin g literature ,  o n th e othe r 
hand ,  incrementa l  clusterin g ha s receive d a  goo d dea l 
of  attention .  Th e combinatori c explosion s tha t  resul t 
i n compute r  system s tha t  tr y t o organiz e categorie s i n 
a non-incrementa l  fashio n hav e lea d machin e learnin g 
researcher s t o stud y incrementa l  learning .  This , 
couple d wit h th e nee d fo r  system s tha t  lear n withou t 
constan t  an d consisten t  feedback ,  ha s lea d t o severa l 
model s o f  incrementa l  clustering .  1  wil l  briefl y 
describ e tw o o f  th e mor e recen t  computationa l  model s 
of  incrementa l  clustering ,  Anderson' s (1990 )  rationa l 
model  o f  categorization ,  an d Fisher' s (1987 ) 
C O B W EB model .  Thes e description s wil l  b e 
followe d b y a  stud y tha t  demonstrate s a  fla w share d 
by thes e models . 

Th e firs t  mode l  1  wil l  describ e i s  Anderson' s 
rationa l  mode l  o f  categorization .  Anderso n provide s a 
Bayesia n analysi s o f  categor y structur e goodness . 
W h en presente d with  a  n e w stimulus ,  th e mode l 
calculate s th e goodnes s o f  th e whol e categor y schem e 
fo r  eac h possibl e categorizatio n o f  th e n e w stimulus . 
For  example ,  i f  th e mode l  ha s alread y constructe d 
thre e categories ,  i t  determine s th e goodnes s o f  fou r 
differen t  categor y structures :  on e structur e fo r  w h e n 
th e ne w ite m i s place d i n eac h o f  th e alread y existin g 
categories ,  an d on e structur e fo r  whe n a  n e w categor y 
containin g onl y th e ne w ite m i s created . 

Althoug h th e actua l  formul a Anderso n use s t o 
determin e categor y structur e goodnes s i s no t 
importan t  fo r  th e purpose s o f  thi s paper ,  i t  i s 
importan t  t o not e tha t  goodnes s i s  determine d b y 
featur e count s withi n eac h category .  Informatio n 
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Ear s Orde r Tail s Orde r 

Figur e 1 :  Th e tw o order s o f  th e stimuli .  Th e firs t  orde r  i s mean t  t o stres s ears ,  th e second  i s mean t  t o 
stres s tails .  Th e stimul i  hav e bee n reduce d t o approximatel y 3 0 % o f  thei r  actua l  size . 

abou t  th e orde r  i n whic h th e item s wer e classifie d i s 
los t  Informatio n abou t  w h y a n ite m wa s classifie d 
th e w a y i t  wa s i s als o lost .  Anothe r  interestin g 
limitatio n o f  Anderson' s mode l  i s tha t  i t  canno t 
chang e it s partitionings .  Onc e a n ite m i s classified , 
i t  canno t  b e reclassifie d unles s i t  i s  see n agai n 

Whi l e Fisher' s C O B W EB doe s allo w fo r 
reclassificatio n o f  stimuli ,  an d use s a  differen t 
categor y structur e goodnes s function ,  i t  i s  i n othe r 
way s ver y simila r  t o Anderson' s model .  W h e n 
C O B W EB i s show n a  n e w stimulus ,  it ,  lik e 
Anderson' s model ,  consider s th e goodnes s o f  placin g 
th e ite m i n eac h o f  it s  categories ,  o r  a  ne w category . 
I n addition ,  C O B W EB consider s eithe r  mergin g th e 
tw o bes t  categories ,  an d placin g th e ite m i n th e 
merge d category ,  o r  splittin g th e singl e bes t  categor y 
int o two ,  an d placin g th e ite m int o on e o f  them . 
Althoug h th e mode l  ca n reclassif y items ,  i t  share s th e 
informatio n reductio n limitation s o f  Anderson' s 
model .  Al l  informatio n othe r  tha n th e presen t 
membershi p o f  eac h categor y i s los t 

People ,  however ,  m a y represen t  informatio n 
beyon d categor y membership .  The y may ,  fo r 
example ,  remembe r  ̂ y the y categorize d a n exempla r 
th e w a y the y did .  Conside r  tw o peopl e w h o hav e 
sorte d a  se t  o f  item s int o th e sam e categories ,  bu t 
hav e don e s o fo r  differen t  reasons .  Althoug h thes e 
differen t  reason s m a y no t  hav e manifeste d themselve s 
yet ,  ther e m a y b e a  poin t  i n th e futur e wher e thes e 
tw o peopl e wil l  reac t  differentl y t o a  ne w exemplar . 
Consider ,  o n th e othe r  hand ,  tw o run s o f  C O B W EB 
or  Anderson' s model .  Becaus e thes e m o d e k onl y 
represen t  th e curren t  membershi p o f  eac h category , 
tw o run s wrtiic h hav e forme d th e sam e categorie s wil l 
categoriz e a  ne w exempla r  th e sam e way . 

Th e simulation s an d experimen t  tha t  follo w wil l 
demonstrat e tha t  thi s limitatio n o f  th e model s i s 
indee d a  problem .  Eigh t  picture s o f  mic e wit h 
differen t  size d tail s  an d ear s wer e use d a s stimuli .  Th e 
mic e wer e actuall y eigh t  picture s o f  th e sam e mouse , 
scanne d int o a  Macintos h computer ,  an d modifie d 
usin g a  graphic s program .  I n si x ou t  o f  th e eigh t 
mice ,  th e ea r  siz e an d tai l  siz e wer e positivel y 
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correlated ;  mic e wit h bi g ear s als o ha d bi g tails ,  mic e 
wit h smal l  ear s ha d smal l  tails .  O f  thes e six ,  fou r 
had on e relativel y extrem e feature ,  eithe r  ca n tha t 
wer e ver y bi g o r  ver y small ,  o r  a  tai l  tha t  wa s ver y 
bi g o r  ver y small .  I n th e remainin g tw o mice ,  ea r 
siz e an d tai l  lengt h wer e negativel y correlated ;  on e 
mouse ha d bi g ear s an d a  smal l  taD ,  th e othe r  ha d 
smal l  ear s an d a  bi g tail .  Se e Figur e 1  fo r  a  graphica l 
representatio n o f  th e stimuli . 

The mic e were  pu t  int o tw o orders ,  eac h o f  whic h 
i s represente d i n th e Figure .  Th e Qrs t  tw o mic e (mic e 
1 an d 2 )  wer e th e sam e i n bot h orders .  Thes e wer e 
th e tw o mic e tha t  maintaine d a  positiv e correlatio n 
betwee n ea r  siz e an d tai l  length ,  bu t  ha d moderatel y 
size d features .  Th e nex t  fou r  mic e wer e eithe r  ordere d 
suc h tha t  th e tw o mic e wit h th e extrem e ea r  size s 
came next ,  o r  th e tw o mic e wit h th e extrem e tai l 
size s cam e next .  Th e nex t  tw o mic e i n eac h orde r 
wer e th e othe r  tw o mic e wit h extrem e features .  Th e 
final  mic e (mic e 7  an d 8 )  wer e thos e i n whic h th e 
feature s violate d th e positiv e correlation .  On e o f 
thes e mic e ha d a  lon g tai l  bu t  shor t  ears ,  th e othe r  ha d 
a shor t  tai l  an d lon g ears . 

The stimul i  wer e ordere d t o induc e huma n subject s 
t o pa y attentio n t o ear s i n on e conditio n an d tail s i n 
th e other .  Th e hypothesi s wa s tha t  subject s woul d 
atten d t o th e first  extrem e featur e the y sa w an d the n 
focu s mos t  o f  thei r  attentio n o n tha t  featur e 
throughou t  th e sorting .  Durin g th e sortin g o f  th e 
firs t  si x mice ,  however ,  thi s attentio n weightin g ha s 
no effec t  o n performance .  Becaus e th e feature s o f 
thes e mic e were  positivel y correlated ,  th e sortin g wil l 
be th e sam e regardles s o f  whic h featur e wa s mor e 
important ;  mic e wit h bi g ear s an d bi g tail s  wil l  b e 
sorte d int o on e category ,  mic e wit h smal l  ear s an d 
smal l  tail s  wil l  b e sorte d int o th e other .  I n term s o f 
th e model s describe d above ,  bot h order s wil l  produc e 
th e sam e categor y structure . 

The tes t  o f  th e mode k come s durin g th e sortin g o f 
th e final  tw o mice .  Becaus e th e feature s o f  thes e 
mic e violat e th e positiv e correlation ,  th e wa y i n 
whic h the y ar e sorte d provide s importan t  informatio n 
abou t  th e subject' s sortin g strategy .  I f  th e subjec t 
thinlc s ea r  siz e i s mor e important ,  h e o r  sh e wil l  pu t 
th e mous e wit h smal l  ears ,  bu t  a  larg e tail ,  int o th e 
categor y o f  mic e wit h smal l  ear s an d smal l  tails .  I f 
tai l  siz e i s mor e important ,  th e subjec t  wil l  pu t  th e 
same mous e int o th e othe r  category .  However ,  th e 
tw o model s ca n no t  accoun t  fo r  thi s result .  Becaus e 
th e model s bas e thei r  sorting s entirel y o n th e curren t 
categor y structure ,  th e orde r  b y whic h tha t  structur e 
was create d ha s n o effec t  Therefore ,  becaus e th e tw o 
ordering s produc e th e sam e categories ,  th e differen t 
orderin g o f  th e stimul i  shoul d have  n o effec t  o n th e 
models '  sortings . 

The precedin g observatio n wa s supporte d b y 

simulation s usin g Fisher' s an d Anderson' s models* . 
Bot h model s too k tw o feature s a s input ,  th e siz e o f 

eac h mouse' s ear s (i n cm^ )  an d tai l  (i n cm) .  Th e 
stimul i  wer e presente d t o th e model s i n th e tw o 
differen t  order s describe d above .  A s ca n b e see n i n 
Tabl e 1 ,  neithe r  Fisher' s C O B W E B,  no r  Anderson' s 
rationa l  mode l  showe d an y effec t  o f  order . 

C O B W E B̂ sorte d th e las t  tw o mic e accordin g t o tai l 

lengt h regardles s o f  th e order .  Anderson' s model^ , 
whic h output s th e probabilit y  o f  sortin g a  stimulu s 
int o eac h possibl e category ,  provide d th e sam e 
probabilitie s regardles s o f  th e order . 

I n summary ,  neithe r  mode l  wa s affecte d b y th e 
differen t  ordering s o f  th e stimuli .  Th e remainde r  o f 
th e pape r  compare s thes e result s wit h thos e o f  huma n 
subjects . 

Method 

Thirty-five University of Michigan undergraduates 
participate d i n th e stud y a s par t  o f  a n introductor y 
psycholog y cours e requirement .  Th e subjects ,  w h o 
wer e teste d individually ,  wer e tol d tha t  the y woul d b e 
shown picture s o f  differen t  mice .  The y wer e tol d tha t 
thei r  tas k wa s t o sor t  th e mic e int o tw o differen t 
kinds ,  bu t  tha t  i t  wa s u p t o the m t o decid e h o w t o 
divid e them .  The y wer e als o tol d tha t  a t  an y poin t 
the y coul d reclassif y an y o f  th e mice .  Thi s 
reclassificatio n wa s permitte d fo r  tw o reasons .  First , 
i n earl y stage s o f  categorization ,  reclassificatio n 
shoul d b e expecte d (Frie d an d Holyoak ,  1984) . 
Second ,  th e model s bein g teste d bot h tak e int o 
accoun t  th e nee d fo r  reclassification .  Fisher' s 
C O B W EB mode l  explicitl y  allow s reclassificatio n 
throug h it s mergin g an d dividin g operations . 
Anderson' s rationa l  mode l  require s fliat  th e mea n an d 
varianc e o f  eac h featur e o f  th e stimul i  b e 
predetermined ,  reducin g th e amoun t  o f  reclassificatio n 
necessary . 

The experimen t  proceede d wit h th e experimente r 
presentin g th e mic e t o th e subject s on e b y one .  Afte r 
eac h mous e wa s shown ,  subject s classifie d i t  b y 
verball y respondin g eithe r  A  o r  B .  Th e mous e wa s 
the n place d i n fron t  o f  th e subjec t  i n a  wa y tha t 
allowe d subject s t o se e h o w eac h mous e ha d bee n 
classified .  Subject s wer e permitte d t o se e al l  thei r 

Wersion s o f  bot h model s wer e kindl y provide d b y 
thei r  authors . 

Înstea d o f  C O B W E B,  Fisher' s CLASSI T progra m 
was used .  CLASSI T i s a  versio n o f  C O B W EB whic h 
allow s fo r  feature s wit h rea l  values .  C O B W EB onl y 
allow s nomina l  values .  Acuit y i n thi s simulatio n 
was se t  t o 0.5 . 

^Th e couplin g paramete r  i n thes e run s wa s se t  t o 0.3 . 
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Tabl e 1 

Orde r 

Ear s 
Tai l 

Orde r 

Ears 
Tai l 

Fisher' s C O B W EB 

Sorte d b v 

Ear s 

0 
0 

Tai l 

100 
100 

Anderson' s Rationa l  Mode l 

Sorte d b v 

Ear s 

27 
27 

Tai l 

23 
23 

Othe r 

0 
0 

Othe r 

50 
50 

classification s i n orde r  t o diminis h relianc e o n 
memory.  Th e model s o f  incrementa l  clusterin g bein g 
teste d bot h assum e tha t  th e syste m ha s ful l  memor y 
of  th e stimul i  i t  ha s seen .  I f  subject s wer e no t 
allowe d t o se e th e mic e the y ha d classified ,  the y 
woul d hav e bee n workin g wit h les s informatio n tha n 
th e model s bein g tested .  Afte r  al l  th e mic e fro m on e 
orde r  ha d bee n presente d an d classified ,  th e 
experimente r  aske d th e subjec t  i f  h e o r  sh e wa s 
satisfie d wit h th e sorting ,  an d the n aske d th e subjec t 
t o describ e th e categorie s tha t  wer e formed . 

Result s 

were anticipated .  Thes e subject s ar e represente d i n th e 
'other *  colum n o f  Tabl e 2 .  Mos t  o f  th e subject s wh o 
fel l  int o thi s conditio n pu t  a  mous e tha t  ha d a n 
extrem e featur e (suc h a s th e mous e wit h th e smalles t 
ears )  int o on e categor y an d th e res t  o f  th e mic e i n th e 
othe r  category . 

The manipulatio n clearl y ha d th e expecte d effect , 

y}{l ,  N-35 )  -  10.6 ,  p  <  0.005 .  Subject s wh o wer e 
presente d wit h th e stimul i  tha t  wer e ordere d t o 
emphasiz e ea r  siz e di d i n fac t  sor t  b y ea r  size .  Thos e 
who wer e presente d wit h th e stimul i  tha t  wer e ordere d 
t o emphasiz e tai l  lengt h wer e mor e likel y t o sor t  b y 
tai l  length . 

Tabl e 2  show s th e percentag e o f  subject s i n eac h orde r 
conditio n wh o sorte d th e mic e b y ea r  size ,  tai l  length , 
or  somethin g else .  A s describe d i n th e introduction , 
th e stimul i  wer e constructe d suc h tha t  on e sortin g 
clearl y indicate d tha t  th e subjec t  wa s sortin g b y tai l 
length ,  an d anothe r  sortin g clearl y indicate d tha t  th e 
subjec t  wa s sortin g b y ea r  size .  Onl y si x o f  th e 3 5 
subject s provide d sorting s differen t  fro m th e tw o tha t 

Discussio n an d Conc lus io n 

The results summarized above indicate that models of 
incrementa l  clusterin g nee d t o tak e th e rol e o f 
selectiv e attentio n int o account .  Neithe r  Fisher' s 
C O B W E B,  no r  Anderson' s rationa l  mode l  provid e 
mechanism s b y whic h differen t  feature s ca n becom e 

Tabl e 2 
Percentag e o f  Subject s i n Eac h Orde r  Who Sorte d b y Ea r  Size ,  Tai l  Length ,  o r  Somethin g Els e 

Sorte d b v 

Orde r 

Ears 
TaU 

Ear s 

72 
41 

Tai l 

0 
53 

Othe r 

28 
6 
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more o r  les s importan t  i n th e mids t  o f  a 
categorizatio n tas k apar t  fro m th e straigh t 
accumulatio n o f  features .  Althoug h bot h model s ca n 
prese t  th e salienc e <r f  th e differen t  features ,  neithe r  ca n 
chang e featur e weight s on-line . 

The result s furthe r  provid e on e constrain t  o n ho w 
a selectiv e attentio n mechanis m shoul d work . 
Subject s i n thi s tas k focusse d o n th e firs t  featur e tha t 
clearl y differentiate d betwee n tw o categorie s an d late r 
use d thi s featur e whe n classifyin g amb iguou s 

examples. ^ 
H ow thi s featur e weightin g occur s i n peopl e ha s 

yet  t o b e determined .  On e simpl e explanatio n fo r  th e 
result s o f  thi s stud y i s tha t  onc e th e subject s foun d a 
salien t  featur e alon g whic h t o classify ,  the y ignore d 
al l  othe r  features .  If ,  fo r  example ,  ea r  siz e seeme d 
lik e a  diagnosti c feature ,  a  subjec t  coul d simpl y loo k 
at  th e ear s o f  eac h stimulu s an d ignor e th e othe r 
features .  Thi s mechanis m migh t  b e implemente d a s a 
rule-lik e syste m (i f  bi g ears ,  the n categor y A ) ,  whic h 
woul d obviat e th e nee d fo r  th e Anderso n an d Fishe r 
model s onc e a  satisfactor y featur e wa s discovered . 

Althoug h thi s approac h t o selectiv e attentio n 
woul d fit  th e result s o f  thi s study ,  i t  i s  unlikel y tha t 
subject s completel y ignor e al l  bu t  th e m o s t 
diagnosti c features .  I f  thi s wer e true ,  peopl e coul d 
not  adap t  t o changin g circumstances .  I n addition , 
ther e i s evidenc e (Medin ,  Watterunake r  an d Michalski , 
1987)  tha t  peopl e includ e redundan t  informatio n v4ie n 
devisin g classificatio n rules .  A n alternativ e approac h 
woul d involv e learnin g featur e weight s acros s 
dimensions .  Whil e ther e ha s bee n a  grea t  dea l  o f 
wor k o n featur e weightin g model s whe n feedbac k i s 
immediate ,  fe w model s (cf .  Gennari ,  1991 ,  Kohonen , 
1982 ,  Rumelhar t  an d Zipser ,  1985 ,  Grossberg ,  1987 ) 
hav e bee n develope d whic h appl y t o unsupervise d 
learning .  Futur e researc h wil l  involv e applyin g thes e 
model s t o th e presen t  task ,  an d extendin g the m o r 
positin g ne w model s wher e necessary . 

I n conclusion ,  curren t  model s o f  incrementa l 
clusterin g mus t  b e extende d t o tak e int o accoun t  on -
lin e learnin g o f  featur e weighting .  Althoug h th e 
mechanism s involve d i n thi s weightin g ar e stil l 
uncertain ,  thi s stud y ha s provide d on e constraint ; 
salien t  difference s betwee n feature s ar e weighte d mor e 
heavil y whe n the y occu r  i n earl y examples . 

"̂ RecenUy ,  Gennar i  (1991 )  describe d C L A S S W E B,  a n 
extensio n o f  C O B W EB tha t  include s a  selectiv e 
attentio n mechanism .  C L A S S W E B 's selectiv e 
attentio n mechanism ,  however ,  mainl y act s t o focu s 
attentio n awa y fro m irrelevan t  features .  I n th e stud y 
describe d here ,  bot h feature s ar e relevant . 
Consequently ,  C L A S S W EB doe s no t  predic t  th e 
result s provide d b y huma n subjects .  Instead ,  i n thi s 
situation ,  C L A S S W EB behave s exactl y lik e 
COBWEB. 
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