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A C o n s t r a i n t - M o t i v a t e d M o d e l 

o f  C o n c e p t  F o r m a t i o n * 

Craig S. Miller and John E. Laird 

Artificia l  Intelligenc e Laborator y 

The Universit y o f  Michiga n 

1101 Bea l  Ave . 

Ann Arbor ,  Michiga n 48109-211 0 

Abstrac t 

A cognitive model for learning associations between 
word s an d object s i s  presented .  W e first  lis t  basi c 
constraint s t o whic h th e mode l  mus t  adhere .  Th e con -
straint s aris e fro m tw o sources .  Firs t  the y ste m fro m 
observe d psychologica l  phenomen a includin g typical -
it y effects ,  extensio n error s observe d fro m childre n 
and belief-dependen t  behavior .  Secondl y the y aris e 
fro m ou r  choic e t o integrat e th e mode l  i n a  unifie d 
theor y o f  cognition .  I n presentin g th e constraint s t o 
th e model' s construction ,  w e motivat e ou r  desig n de -
cision s whil e describin g ou r  algorith m tha t  take s a 
symbolic ,  production-base d approach .  Th e model' s 
adherenc e t o th e constraint s i s  furthe r  supporte d b y 
some empirica l  results . 

Introduction 

I n thi s paper ,  w e presen t  a  mode l  fo r  concep t  acquisitio n 
simila r  t o th e learnin g task s i n system s suc h a s ID 3 [Quin -
lan ,  1986 ]  an d C O B W EB (whe n use d t o predic t  features ) 
[Fisher ,  1987] .  However ,  ou r  mode l  ha s bee n subjecte d t o 
furthe r  constraint s i n it s rol e o f  a  psychologica l  model .  I n 
particular ,  w e accoun t  fo r  phenomen a observe d i n childre n 
acquirin g ne w word s a s wel l  a s th e mor e genera l  robus t 
phenomen a observe d i n conceptua l  acquisition .  Further -
more ,  i n orde r  t o groun d ou r  mode l  i n a  broader ,  existin g 
theory ,  w e propos e t o implemen t  th e mode l  i n a  unifie d 
theor y o f  cognition . 

I n thi s paper ,  th e tas k require s ou r  mode l  t o predic t 
objec t  name s o f  unlabele d object s base d upo n trainin g ex -
ample s tha t  includ e th e objec t  name .  Fo r  ou r  task ,  w e 
choos e t o represen t  objec t  instance s a s list s o f  atuibute -
valu e pairs .  Fo r  example ,  a  particula r  instanc e o f  a  bal l 
may b e represente d a s follows :  [shape:spherica l  color:blu e 
texture:smoot h size:large] .  Whil e hmitin g instanc e de -
scription s t o list s o f  attribute-valu e pair s admittedl y re -
strict s expressibility ,  th e representatio n stil l  permit s spec -
ification s fo r  a n adequat e assortmen t  o f  object s an d easil y 
suffice s fo r  illustratin g som e o f  th e model' s interestin g be -
haviors . 

' A simila r  versio n o f  thi s pape r  appeare d a s [Mille r  an d Laird , 
1991] . 

D e s i g n const ra in t s 

I n thi s section ,  w e presen t  th e majo r  constraint s tha t  le d u s 
t o th e model' s curren t  design .  T h e psychologica l  motiva -
tion s ar e discusse d fo r  eac h constraint .  I n th e nex t  sectio n 
we wil l  explai n ou r  mode l  an d h o w thes e constraint s in -
fluenced  it s design . 

Constrain t  1  Th e word-learnin g mode l  mus t  b e consisten t 
wit h a  unifie d theor y o f  cognition . 

A unifie d theor y o f  cognitio n i s a  propose d syste m o f 
mechanism s capabl e o f  producin g th e ful l  rang e o f  hu -
m an cognitio n [Newell ,  1990] .  Ideall y a  mode l  shoul d no t 
operat e i n isolatio n bu t  rathe r  pla y a n integra l  an d coopera -
tiv e rol e wit h othe r  cognitiv e activities .  B y conformin g t o 
a unifie d theory ,  th e relationshi p o f  th e variou s cognitiv e 
facultie s become s mor e apparent . 

Constrain t  2  Learnin g mus t  b e incremental . 

A chil d learnin g word s doe s no t  hav e th e opportunit y 
t o lear n he r  entir e vocabular y befor e applyin g it .  Instead , 
learnin g an d performanc e ar e interleaved .  Th e learnin g 
of  word s i s a n ongoing ,  incrementa l  process .  Fo r  ou r  pur -
poses ,  w e wil l  conside r  a  learnin g mode l  t o b e incrementa l 
i f  th e computationa l  complexit y o f  integratin g a  n e w in -
stanc e int o th e system' s knowledg e i s  roughl y constan t 
relativ e t o th e numbe r  o f  trainin g dials . 

Constrain t  3  Th e mode l  mus t  exhibi t  typicalit y effects . 

"IVpicalit y effect s include :  1 )  typica l  instance s ar e gen -
erall y processe d faste r  tha n les s typica l  ones ,  2 )  typica l 
instance s lea d t o fewe r  error s i n categor y predictio n an d 
3)  typica l  instance s ar e frequentl y give n a s a n exampl e t o 
a categor y [Rosch ,  19781 .  I n thi s paper ,  w e limi t  ourselve s 
t o showin g h o w typica l  instance s ar e processe d faste r  tha n 
les s typica l  ones . 

Constraint 4 The model must exhibit underextension er-
ror s i n th e earl y stage s o f  learning . 

Underextension s resul t  whe n th e child' s applicatio n o f 
a labe l  i s  to o narro w i n contras t  t o th e ful l  adul t  category . 
I n regar d t o ou r  model ,  a n underextensio n occurs  whe n n o 
objec t  nam e predictio n i s delivere d fo r  a  particula r  objec t 
instanc e eve n thoug h object s o f  th e sam e categor y hav e 
bee n previousl y encountered .  Fo r  example ,  a  chil d m a y 
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be abl e t o identif y tha t  a  Softbal l  i s a  'ball '  bu t  fai l  t o iden -
tif y a  footbal l  a s bein g one .  Thes e underextensio n error s 
ofte n occu r  durin g th e earl y stage s o f  lexica l  developmen t 
[Dromi ,  1987] . 

Constraint 5 The model must be sensitive to knowledge 
as determine d b y th e system' s beliefs ,  goal s an d theories . 

It is well documented that beliefs, goals and theories 
pla y a n importan t  rol e i n huma n categorizatio n [Murph y 

an d Medin ,  1985 ,  Schan k e l  al. ,  1986] .  Ou r  mode l  ad -
dresse s thi s constrain t  b y operatin g a t  th e deliberat e level , 
i.e .  i t  ca n potentiall y  brin g t o bea r  al l  pertinen t  knowledg e 
i n guidin g it s decisions . 

Constraining the design 

I n applyin g ou r  firs t  constraint ,  w e choos e t o construc t  ou r 
model  withi n th e confine s o f  Soar ,  a  propose d unifie d the -
or y o f  cognitio n [Newell ,  1990] .  Soa r  present s it s theor y i n 
th e for m o f  a n architecture— a syste m o f  mechanism s tha t 
applie s knowledge ,  represente d a s productions ,  i n creatin g 
intelligen t  behavior .  W e wil l  furthe r  motivat e ou r  choic e 
of  Soar ,  bu t  first  le t  u s focu s o n th e ne w constraint s tha t 
resul t  fro m thi s choice .  The y include :  1 )  al l  learnin g oc -
cur s throug h a n experience-base d learnin g mechanism ,  2 ) 
th e syste m doe s no t  hav e direc t  acces s t o it s long-ter m 
m e m o ry an d 3 )  processin g i s full y  symboli c wit h n o na -
tiv e suppor t  f w frequenc y count s o r  probabilities .  A  basi c 
understandin g o f  th e syste m an d it s assumption s follo w 
withi n thi s section .  I n particular ,  a  shor t  revie w explain s 
some o f  th e basi c idea s o f  h o w inductio n shoul d procee d i n 
Soar .  W e wil l  the n explai n ou r  mode l  an d h o w i t  coincide s 
wit h th e res t  o f  ou r  constraints . 

Learning in Soar 

Proble m solvin g i n Soa r  [Lair d e t  al. ,  1987 ]  consist s o f 
th e sequentia l  selectio n an d applicatio n o f  operator s t o a 
representationa l  stat e withi n a  proble m space .  Bot h th e 
selectio n an d applicatio n o f  operator s i s determine d b y th e 
knowledg e represente d i n a  long-ter m recognitio n memor y 
encode d a s productions .  Learnin g involve s th e construc -
tio n o f  n e w productions ,  calle d chunks ,  whic h summa -
rize  th e result s o f  a  subgoal .  A  chun k i n Soa r  i s simila r 
t o a n operationalize d resul t  i n explanatio n base d learn -
in g [Mitche U e t  al. ,  1986 ,  Dejon g an d Mooney ,  1986] . 
Subgoal s ar e b o m ou t  o f  impasse s cause d b y conflictin g 
knowledg e o r  a  lac k o f  knowledge .  Subgoalin g relie s o n 
additiona l  knowledg e t o conside r  th e alternatives ,  ofte n re -
quirin g furthe r  search .  Durin g subgoaling ,  th e syste m m a y 
tr y ou t  th e alternative s o r  i t  m a y recas t  th e problem .  I n 
an y case ,  th e subgoa l  resolve s th e proble m tha t  cause d th e 
impasse .  Furthermore ,  th e architectur e trace s bac k throug h 
th e condition s tha t  le d t o th e impasse' s resolution .  Usin g 
thes e conditions ,  a  n e w productio n i s create d tha t  summa -
rizes  th e subgoal' s resul t  s o that ,  i n analogou s applications , 
th e summarizin g informatio n i s retrieved .  Thi s avoid s th e 
impass e an d thu s th e costl y searc h encountere d whe n th e 

Chunk wa s first  created .  I n thi s scenario ,  th e knowledg e i n 
th e proble m spac e ha s bee n partiall y  operationalize d i n tha t 

an increas e i n efficienc y ha s occurred .  Althoug h counter -
intuitive ,  previou s wor k wit h Soa r  ha s demonstrate d tha t 

thi s techniqu e ca n als o increas e th e tota l  knowledg e o f  th e 
syste m [Rosenbloo m e t  al. ,  1988] .  Thi s approach ,  calle d 
data-chunking ,  i s a  precurse r  t o th e wor k w e presen t  here . 

Describing the model 

For  ou r  approach ,  w e rel y exclusivel y o n chunkin g t o 
monotonicall y ad d production s tha t  predic t  a  concep t  nam e 
give n a  partia l  descriptio n o f  a n object .  Th e definitio n o f 
a concep t  i s no t  localize d t o a  singl e production ,  o r  eve n 
a smal l  se t  o f  productions .  Instead ,  a  concep t  definitio n 
i s distribute d acros s th e se t  o f  production s tha t  predic t  th e 
concep t  name ,  plu s a  proces s tha t  create s abstraction s o f 
objec t  descriptions ,  attemptin g t o find  a n objec t  descriptio n 
tha t  ca n b e matche d b y th e productions .  Th e searc h play s 
an integra l  rol e i n definin g th e concept ;  fo r  i t  i s  her e tha t 
Soar  bring s t o bea r  it s knowledg e i n determinin g whic h 
absu-acUon s shoul d b e considere d an d i n wha t  order .  I n 
th e mode l  presentatio n tha t  follows ,  w e wil l  se e h o w thi s 
full y  symboli c learnin g proces s adhere s t o th e constraint s 
describe d i n th e previou s section . 

W h en attemptin g t o predic t  th e object' s category ,  th e 
object' s descriptio n serve s a s th e initia l  stat e i n a  proble m 
space .  Fo r  example ,  i f  w e wan t  t o classif y a  blue ,  smooth , 
spherica l  objec t  a s a  ball ,  th e initia l  stat e woul d contai n th e 
followin g objec t  description :  [shape:spherica l  colorblu e 
texture:smooth] . 

Th e operator s o f  th e proble m spac e recogniz e descrip -
tion s an d predic t  categories .  Initially ,  th e syste m wil l 
hav e ver y fe w op)erator s an d b e abl e t o predic t  onl y a 
fe w categories ,  bu t  wit h experience ,  mor e operator s wil l 
be learned .  Fo r  ou r  example ,  let' s  assum e tha t  th e syste m 
alread y ha s acquire d th e followin g pnxluction s fo r  creatin g 
word-predictio n operators : 

[ s p h e r i c a l ,  r e d ,  s m o o t h ]  — > 
c r e a t e - o p e r a t o r ( p r e d i c t  w o r d : b a l l ) 

[ s p h e r i c a l ,  r e d ]  - - > 
c r e a t e - o p e r a t o r ( p r e d i c t  w o r d : b a l l ) 

[ s p h e r i c a l ]  — > 
c r e a t e - o p e r a t o r ( p r e d i c t  w o r d : b a l l ) 

I f  on e o f  thes e production s exactl y matche d th e objec t  de -
scription ,  i t  woul d fire,  creat e a n operato r  whic h woul d 
the n b e selecte d an d predic t  a  wor d an d w e woul d b e 
done .  However ,  fo r  a  productio n t o apply ,  w e insis t 
tha t  i t  matche s ever y featur e i n th e objec t  description ,  s o 
tha t  a  genera l  productio n wil l  onl y matc h a n abstracte d 
description. '  Thi s mean s tha t  eve n th e thir d productio n i s 
not  applicabl e fo r  ou r  initia l  objec t  descriptio n becaus e i t 
has n o featur e matc h fo r  colo r  an d texture . 

I f  a n objec t  ca n no t  b e classifie d b y th e existin g knowl -
edge ,  n o operator s ar e create d an d a n impass e results . 
Withi n th e ensuin g subgoal ,  a  searc h i s performe d t o find 

'Althoug h Soar' s productio n matchin g generall y doe s no t 
hav e thi s property ,  b y representin g objec t  description s appro -
priatel y (i.e. ,  a s linke d lists) ,  th e objec t  recognitio n production s 
wil l  hav e thi s property . 
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an abstractio n tha t  modifie s th e objec t  descriptio n i n suc h 
a wa y a s t o allo w i t  t o b e categorized .  Fo r  ou r  example , 
th e abstractio n operator s rende r  a n objec t  descriptio n mor e 
genera l  b y removin g on e o f  th e attribute-valu e pair s fro m 
th e description .  Le t  u s assum e th e chose n operato r  re -
moves th e textur e featur e fro m th e description ,  producin g 
th e descriptio n (spherical ,  blue) .  Followin g a n abstraction , 
ther e i s th e potentia l  tha t  th e n e w descriptio n ca n b e cat -
egorized .  Howeve r  i n thi s example ,  n o matc h occurs ,  an d 
anothe r  impass e an d subgoa l  ar e created .  Onl y afte r  th e 
colo r  ha s bee n abstracte d out ,  wil l  th e objec t  descriptio n 
be recognize d b y th e thir d productio n an d a  predictio n fo r 
th e wor d wil l  b e made .  Fo r  performanc e trials ,  th e cor -

rectnes s o f  th e predictio n wil l  depen d o n th e objec t  recog -
nitio n production s stor e i n long-ter m memory ,  a s wel l  a s 
th e abstractio n performe d durin g th e searc h fo r  a  match . 

I n thi s formulation ,  ther e i s n o explici t  abstractio n hier -
archy ;  instea d th e abstraction s ar e generate d dynamically . 
Thi s allow s knowledg e t o b e use d t o determin e whic h ab -
straction s shoul d b e m a d e first.  Th e ramification s o f  thi s 
approac h ar e tha t  nove l  object s wil l  b e classifie d int o ex -
istin g categorie s i f  i t  differ s onl y i n feature s tha t  ar e ab -
stracte d earl y on . 

For  trainin g trials ,  th e purpos e i s no t  t o predic t  a  word , 
but  instea d t o lear n th e associatio n betwee n a n objec t  de -
scriptio n an d a  word .  Consisten t  wit h earlie r  wor k i n dat a 
chunking ,  ou r  approac h i s t o Uea t  a  trainin g tria l  lik e a 
performanc e trial ,  s o tha t  th e syste m wil l  attemp t  t o pre -
dic t  whic h wor d i t  alread y woul d associat e wit h th e give n 
object .  Th e predictio n wil l  b e verifie d b y comparin g i t 
agains t  th e give n wor d befor e acceptin g it .  I f  necessary , 
abstractio n wil l  continu e unti l  a  ver y abstrac t  productio n 
fo r  predictin g th e wor d i s found .  W h e n th e correc t  pre -
dictio n i s finally  made ,  th e trainin g tria l  i s  finished. 

H o w ha s th e trainin g resulte d i n an y learning ? Recal l 
tha t  i n Soar ,  learnin g happen s whe n a  resul t  i s  produce d 
i n a  subgoal .  I n thi s case ,  th e resul t  i s  th e correc t  pre -
dictio n create d i n th e final  subgoa l  wher e th e objec t  i s 
correctl y categorized .  Fo r  a  performanc e trial ,  whe n n o 
wor d accompanie s th e description ,  ther e i s n o attemp t  a t 
verificatio n an d n o chun k i s created .  Fo r  training ,  learn -
in g occur s fo r  th e subgoa l  lyin g jus t  abov e th e subgoa l 
wher e recognitio n wa s achieve d an d verified .  Ther e th e 
objec t  descriptio n [spherical ,  blue ]  eventuall y led ,  follow -
in g abstraction ,  t o th e result s create d i n th e lowe r  subgoa l 
(predic t  word:ball) .  Chunkin g summarize s th e abstractio n 
and recognitio n processin g i n th e subgoal ,  an d build s a 
ne w production : 

[spherical, blue] —> 
c r e a t e - o p e r a t o r ( p r e d i c t  w o r d : b a l l ) 

In future training trials, this production will be avail-
abl e an d allo w a  predictio n t o b e m a d e eve n earlier ,  an d 
thu s allo w a n eve n mor e specifi c  productio n t o b e learned . 
As practic e continues ,  mor e an d mor e specifi c  production s 
ar e acquired .  S o that ,  althoug h th e searc h fo r  a  categor y 
proceed s fro m a  specifi c  exampl e throug h varyin g level s 
of  abstraction ,  th e learnin g proceed s fro m mos t  abstrac t  t o 

mor e specific .  Thus ,  thi s learn s th e sam e w a y a s discrim -
inatio n learnin g an d previou s data-chunkin g wor k i n Soa r 
(Rosenbloo m e t  al. ,  1988 ]  (abstrac t  t o specific) ,  bu t  thi s 
scheme attempt s t o perfor m classificatio n b y movin g fro m 
specifi c  t o genera l  (throug h abstractio n operators )  whil e i n 
a discriminatio n tes t  i t  i s  fro m genera l  t o specifi c  (throug h 
successiv e test s fo r  th e value s o f  mor e an d mor e features) . 

Befor e continuin g wit h ou r  model' s description ,  le t  u s 
addres s h o w th e approac h alread y fulfill s  s o m e o f  ou r  ini -
tia l  constraints .  Firs t  o f  all ,  sinc e trainin g an d performanc e 
run s ca n b e interieaved ,  learnin g i s incremental ,  thu s ful -
filling  ou r  secon d constraint .  I n a  sense ,  th e Soa r  architec -
tur e alread y enforce s thi s b y disallowin g direc t  acces s t o 
long-ter m memory ,  i.e .  production s canno t  directl y access , 
delet e o r  modif y productions .  Thi s simpl y prohibit s an y 
actio n o f  massivel y reorganizin g th e long-ter m m e m o r y 
ever y tim e a  n e w learnin g instanc e i s encountered .  T h e 
model  itsel f  ha s a  surprisin g consequenc e i n tha t  learnin g 
tim e pe r  instanc e ca n potentiall y  decreas e a s n e w instance s 
ar e acquired .  Thi s i s a  resul t  o f  havin g eac h learnin g tria l 
buil d upo n chunk s acquire d o n previou s learnin g trials . 
Th e mor e instance s th e syste m ha s encountered ,  th e les s 
likel y a  ne w objec t  descriptio n wil l  hav e t o b e full y ab -
stracte d i n orde r  t o b e integrate d wit h th e curren t  se t  o f 
productions . 

Th e typicalit y effect s (Constrain t  3 )  ar e als o a  resul t 
of  h o w th e mode l  searche s fo r  th e bes t  an d mos t  specifi c 
matc h first  an d the n slowl y generalize s unti l  a  matc h i s 
found .  Her e querie s usin g frequen t  an d typica l  object s wil l 
find  a  matc h tha t  i s no t  onl y a  bette r  match ,  bu t  the y wil l 
als o find  i t  quicker .  Thi s assumptio n stem s firom  th e notio n 
tha t  typica l  instance s wil l  alread y hav e severa l  store d ex -
emplar s tha t  nearl y (i f  no t  completely )  matc h them .  There -
for e litO e abstractio n i s require d i n orde r  t o find  th e match . 

So fa r  w e hav e assume d tha t  ther e wa s alway s s o m e 
w ay o f  classifyin g a n objec t  correctly ,  eve n i f  i t  ha d no t 
bee n see n before .  Withi n ou r  model ,  tha t  translate s int o 
production s tha t  d o no t  tes t  an y feature s an d predic t  th e 
words .  Thus ,  th e syste m mus t  b e "bootstrapped "  wit h 
production s o f  thi s form : 

[ ]  ~ > word:bal l 
[ ]  — > word:boo k 
[ ]  — > word:appl e 

Where d o thes e production s com e from ? The y i n tur n 
must  b e learne d fro m lower-leve l  component s suc h a s 
phonemes .  Thi s recursio n bottom s ou t  i n som e primitiv e 
set  o f  component s tha t  th e syste m ca n inherentl y generate . 

Th e consequence s o f  startin g wit h thes e ver y genera l 
production s coul d caus e on e t o thin k tha t  m a n y over -
generalize d prediction s durin g performanc e woul d initiall y 
result ,  thereb y contradictin g ou r  fourt h constraint ,  tha t 
underextension s mus t  initiall y  result .  S o m e overexten -
sion s wil l  b e produce d fo r  thi s reason ,  bu t  surprisingly , 
th e choic e o f  thes e ver y generalize d production s actuall y 
lea d t o m a n y initia l  underextensions .  Durin g performance , 
thes e ver y genera l  production s wil l  ofte n sugges t  conflict -
in g predictions .  Sinc e th e syste m ha s n o w a y t o choos e 
whic h predictio n i s correct ,  n o predictio n i s m a d e when -
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eve r  ther e i s a  conflic t  i n predictions. ^  Becaus e th e pro -
duction s ar e s o general ,  initiall y  ther e wil l  b e man y ab -
straction s i n tryin g t o categoriz e a  word ,  an d thu s ther e 
wil l  b e m a n y conflicts .  Therefore ,  ther e wil l  initiall y  b e 
m a ny underexlensions . 

We hav e alread y discusse d h o w ou r  choic e o f  Soa r 
has le d t o a n incrementa l  learnin g model .  Ou r  choic e 
has als o contribute d t o fulfillin g som e o f  ou r  othe r  con -

straints .  Firs t  o f  all ,  w e argu e tha t  placin g th e tas k 
on Soar' s deliberat e processin g leve l  i s  th e appropriat e 
fo r  modelin g typicalit y effects .  I n severa l  psycholog -
ica l  experiments ,  i t  wa s show n tha t  difference s i n re -
spons e time s du e t o difference s o f  similarit y varie d o n 
th e orde r  b y severa l  hundred s o f  millisecond s [Rosc h 
et  a i ,  1976] .  Result s fro m othe r  researc h an d analy -
si s o f  Soa r  ha s le d u s t o conclud e tha t  th e applicatio n 
of  a  primitiv e operato r  i n Soa r  correspond s t o a  h u m a n 
tim e o f  approximatel y 5 0 millisecond s [Newell ,  1990 , 
Wiesmeye r  an d Laird ,  1990] .  Sinc e differenc e i n respons e 
time s i n ou r  mode l  var y b y severa l  operato r  applications , 
thes e result s sugges t  tha t  w e ar e i n th e bal l  par k an d tha t 
oiu "  explanatio n o f  typicalit y effect s o n a n algorithmi c leve l 
i s  reasonable .  Thi s contrast s wit h othe r  previou s wor k 
tha t  seek s a  quantitativ e approac h (i.e .  typicalit y i s repre -
sente d i n th e for m o f  frequenc y count s o r  probabilities )  fo r 
explainin g typicalit y effects .  I n takin g thes e approaches , 
stron g assumption s ar e require d concernin g th e underlyin g 
implementatio n i n orde r  t o explai n similarity-dependen t 
respons e times .  Fo r  example ,  i n C O B W E B,  categor y pre -
dictio n involve s travelin g t o a  nod e tha t  explicitl y  rep -
resent s th e instance' s category .  Typicalit y timin g effect s 
c o me onl y wit h th e stron g implementationa l  assumptio n 
tha t  "th e tim e require d t o reac h a  nod e i s inversel y pro -
portiona l  t o th e tota l  predictivenes s toward s tha t  node. " 
[Fisher ,  1988] . 

Finall y Soa r  provide s u s wit h th e suppor t  o f  fulfillin g 
our  las t  constraint—goa l  an d belie f  dependen t  behavio r  i n 
categorization .  I n Soar ,  th e selectio n o f  a n operato r  i s a 
dehberat e act ,  i.e .  al l  applicabl e knowledg e ca n poten -

tiall y  influenc e th e choic e o f  a n operator .  Thi s knowl -
edge ,  expresse d throug h production s preferrin g som e op -
erator s ove r  others ,  ca n als o b e learne d throug h th e resul t 
of  subgoaling .  Althoug h thi s pape r  doe s no t  emphasiz e 
th e learnin g o f  thi s knowledge ,  th e issue s presente d her e 
remai n a  centra l  concer n o f  ou r  researc h work .  Briefl y 
we ca n say  tha t  w e ar e concentratin g o n thre e kind s o f 
knowledge :  1 )  defaul t  preference s tha t  prefe r  abstractin g 
out  som e feature s befor e others ,  2 )  abstractio n preference s 
learne d fro m predictio n failure s an d 3 )  abstractio n prefer -
ence s favorin g feature s tha t  lea d t o th e system' s goals . 

Empirical results 

I n thi s section ,  w e presen t  tw o experiment s tha t  confir m 
our  prediction s o n exlensiona l  error s an d typicalit y effects . 

Trainin g 
Trial s 

1 
2 

Averag e tim e i n decisio n cycle s 

5<=2. 0 

23. 0 
i3. o 

Similarit y group s 
2. 0 <  5  < = 3. 0 

18. 2 
12. 2 

3. 0 <  5 

17. 0 
9. 8 

^Conflictin g prediction s d o no t  aris e durin g trainin g becaus e 
operator s tha t  sugges t  incorrec t  prediction s ar e rejected .  Thi s i s 
possibl e becaus e th e correc t  answe r  i s provided . 

Tabl e 1 :  Respons e tim e accordin g t o similarit y grou p 

For  bot h o f  these ,  w c chos e a n assortmen t  o f  object s tha t 
ar e simpl y describe d b y atuibute-valu e pairs ,  simila r  t o th e 
example s give n s o far .  Fo r  a U ou r  data ,  w e chos e object s 
tha t  roughl y correspon d wit h physica l  object s childre n ar e 
likel y t o encounter .  Th e abstractio n operator s generaliz e 
th e instanc e description s b y removin g a  feature .  Further -
more ,  w e hav e include d additiona l  heuristic s tha t  guid e th e 
selectio n o f  thes e abstractio n operators . 

Our  first  experimen t  demonstrate s th e effec t  tha t  simi -
larit y ha s o n respons e time .  A  trainin g se t  wa s presente d 
twic e t o th e system .  I t  i s  a  collectio n o f  objec t  descrip -
tions ,  al l  o f  the m representin g differen t  kind s o f  balls . 
Wit h eac h description ,  th e appropriat e Frenc h wor d fo r 
bal l  wa s give n (eithe r  ballo n o r  balle) .  I n French ,  ballo n 
i s use d t o refe r  t o ball s tha t  ar e inflate d (basketballs ,  vol -
leyballs ,  footballs ,  etc.) ,  whil e ball e refer s t o soli d ball s 
(baseballs ,  gol f  balls ,  tenni s balls) .  Thus ,  th e syste m mus t 
lear n t o distinguis h betwee n object s i n th e tw o categorie s 
eve n thoug h th e critica l  featur e (inflatabl e o r  not )  i s  no t 
include d i n th e input .  Betwee n th e trainin g trials ,  a  se t  o f 
objec t  description s wer e ru n o n th e system .  Fo r  eac h o f  th e 
performanc e objec t  descriptions ,  th e similarit y wa s math -
ematicall y calculate d base d upo n th e numbe r  o f  share d 
feature s th e objec t  descriptio n ha s wit h th e trainin g objec t 
description s o f  th e sam e category .  W e hav e divide d th e 
performanc e description s int o thre e group s o f  low ,  mediu m 
and hig h similarit y an d averag e thei r  respons e time s i n 
term s o f  decisio n cycles .  Tabl e 1  show s tha t  th e instance s 
wit h a  lowe r  similarit y measur e requir e a  longe r  respons e 
time .  Thi s tabl e als o show s h o w learnin g time s ca n im -
prov e a s n e w knowledg e i s acquired .  Th e performanc e i s 
faste r  afte r  th e secon d trainin g tria l  becaus e mor e specifi c 
chunk s hav e bee n acquired .  Thi s mean s les s abstractio n 
nee d occu r  i n orde r  t o m a k e a  prediction . 

I n th e secon d experiment ,  w e trac e exlensiona l  error s 
by testin g performanc e o n on e categor y o f  objects .  Her e 
trainin g instance s draw n fro m severa l  categorie s ar e give n 
on e a t  a  time .  Betwee n eac h opinin g instance ,  a  se t  o f 
testin g instances ,  al l  fro m th e sam e category ,  ar e ru n o n 
th e system .  Figur e 1  show s th e result s o f  th e trace .  Her e 
we se e a n initia l  onslaugh t  o f  underextension s an d overex -
tension s befor e correc t  prediction s dominate .  W e conside r 
th e categor y t o b e underextende d wheneve r  th e syste m 
fail s t o m a k e a  prediction .  Th e categor y i s overshadowe d 
by anothe r  categor y wheneve r  a  wron g respons e i s give n 
fo r  th e categor y w e ar e testing .  Th e latte r  i s  a  cas e o f 

overextension ,  an d w e hav e include d i n ou r  figure a  trac e 
of  thes e error s fo r  th e sak e o f  completeness .  Th e par -
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Figur e 1 :  Trac e o f  extensiona l  error s 

ticula r  conclusio n tha t  ca n b e draw n fro m thi s figure  i s 
tha t  severa l  initia l  underextension s resul t  fro m ou r  mode l 
eve n thoug h th e syste m start s b y learnin g m o r e genera l 
production s first.  A s w e hav e sai d before ,  thi s i s th e resul t 
of  severa l  genera l  conflictin g rule s matchin g a t  th e s a m e 
time . 

Future work 

The model we have presented here is a first pass at a sys-
te m whic h conform s t o ou r  selecte d se t  o f  constraints .  Fo r 
futur e work ,  w e inten d t o improv e th e mode l  b y expandin g 
it s capabilitie s whil e als o havin g i t  adher e t o mor e con -
straints .  Th e expansio n o f  capabilitie s includ e th e learn -
in g o f  abstractio n heuristics ,  extendin g learnin g t o predic t 
missin g features ,  an d increasin g instanc e descriptio n ex -
pressibility .  Fo r  addin g mor e constraints ,  w e ar e lookin g 
at  coverin g additiona l  typicalit y effect s an d basic-leve l  ef -
fects . 

Acknowledgement s Thi s wor k wa s supporte d b y a  gran t 
fro m th e W.K .  Kellog g Foundatio n throug h Th e Presiden -
tia l  Initiativ e Fun d o f  Th e Universit y o f  Michigan .  W e 
woul d lik e t o than k Melani e Mitchell ,  Stev e Lytine n an d 
Mar k Wiesmeye r  fo r  thei r  helpfu l  comment s o n earlie r 
draft s o f  thi s paper . 

[Lair d e l  ai ,  1987 ]  J .  E .  Laird ,  A .  Newell ,  an d P .  S . 
Rosenbloom .  Soar :  A n architectur e fo r  genera l  intelli -
gence .  Artificia l  Intelligence ,  33:1-64 ,  1987 . 

[Mille r  an d Laird ,  1991 ]  C .  S .  Mille r  an d J .  E .  Laird .  A 
constraint-motivate d mode l  o f  lexica l  acquisition .  I n 
L .  B i m b a u m an d G .  Collins ,  editors .  M a c h i n e Learn -
ing :  Proceeding s o f  th e Eight h Internationa l  Workshop , 
San Mateo ,  C A ,  1991 .  Morga n Kaufman . 

[Milche U e t  al. ,  1986 ]  T .  M .  MitcheU ,  R .  M .  KeUer ,  an d 
S.  T .  Kedar-Cabelli .  Explanation-base d generalization : 
A unifin g view .  Machin e Learning ,  1:47-80 ,  1986 . 

[Murph y an d Medin ,  1985 ]  G .  L .  Murph y an d D .  L . 
Medin .  Th e rol e o f  theorie s i n conceptua l  coherence . 
Psychologica l  Review ,  92:289-316 ,  1985 . 

[NeweU,  1990 ]  A .  NeweU.  Unifie d Theorie s o f  Cognition . 
Harvar d Universit y Press ,  Cambridge ,  M A ,  1990 . 

[Quinlan ,  1986 ]  J .  R .  Quinlan .  Inductio n o f  decisio n trees . 
Machin e Learning ,  1:81-106 ,  1986 . 

[Rosc h e t  ai ,  1976 ]  E .  Rosch ,  C .  Simpson ,  an d R .  S . 
Miller .  Structura l  base s o f  typicalit y effects .  Journa l  o f 
Experimenta l  Psychology :  H u m a n Perceptio n an d Per -
formance ,  2:491-502 ,  1976 . 

[Rosch ,  1978 ]  E .  Rosch .  Principle s o f  categorization .  I n 
E.  Rosc h an d B .  B .  Lloyd ,  editors .  Cognitio n an d Cate -
gorization ,  page s 2 7 ^ 8 .  Erlbaum ,  Hillsdale ,  NJ ,  1978 . 

[Rosenbloo m e t  al. ,  1988 ]  P .  S .  Rosenbloom ,  J .  E .  Laird , 
and A .  Newell .  Th e chunkin g o f  skil l  an d knowledge . 
I n B .  A .  G .  Elsendoo m an d H .  Bouma ,  editors .  Workin g 
Model s o f  H u m a n Perception .  Academi c Press ,  London , 
1988 . 

[Schan k e t  al ,  1986 ]  R .  C .  Schank ,  G .  C .  Collins ,  an d 
L.  E .  Hunter .  Transcendin g inductiv e categor y forma -
tio n i n learning .  Behaviora l  an d Brai n Sciences ,  9:639 -
686 ,  1986 . 

[Wiesmeye r  an d Laird ,  1990 ]  M .  Wiesmeye r  an d J .  Laird . 
A compute r  mode l  o f  2 d visua l  attention .  I n Th e Twelft h 
Annua l  Conferenc e o f  th e Cognitiv e Scienc e Society , 
page s 582-589 ,  1990 . 

Reference s 

[Dejong and Mooney, 1986] G. Dejong and R. Mooney. 
Explanation-base d learning :  A n alternativ e view .  M a -
chin e Uarning ,  1:145-176 ,  1986 . 

[Dromi, 1987] E. Dromi. Early Lexical Development. 
Cambridg e Universit y Press ,  N e w York ,  1987. 

[Fisher, 1987] D. H. Fisher. Knowledge acquisition via 
incrementa l  conceptua l  clustering .  Machin e Learning , 
2:139-172 ,  1987. 

[Fisher, 1988] D. H. Fisher. A computational account of 
basi c leve l  an d typicalit y  effects .  I n Proceeding s o f  th e 
Sevent h Nationa l  Conferenc e o n Artificia l  Intelligence , 
page s 233-238 ,  1988 . 

831 


	cogsci_1991_827-831



