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A F r a m e w o r k fo r  C o n c e p t  F o r m a t i o n * 

J.  Danie l  Easterli n 
Pat  Langle y 

Irvine Computational Intelligence Project 
Departmen t  o f  Informatio n an d Compute r  Scienc e 

Universit y o f  California ,  Irvin e 9271 7 

INTRODUCTION 
Our  approac h t o concep t  formatio n differ s fro m th e traditiona l  view .  I n thi s paper ,  w e outlin e a n 

alternativ e vie w o f  concep t  learning ,  an d argu e tha t  th e goal s o f  th e learne r  pla y a  centra l  rol e i n thi s process . 
We propos e tha t  goal s ac t  t o determin e significan t  feature s o f  th e world ,  an d tha t  withou t  suc h goal s a s 
a basis ,  concep t  formatio n i s a  semanticall y empt y dat a summarizatio n task .  W e begi n b y examinin g th e 
component s o f  th e concep t  formatio n process .  Afte r  layin g thi s foundation ,  w e revie w previou s approache s 
t o concep t  formatio n i n thes e terms ,  rejectin g tw o o f  th e assumption s upo n whic h thi s wor k ha s bee n base d -
th e presenc e o f  a  tuto r  an d th e "all-or-none "  characte r  o f  concepts .  Thi s lead s u s t o propos e a n alternativ e 
model  o f  th e concep t  formatio n process ,  i n whic h goal s an d prototype s figure  prominently . 

THE COMPONENTS OF CONCEPT FORMATION 

Aggregatio n Characterizatio n Utilizatio n 

Figur e 1 .  Th e Component s o f  Concep t  Formation . 

Previou s researc h i n machin e learnin g suggest s tha t  th e proces s o f  concep t  formatio n ca n b e divide d 
int o thre e distinc t  components .  Th e first  o f  thes e -  aggregatio n -  involve s groupin g instance s o f  th e 
concep t  int o collections .  Th e secon d componen t  -  characterizatio n -  involve s generatin g som e descriptio n 
of  th e instance s i n th e aggregate .  Th e final  subproces s -  utilizatio n -  involve s makin g us e o f  th e resultin g 
description .  Le t  u s examin e eac h o f  thes e component s i n mor e detai l 

Aggregation 
Aggregatio n i s a  proces s o f  collection ,  i n whic h object s o r  instance s o f  som e concep t  (possibl y stil l  t o b e 

learned )  ar e groupe d togethe r  int o a  set .  Aggregatio n i s no t  a  proces s o f  description ,  bu t  involve s collectin g 
entitie s int o a n aggregate ,  fro m whic h a  descriptio n o r  characterizatio n ca n subsequentl y b e formed .  I n 
th e tas k o f  learnin g from  example s a s studie d b y machin e learnin g researchers ,  th e aggregatio n proces s i s 
made trivia l  (Hunt ,  Mari n &  Stone ,  1966) .  Th e tuto r  provide s explici t  aggregatio n o f  th e example s int o 
set s o f  positiv e an d negativ e instances ,  an d som e characterizatio n o f  th e positiv e instance s i s generated .  I n 
contrast ,  i n th e tas k o f  learnin g sejirc h heuristics ,  aggregatio n mus t  b e performe d b y th e learnin g syste m itsel f 
(Mitchell ,  Utgof f  k  Bemerj i  1983) .  Instance s tha t  le d t o th e successfu l  solutio n o f  a  proble m ar e aggregate d 
as positiv e instance s o f  th e responsibl e rule' s use ,  whil e instance s tha t  le d awa y fro m th e solutio n pat h ar e 
aggregate d a s negativ e instances .  Thus ,  aggregate s ar e generate d b y th e learne r  o n th e basi s o f  performance , 
rathe r  tha n relyin g o n a  tutor ,  a s i n th e Ccis e o f  learnin g from  examples .  Th e utilit y  o f  discussin g aggregatio n 
as a  distinc t  proces s i n concep t  formatio n i s tha t  i t  focuse s attentio n o n wha t  constitute s significanc e fo r 
th e system .  A s a  result ,  on e begin s t o questio n th e plausibilit y  o f  existin g aggregatio n techniques ,  an d t o 
explor e alternativ e methods . 
Characterization 

Characterizatio n i s th e proces s tha t  i s usuall y discusse d i n machin e learnin g unde r  th e n a m e "concep t 
learning" .  I t  involve s constructin g a  descriptio n fo r  a n aggregat e o f  entities ,  base d o n individuc d description s 
of  eac h entity .  Thi s m a y occu r  eithe r  incrementall y o r  non-incrementally ,  dependin g o n whethe r  instance s 
ar e presente d simultcineousl y o r  on e a t  a  time .  Researcher s i n machin e learnin g hav e propose d a  numbe r  o f 
computationa l  method s fo r  characterization ,  an d thes e constitut e thei r  contribution s t o concep t  formation . 

'  Thi s researc h wa s supporte d i n par t  b y th e I B M Corporation ,  an d i n par t  b y a  gif t  fro m Hughe s Aircraf t 

Company. 
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Utilizatio n 
T h e utilizatio n proces s integrate s th e characterizatio n o r  concep t  descriptio n wit h th e performanc e 

element .  I n th e cas e o f  recognition ,  i t  contain s a  matchin g proces s fo r  identifyin g positiv e instance s o f  th e 
descriptio n tha t  wer e constructe d durin g th e characterizatio n process .  Followin g recognition ,  som e actio n 
m ay b e take n o r  a  metri c m a y b e applie d t o tes t  th e adequac y o f  th e descriptio n i n recognizin g th e instance . 
For  th e mos t  part ,  concep t  description s ar e use d t o recogniz e positiv e instance s o f  th e concep t  whe n the y 
occu r  i n th e proble m domain .  Sinc e mos t  A I  learnin g researc h ha s assume d "all-or-none "  concepts ,  th e 
recognitio n proces s ha s typicall y involve d a  "complet e matching "  mechanism ,  i n whic h al l  condition s mus t 
be satisfie d befor e instance s o f  th e concep t  ar e recognized . 

TRADITIONAL APPROACHES TO CONCEPT FORMATION 
We ar e intereste d i n concep t  formatio n a s i t  occur s i n complex ,  reactiv e environment s tha t  ar e simila r 

t o th e real-world .  I n thi s section ,  w e revie w th e component s o f  th e concep t  learnin g process ,  an d find  tha t 
suc h environment s lea d on e t o rejec t  som e importan t  assumption s upo n whic h earlie r  machin e learnin g wor k 
has bee n based . 

Tutors and Aggregation 
Previou s researc h o n concep t  learnin g ha s assume d carefu l  guidanc e b y a  tutor ,  despit e th e intuitio n 

tha t  human s lear n mos t  o f  thei r  concept s throug h experienc e wit h th e world .  Fo r  example ,  childre n clearl y 
lear n concept s suc h a s "dog "  an d "chair "  befor e the y kno w th e word s fo r  thes e concepts .  I n th e traditiona l 
approac h t o learnin g concept s fro m examples ,  a  tuto r  trivialize s th e aggregatio n problem ,  b y providin g 
positiv e an d negativ e instance s o f  th e concep t  t o b e learned .  I n contrast ,  learner s i n th e rea l  worl d mus t 
aggregat e instance s i n som e othe r  manner . 

All-or-None Concepts and Characterization 
Accordin g t o th e classica l  vie w describe d b y Smit h an d Medi n (1981) ,  a  concep t  i s define d b y necessar y 

an d sufficien t  conditions ,  an d machin e learnin g researcher s hav e use d a  simila r  notio n o f  concepts .  I n othe r 
words ,  fo r  a n objec t  t o b e recognize d a s a  positiv e instanc e o f  som e concept ,  i t  mus t  satisf y al l  o f  th e 
condition s specifie d i n th e concep t  description ,  an d additiona l  feature s hav e n o effect .  However ,  mos t  o f  ou r 
everyda y concept s ar e "fuzzy" ,  wit h exemplar s bein g bette r  o r  worse ,  rathe r  tha n instance s o r  non-instance s 
(Rosc h i c Mervis ,  1975) .  Fo r  instance ,  a  robi n i s a  bette r  instanc e o f  th e concep t  "bird "  tha n a  penguin ,  an d 
some chciir s ar e bette r  tha n other s (e.g. ,  one s tha t  ar e missin g a  leg) .  Suc h concept s canno t  b e describe d i n 
term s o f  necessar y an d sufficien t  conditions ,  s o som e othe r  representatio n i s required . 

Smith and Medin (1981) have outlined two alternatives to the all-or-none framework. The "prototype" 
(o r  "probabilistic" )  approach ,  first  propose d b y Rosc h an d Mervi s (1975) ,  assume s tha t  ther e exist s a n 
abstrac t  representatio n o f  eac h concept ,  an d tha t  instance s ar e judge d t o b e bette r  o r  wors e example s 
dependin g o n th e degre e t o whic h the y matc h thi s representation .  Smit h an d Medi n als o discus s th e exempla r 
approach ,  i n whic h concept s ar e represente d no t  a s abstrac t  structures ,  bu t  a s disjunction s o f  m a n y specifi c 
instances .  Bot h approache s hav e thei r  advantages ,  an d evidenc e exist s fo r  bot h theoretica l  frameworks .  I n 
thi s paper ,  w e wil l  focu s o n th e prototype-probabilisti c  approac h fo r  a  simpl e reaso n -  thi s approac h i s 
computationall y m u c h mor e tractable . 

The most common AI methods for characterization are generalization and discrimination. Upon closer 
examination ,  w e find  tha t  thes e method s encounte r  seriou s difficult y whe n applie d t o "fuzzy "  concepts . 
T h e proble m i s tha t  bot h method s rel y o n a  stron g distinctio n betwee n positiv e an d negativ e instances : 
generalizatio n finds  structure s hel d i n c o m m o n amon g positiv e instances ,  an d discriminatio n finds  difference s 
betwee n positiv e an d negativ e instances . 

Complete Matching and Utilization 
Recognitio n involve s determinin g th e mos t  appropriat e concep t  t o describ e th e curren t  data .  Thi s tas k 

i s considerabl y simplifie d b y th e assumptio n tha t  concept s ar e define d b y a  se t  o f  necessar y an d sufficien t 
conditions .  However ,  w e hav e alread y argue d tha t  real-worl d concept s canno t  b e define d i n thi s manner . 
Thus ,  complet e matchin g o f  objec t  t o characterizatio n mus t  b e rejected . 

AN ALTERNATIVE APPROACH TO CONCEPT FORMATION 
I n th e previou s section ,  w e argue d tha t  real-worl d concept s ar e no t  lecirne d fro m a  tutor ,  an d tha t 

the y canno t  b e describe d i n term s o f  necessar y an d sufficien t  conditions .  I f  w e hop e t o accoun t  fo r  th e 
proces s o f  concep t  formation ,  thi s force s u s t o propos e ne w technique s fo r  aggregatin g set s o f  instances ,  fo r 
characterizin g th e resultin g aggregates ,  an d fo r  recognizin g th e bes t  concep t  fo r  a  give n situation . 
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Goal s an d Aggregatio n 
By rejectin g th e traditiona l  assumption s o f  tuto r  -provide d instances ,  w e mus t  find  som e othe r  solutio n 

t o th e proble m o f  aggregation .  W e believ e tha t  th e goal s o f  th e learne r  pla y a  majo r  rol e i n thi s process , 
and presum e tha t  a t  eac h poin t  i n time ,  th e agen t  ha s on e o r  mor e activ e goal s (possibl y organize d a s a 
hierarch y o f  goal s an d subgoals) .  I n describin g thei r  means-end s analysi s theory  o f  h u m a n proble m solving , 
Newel l  an d Simo n (1972 )  distinguis h betwee n thre e type s o f  goals .  Althoug h eac h o f  thes e goa l  type s ca n 
be use d t o direc t  th e aggregatio n process ,  th e mos t  obviou s example s involv e apply-operato r  goals ,  i n whic h 
one want s t o appl y a n operato r  t o som e objec t  o r  state .  Fo r  instance ,  suppos e th e agen t  i s tired ,  an d decide s 
t o appl y th e operato r  sit-down. ^  Thi s operato r  require s som e objec t  upo n whic h t o sit ,  an d th e agen t  wil l 
sca n it s immediat e environmen t  fo r  a  likel y czindidate .  Th e importan t  poin t  i s  tha t  b y applyin g it s operato r 
t o candidat e objects ,  th e agen t  wil l  discove r  tha t  som e object s produc e bette r  result s tha n others .  Thes e 
wil l  b e goo d instance s o f  "sittable "  objects ,  whil e other s (suc h a s chair s wit h wobbl y legs ,  o r  wit h a  tac k o n 
thei r  seat )  wil l  b e poo r  instances .  I n an y case ,  object s t o whic h th e operato r  hci s bee n applie d tha t  mor e o r 
les s satisf y th e goa l  ar e passe d o n t o th e characterizatio n process . 

Our attention to the importance of goals arises primarily from recognizing aggregation as a distinct 
proces s demandin g a  supportin g basis .  A s thi s basis ,  goal s pla y a  dua l  rol e -  the y identif y whic h object s 
shoul d b e groupe d togethe r  fo r  inpu t  t o th e characterizatio n mechanism ,  an d the y provid e a  tes t  indicatin g 
th e degre e t o whic h th e desire d stat e ha s bee n achieved .  Thus ,  the y ti e object s an d operator s t o experienc e 
by indicatin g thei r  relativ e valu e i n satisfyin g goals .  Certai n object s an d operator s ar e rate d highe r  tha n 
others ,  sinc e th e applicatio n o f  particula r  operator s t o particula r  object s manifest s propertie s o f  thos e object s 
tha t  ar e instrumenta l  i n satisfyin g th e poste d goals ,  whil e other s ar e not .  Object s ar e thu s rate d highe r  t o 
th e degre e the y manifes t  functiona l  propertie s i n achievin g goals .  Thi s provide s th e feedbac k necesseir y t o 
identif y som e combination s o f  object s an d operator s i n experienc e a s mor e significan t  t o th e learne r  tha n 
others . 

In summary, we believe that the learner's goals direct the aggregation process. Furthermore, objects 
and operator s ar e groupe d togethe r  accordin g t o th e degre e t o whic h thei r  interactio n satisfie s goals .  I t  i s 
throug h thi s interactio n betwee n operator s an d object s tha t  object s manifes t  propertie s whic h ar e functiona l 
i n satisfyin g goals .  Thus ,  no t  onl y d o goal s identif y significan t  object s an d operators ,  bu t  the y furthe r  sugges t 
th e existenc e o f  significan t  functiona l  propertie s withi n a n object . 

The Representation of Concepts 
iVaditiona l  approache s t o characterizatio n assum e th e all-or-non e natur e o f  concepts ,  whic h simpl y 

does no t  hol d fo r  m a n y everyda y objec t  concepts .  A s a  result ,  w e mus t  find  anothe r  solutio n t o th e 
characterizatio n problem .  Ou r  approac h mus t  b e abl e t o represen t  "fuzzy "  concepts ,  an d t o incrementall y 
modif y thes e description s i n respons e t o ne w instance s o f  th e concept.  I n real-worl d concepts ,  som e feature s 
and relation s ar e mor e importan t  tha n others .  Thus ,  ou r  representatio n mus t  includ e som e measur e o f  eac h 
feature' s criteriality .  W e specif y thi s i n term s o f  a  weigh t  rangin g fro m zer o t o one ,  wit h zer o denotin g lo w 
importanc e an d on e indicatin g hig h importance .  O f  course ,  thes e number s hav e littl e meanin g detache d fro m 
th e utilizatio n process .  I n ou r  framework ,  condition s (feature s o r  relations )  wit h hig h weight s contribut e 
more t o th e overal l  degre e o f  matc h tha n condition s wit h lo w weights .  Moreover ,  condition s wit h ver y hig h 
weight s (nea r  one )  mus t  b e matche d fo r  a  reasonabl e overal l  matc h t o result .  A s a  result ,  th e notio n o f 
all-or-non e concept s emerge s a s a  specia l  cas e o f  thi s scheme ,  i n whic h al l  condition s hav e weight s o f  one . 

Since we are concerned with object concepts, we believe that structures similar to Binford's (1971) 
generalize d cylinder s wil l  prov e adequate .  Thi s representatio n ha s th e advantag e o f  combinin g structura l 
relation s betwee n th e component s o f  a n objec t  wit h numeri c feature s o f  thos e components .  Thi s i s a n 
importan t  characteristic ,  sinc e th e real-worl d ha s bot h structura l  an d numeri c aspects .  Fo r  instance ,  a 
prototypica l  chai r  migh t  b e represente d wit h th e component s o f  fou r  legs ,  a  seat ,  an d a  bac k arrange d 
i n particula r  spatia l  relation s t o eac h other .  I n addition ,  eac h componen t  woul d b e describe d b y numeri c 
features ,  suc h a s length ,  diameter ,  an d orientatio n (normalize d fo r  th e overal l  siz e o f  th e object) .  I n addition , 
th e us e o f  numeri c feature s lead s t o a  nove l  interpretatio n o f  th e weight s o n eac h feature .  Wi t h eac h numeri c 
feature ,  on e ca n associat e a  mea n valu e o f  th e positiv e instance s tha t  hav e bee n observed ,  an d a  standar d 
deviatio n o f  thos e vcilues .  Hig h standar d deviation s impl y tha t  a  wid e rang e o f  value s o f  th e featur e ar e 
satisfactory ,  whil e lo w standar d deviation s impl y tha t  onl y a  narro w rang e o f  value s fo r  th e featur e i s 
acceptable .  Thus ,  on e migh t  us e th e invers e o f  th e standar d deviatio n fo r  a  featur e a s it s associate d weight . 
Thi s woul d giv e lo w criterialit y  t o feature s wit h widel y varyin g values ,  an d hig h criterialit y  t o feature s wit h 
nearl y constan t  values .  Fo r  instance ,  th e leg s o f  a  chai r  ar e nearl y alway s hal f  th e lengt h o f  th e entir e chair' s 

t  Obviously ,  th e actio n sit-dow n i s no t  primitiv e i n an y sense ;  i t  i s  a  high-leve l  operato r  (o r  macro-operator ) 
tha t  mus t  b e acquire d fro m experience . 
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height .  Thus ,  thi s featur e woul d hav e a  lo w standar d deviatio n an d b e highl y criterial ,  givin g i t  a n importan t 
rol e i n judgement s o f  prototypicality . 

However, recall that we are assuming the characterization process receives more than prototypical 
instance s a s input .  Rather ,  i t  i s  give n th e degre e t o whic h eac h objec t  satisfie s th e agent' s goals .  W e woul d 
lik e ou r  learnin g mechanis m t o us e thi s informatio n i n creatin g th e concep t  description .  I n orde r  t o d o this , 
we requir e mor e tha n a  feature' s mea n value ;  w e requir e a  functio n relatin g feature s an d operator s t o th e 
"goodness "  o f  a n objec t  i n satisfyin g goals .  W e propos e constructin g thi s functio n b y considerin g operator s 
i n additio n t o physica l  feature s a s relevan t  t o th e object' s goodnes s an d includin g the m a s a  specia l  typ e o f 
featur e i n th e concep t  description .  B y regressin g goodnes s agains t  th e value s o f  al l  featur e types ,  w e deriv e a 
relatio n betwee n importan t  physica l  feature s o f  th e object ,  thos e operator s tha t  operat e o n th e features ,  an d 
value s o f  goa l  satisf<iction .  Thus ,  w e hav e a  descriptio n o f  th e objec t  tha t  expresse s th e object' s functiona l 
propertie s a s the y relat e t o goa l  satisfactio n an d th e object' s physica l  characteristic s fo r  us e i n recognition . 
T h e representatio n i s a n equatio n providin g bot h a  mean s fo r  predictin g value s o f  goa l  satisfactio n an d a 
measur e o f  th e goodnes s o f  fit  fo r  suc h predictions .  Returnin g t o ou r  interes t  i n th e criterialit y  o f  feature s 
fo r  predictin g goa l  satisfaction ,  th e percentag e o f  varianc e i n goa l  satisfactio n accounte d fo r  b y a n individua l 
featur e ca n b e take n a s a  measur e o f  tha t  feature' s criterialit y  i n th e concep t  definition . 

The Characterization Process 
Let  u s n o w tur n t o th e mechanis m o f  characterization ,  b y whic h th e learne r  goe s fro m instance s o f  som e 

concep t  t o a  descriptio n o f  tha t  concept .  Withi n th e curren t  framework ,  w e ar e assumin g tha t  th e aggregatio n 
proces s ha s determine d whic h objec t  an d operator s shoul d b e incorporate d int o th e concep t  description ,  an d 
tha t  aggregatio n zds o provide s th e degre e t o whic h th e objec t  an d operator s satisf y th e relevan t  goal .  Th e 
tas k o f  characterizatio n i s t o modif y th e existin g descriptio n t o bette r  predic t  th e "goodness "  o f  th e curren t 
object .  W e als o assum e tha t  instance s ar e processe d incrementally ,  sinc e th e agen t  generall y interax;t s wit h 
on e objec t  a t  a  tim e (o r  a  fe w a t  most) .  Thus ,  eac h instanc e lead s t o onl y mino r  modification s i n th e concep t 
description .  Befor e a  concep t  descriptio n ca n b e altered ,  i t  mus t  first  b e created ,  an d issue s aris e abou t 
th e natur e o f  suc h initia l  descriptions .  Sinc e earl y description s ar e base d o n a  singl e instance ,  on e migh t 
m a ke eac h featur e ver y criteria l  b y havin g a  weigh t  o f  one .  Throug h experience ,  a s additiona l  instance s ar e 
observe d an d variatio n amon g featur e value s (includin g operators )  occurs ,  constraint s o n th e featur e value s 
become looser . 

Once a stable description has been formed, the feature values of new instances are used to modify 
th e regressio n coefficient s associate d wit h eac h feature .  B y retainin g th e numbe r  o f  instance s tha t  hav e 
bee n observe d s o far ,  on e ca n easil y comput e a  revise d equatio n tha t  include s th e ne w featur e value .  Thi s 
accommodate s gradua l  change s i n th e concep t  descriptio n ove r  time .  Fo r  example ,  i f  th e learne r  bega n t o 
see chair s wit h longe r  legs ,  hi s coefficient s fo r  th e "lengt h o f  leg "  feature s woul d slowl y b e revised .  Thus , 
thi s metho d ca n respon d t o changin g environments ,  unlik e mos t  traditiona l  approache s t o concep t  learning . 

However, if the agent encounters an object with feature values that fall far outside previous experience, 
thi s i s a n occasio n t o generat e a  disjunctiv e versio n o f  th e curren t  concept .  Fo r  instance ,  i f  on e see s a  chai r 
i n whic h th e leg s ar e substantiall y  longe r  tha n expecte d (suc h a s a  baby' s high-chair) ,  the n i t  i s  natura l  t o 
distingub h thi s fro m othe r  chair s tha t  mor e closel y matc h one' s expectations .  Suc h variant s ar e store d nea r 
t o th e initia l  concept ,  bu t  ar e characterize d independentl y o f  th e origina l  version .  Not e tha t  thi s implie s 
th e orde r  o f  presentatio n i s relevan t  t o learning .  I f  gradua l  change s i n featur e value s ar e observed ,  a  singl e 
concep t  wil l  b e learned ;  however ,  i f  instance s wit h extrem e value s ar e alternated ,  disjunctiv e concept s wil l 
be acquire d instead . 

Goal-Indexed Partial Matching and Utilization 
TVaditiona l  A I  approache s t o concep t  learnin g assum e tha t  complet e matchin g ca n b e use d fo r 

recognition .  However ,  i n rejectin g th e notio n o f  necessar y an d sufficien t  conditions ,  w e ar e inevitabl y le d 
t o replac e thi s wit h som e for m o f  partia l  matchin g mechanism .  Hayes-Rot h (1978 )  ha s argue d tha t  partia l 
matchin g i s computationall y expensive ,  an d th e bes t  know n algorith m i s exponentia l  i n th e genera l  case . 
Therefore ,  w e woul d lik e t o tak e advantag e o f  constriiint s t o mak e th e tas k manageable . 

Recall that we are assuming different weights on the various conditions composing the concept 
description .  T o a  certai n extent ,  w e ca n constrai n th e partia l  matchin g proces s b y attemptin g t o matc h 
mor e criteria l  condition s (thos e wit h highe r  weights )  first,  an d leavin g les s criteria l  feature s an d relation s 
unti l  later .  Thi s lead s t o a  best-firs t  searc h throug h th e spac e o f  partia l  matches ,  an d i s m u c h mor e attractiv e 
tha n a n exhaustiv e version .  Lik e al l  heuristi c searc h approaches ,  th e metho d i s no t  guarantee d t o find  th e 
optima l  solutio n (i n thi s cas e th e bes t  partia l  match) ,  bu t  i t  wil l  nearl y alway s find a  satisfactor y on e wit h 
considerabl y les s eff̂ ort . 
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However ,  recal l  als o tha t  th e agen t  mus t  choos e betwee n hundred s an d thousand s o f  competin g 
concepts ,  an d i t  i s  unlikel y tha t  th e abov e metho d wil l  suffice .  Fortunately ,  i n thi s framewor k concept s 
ar e create d becaus e thei r  instance s hav e bee n instrumenta l  i n achievin g th e learner' s goals .  Thus ,  i t  i s 
natura l  t o organiz e concept s aroun d th e goal s the y hel p satisfy .  I f  w e inde x concept s b y th e goal s wit h 
whic h the y ar e associated ,  the n th e agen t  ca n us e it s currentl y activ e goal s a s probe s t o retriev e potentiall y 
relevan t  concepts .  A s a  result ,  th e partia l  matc h i s constraine d t o thos e concept s likel y t o ai d i n achievin g 
th e curren t  goal ,  presumabl y a  fe w instea d o f  thousands . 

Since it is central to the recognition process, we should say a little more about the partial matching 
mechanism .  Give n th e descriptio n o f  som e objec t  an d th e characterizatio n o f  som e concept ,  th e matche r 
return s a  mappin g betwee n th e tw o structures ,  alon g wit h th e degre e t o whic h th e matc h wa s successful .  I f 
th e matc h wa s high ,  the n th e agen t  ca n infe r  tha t  th e objec t  wil l  prov e idea l  fo r  satisfyin g th e goa l  unde r 
whic h it s concep t  wa s indexed .  I f  th e matc h i s onl y fair ,  the n i t  m a y stil l  wan t  t o us e th e object ,  provide d n o 
bette r  object s ar e foun d i n th e immediat e vicinity .  Furthermore ,  sinc e informatio n abou t  whic h operator s 
t o appl y i s include d i n th e objec t  concept ,  guideline s fo r  instrumenta l  us e o f  th e objec t  deriv e no t  fro m 
additiona l  proble m solving ,  bu t  directl y from  th e concept' s content .  Thus ,  inference s regardin g th e object' s 
functionalit y co-occu r  wit h recognition . 

Goals => Aggregation 

Incrementa l  weightin g = > Characterizatio n 
Goal-indexe d partia l  matchin g = > Utilizatio n 

Figure 2. An alternative approach to concept formation. 

CONCLUSION 
I n th e precedin g pages ,  w e identifie d thre e component s o f  th e concep t  learnin g proces s -  aggregation , 

characterization ,  an d utilizatio n -  an d foun d tha t  earlie r  wor k relie d o n tw o assumption s tha t  m a d e eac h o f 
th e task s manageable .  T h e first  involve d th e presenc e o f  a  tutor ,  w h o m a d e th e aggregatio n proble m trivia l 
by providin g positiv e an d negativ e instance s o f  th e concep t  t o b e learned .  T h e secon d involve d th e notio n 
tha t  concept s ar e all-or-non e i n nature ,  s o tha t  the y ca n b e describe d b y a  se t  o f  necessar y an d sufficien t 
conditions .  Sinc e w e wer e concerne d wit h concep t  formatio n i n real-worl d settings ,  w e rejecte d thes e tw o 
assumptions .  However ,  thi s force d u s t o propos e ne w method s fo r  dealin g wit h th e thre e component s o f 
concep t  formation .  I n response ,  w e propose d a n alternativ e framework  i n whic h goal s wer e use d t o aggregat e 
experience .  I n thi s approach ,  goal s ar e als o use d t o inde x an d retriev e potentiall y  relevan t  concepts ,  reducin g 
th e tas k o f  partia l  matchin g agains t  prototype s t o reasonabl e proportions .  Finally ,  w e propose d a  metho d 
fo r  incrementall y characterizin g concepts ,  base d o n weightin g numeri c feature s an d operator s i n term s o f 
thei r  observe d variance .  Thi s gav e u s bot h physica l  criteri a fo r  recognizin g futur e instance s o f  th e concep t 
and informatio n abou t  th e functiona l  propertie s o f  objects .  Take n together ,  w e believ e tha t  thes e method s 
constitut e a  viabl e alternativ e t o traditiona l  approache s t o concep t  formation ,  an d i n ou r  futur e wor k w e 
pla n t o instantiat e th e framework  a s a  runnin g system ,  an d t o tes t  it s  learnin g abilitie s i n a  complex ,  reactiv e 
environment . 
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