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joel@gatech.ed u 

Abstrac t 

Model s o f  huma n categor y learnin g hav e predominatel y assume d tha t  bot h th e structur e i n 

th e worl d an d th e analogou s structur e o f  th e interna l  cognitiv e representation s ar e bes t  modele d 

by hierarchie s o f  disjoin t  categories .  Stric t  taxonomie s do ,  i n fact ,  captur e importan t  structur e o f 

th e world .  However ,  ther e ar e realisti c situation s i n whic h system s o f  overlappin g categorie s ca n 

engende r  mor e accurat e inference s tha n ca n taxonomies .  Tw o preliminar y model s fo r  learnin g 

overlappin g categorie s ar e presente d an d thei r  benefi t  i s  illustrated .  Th e model s ar e discusse d 

wit h respec t  t o thei r  potentia l  implication s fo r  theory-base d categor y learnin g an d conceptua l 

combination . 

1 Introduction 

The natural world can be neatly organized into a hierarchy of disjoint categories. A platypus is a 

mammal,  no t  a  bird ;  an d mammal s ar e animals ,  no t  plants .  Artificia l  categorie s ca n als o b e 

place d i n a  stric t  hierarchy .  Somethin g tha t  i s a  balpee n hammer  i s no t  a  cla w hammer . 

Similarly ,  i t  i s  a  hammer ,  no t  a  saw ;  an d a  han d tool ,  no t  a  powe r  tool .  Eac h category ,  whethe r 

natura l  o r  artificial ,  ca n b e distinguishe d fro m it s alternative s b y it s distinc t  intensiona l 

description ,  whic h migh t  b e represente d a s list s o f  featur e frequencie s o r  a  lis t  o f  instances . 

Taxonomie s suc h a s thes e ar e elegant ,  economical ,  an d see m t o b e th e mos t  suitabl e 

representatio n fo r  m a n y natura l  an d artificia l  categories . 

Presumably ,  i f  human s lear n an d us e taxonomi c structures ,  the y woul d efficientl y an d 

accuratel y characteriz e th e regularitie s i n th e world .  Th e assumptio n tha t  the y d o s o ha s bee n a n 

extremel y fruitfu l  see d fo r  generatin g model s o f  huma n categor y learning .  S o fruitful ,  i n fact ,  tha t 

alternat e structure s o f  categorie s hav e bee n neglecte d unti l  recently .  Structure s o f  overlappin g 

categorie s ca n actuall y b e superio r  t o taxonomie s whe n ther e ar e multipl e equall y goo d way s t o 

partitio n a  se t  o f  experiences .  I n thes e circumstances ,  non-disjoin t  categorie s permi t  faste r 

learnin g an d mor e economica l  storag e tha n i s possibl e wit h disjoin t  categories . 

I f  on e assume s th e worl d contain s suc h domain s an d tha t  human s ar e optimall y adapte d t o 

thei r  environmen t  a s suggeste d b y Anderso n (1988) ,  the n overlappin g categor y structure s shoul d 

motivat e bette r  model s o f  huma n behavior .  Indeed ,  som e structure s o f  overlappin g categorie s 

sugges t  preliminar y method s fo r  modelin g theory-base d concep t  learnin g (Murph y & ;  Medin , 

1985 )  an d conceptua l  combinatio n (Smit h &  Osherson ,  1984) . 

'Thi s researc h wa s supporte d i n par t  b y a  Georgi a Institut e o f  Technolog y Stelso n gran t  an d NI H gran t 
7R23HD20522-03 . 
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2 T a x o n o m i e s 

The purpose of taxonomies is to maximize the probability of correct inference without requiring 

th e retrieva l  o f  larg e set s o f  pas t  experience s fo r  ever y prediction .  The y compactl y summariz e 

predictiv e relationships .  However ,  ther e ar e domain s fo r  whic h taxonomie s no t  onl y d o no t 

maximiz e th e probabilit y  o f  correc t  inferences ,  bu t  als o d o no t  compactl y represen t  th e 

regularities .  Thes e ar e domain s tha t  permi t  multipl e different ,  bu t  equall y predictiv e taxonomies . 

Each o f  thes e taxonomie s allow s roughl y th e sam e numbe r  o f  correc t  inferences ,  bu t  the y diffe r 

wit h respec t  t o whic h attribute s o r  aspect s o f  experience s abou t  whic h the y ar e mos t  informative . 

2.1 Disjoint categories 

A set of objects or events can be split into disjoint subsets in many ways. Given a collection of a 

dog,  a  cat ,  a  goldfish ,  an d a  whale ,  on e spli t  m a y grou p th e do g wit h th e fis h an d th e ca t  wit h th e 

whale .  Anothe r  m a y assig n eac h individua l  t o a  separat e subset ,  an d ye t  anothe r  m a y divid e th e 

mammals fro m th e fish .  O f  thes e man y possibilitie s th e on e tha t  permit s th e mos t  correc t 

inference s i s preferred .  An y collectio n o f  categorie s i s onl y usefu l  t o th e exten t  tha t  categor y 

membershi p permit s accurat e predictions .  Fo r  instance ,  knowin g tha t  a  particula r  objec t  i s  a  bir d 

allow s probabl e prediction s abou t  bod y covering ,  food ,  an d habitat . 

Thi s notio n ha s bee n formalize d fo r  a  singl e se t  o f  disjunctiv e categorie s b y bot h Gluc k an d 

Corte r  (1985 )  an d Anderso n (1990) .  Fo r  example ,  Gluc k an d Corte r  deriv e tha t  th e probabilit y  o f 

makin g correc t  inference s i s equa l  t o th e sum ,  ove r  al l  categories ,  o f  th e probabilit y  o f  th e 

categor y multiplie d b y th e squar e o f  th e probabilit y  o f  a  particula r  valu e give n th e category : 

Picorrect) = ^ P{Ck) E E ^i^J = ^i I <^^)' (D 
k j  i 

This measure could be applied by performing every possible partitioning and choosing the one 

wit h th e larges t  P(correct) .  Thi s woul d b e horrendousl y expensive ,  though ,  becaus e th e numbe r 

of  possibl e partitioning s grow s exponentiall y  wit h th e numbe r  o f  categories .  A  mor e practica l 

approac h accept s a  se t  o f  experience s i n a  particula r  orde r  an d deal s wit h eac h instanc e i n turn . 

Each instanc e ca n b e use d t o updat e th e intensio n o f  a  category .  I t  i s  adde d t o th e categor y tha t 

allow s th e greates t  ris e i n th e probabilit y  o f  correc t  inference .  Thi s i s a  hill-climbin g searc h 

towar d th e optima l  partitionin g (Fisher ,  1987) . 

Gluc k an d Corte r  (1985 )  originall y intende d thei r  measur e t o b e a  predicto r  o f  th e basi c leve l 

i n a  taxonom y (eg .  Rosc h e t  al. ,  1976) .  However ,  i t  o r  a  simila r  measur e ca n b e use d recursivel y 

t o for m complet e taxonomies ,  a s wa s suggeste d b y Fishe r  (1987 )  an d Anderso n (1990) . 

Gluc k an d Corter' s measur e wil l  b e use d belo w a s a  paradigmati c exampl e o f  a  mode l  fo r 

learnin g disjoin t  categories .  A s well ,  Fisher' s (1987 )  metho d fo r  generatin g hierarchie s wil l  b e 

assumed .  Th e generate d hierarchies ,  unlik e th e disjoin t  categor y measure ,  ar e no t  necessaril y 

clos e t o optimal .  Th e techniqu e produce s performanc e tha t  i s belo w th e theoretica l  m a x i m u m i n 

some situation s becaus e i t  attempt s t o maximiz e th e predictiv e wor k don e a t  eac h layer .  However , 

ther e ar e n o forma l  theorie s fo r  acquirin g optimall y predictiv e hierarchies ,  s o thi s heuristi c 

metho d wil l  suffice . 

2.2 The trouble with taxonomies 

Fisher's (1987) COBWEB system, which is rooted in Gluck and Corter's (1985) measure, has 

been quit e successfu l  a t  acquirin g taxononaie s tha t  allo w accurat e inferences .  C O B W EB ha s bee n 

applie d t o bot h rea l  an d artificia l  domains .  Give n thi s success ,  i t  i s  valuabl e t o identif y wha t 
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shortcoming s C O B W EB an d relate d model s migh t  have ,  i f  any .  A s well ,  i f  shortcoming s ar e 

found ,  i t  i s  essentia l  t o demonstrat e tha t  th e condition s i n whic h taxonomie s fai l  occu r  frequentl y 

i n h u m a n experience .  However ,  i f  suc h condition s ar e ver y rare ,  human s woul d d o wel l  enoug h 

wit h taxonomie s an d no t  requir e an y alternativ e model . 

2.2.1 The problems 

All of the difficulties with taoconomies that will be discussed here occur when the domain to be 

learne d allow s m a n y different ,  bu t  equall y usefu l  taxonomies .  Thes e domain s wil l  b e referre d t o a s 

cross-classificatio n domains .  Fo r  example ,  a  lis t  o f  athlete s m a y specif y thei r  height ,  weight ,  ey e 

color ,  an d hai r  color .  Fo r  thes e athletes ,  th e value s fo r  heigh t  an d weigh t  ar e mutuall y predictive , 

as ar e th e value s fo r  ey e an d hai r  color .  Heigh t  though ,  i s onl y randoml y relate d t o ey e an d hai r 

color ,  an d similarl y fo r  weight .  TaUe r  athlete s ar e heavie r  an d blue-eye d one s ten d t o b e blond , 

but  taJ l  athlete s d o no t  hav e a  characteristi c hai r  color . 

A syste m tha t  learn s disjoin t  categorie s i n thi s domai n ha s severa l  choices .  First ,  i t  coul d 

choos e t o partitio n th e instance s o n th e basi s o f  heigh t  an d weigh t  o r  o n th e basi s o f  ey e an d hai r 

color .  This ,  however ,  limit s th e probabilit y  o f  correc t  inference s b y completel y ignorin g on e o f  th e 

predictiv e relationships .  Alternatively ,  i t  coul d tr y t o balanc e th e tw o relationship s withou t 

storin g ever y instance .  Thi s agai n lose s som e predictiv e information .  I n orde r  fo r  th e categorie s t o 

captur e on e relationship ,  i t  mus t  jeopardiz e th e accurac y o f  th e other . 

A thir d possibilit y  i s  tha t  th e syste m coul d simpl y creat e a  categor y fo r  eac h combinatio n o f 

value s fo r  th e domain .  Thi s result s i n n o timin g o r  storag e benefi t  fo r  categorie s ove r  individua l 

instances ,  bu t  doe s achiev e bette r  predictio n tha n th e abov e proposals .  Thi s metho d wil l  b e 

generall y inefficien t  fo r  domain s i n whic h ther e ar e multipl e cluster s o f  mutuall y predictiv e values , 

becaus e ther e i s potentiall y  a n exponentia l  numbe r  o f  categorie s tha t  mus t  b e stored .  Mor e 

importantly ,  though ,  eac h o f  thes e categorie s mus t  b e separatel y learned .  Thi s require s tha t  ever y 

combinatio n mus t  b e see n befor e th e domai n i s wel l  learned .  Thi s i s likel y to o restrictive ,  becaus e 

humans ,  a t  least ,  d o no t  hav e t o hav e see n a  stripe d appl e t o b e abl e t o mak e inference s abou t  it . 

A final  possibilit y  i s  tha t  th e syste m coul d choos e on e relationshi p fo r  eac h leve l  o f  th e 

hierarchy ,  suc h that ,  fo r  example ,  heigh t  an d weigh t  woul d initiall y  classif y th e instance ,  an d the n 

hai r  an d ey e colo r  woul d classif y i t  further .  Thi s possibilit y  share s th e criticism s above ,  bu t  i s 

somewhat  mor e economical .  Instea d o f  storin g ever y combinatio n o f  value s a s a  separat e category , 

thi s possibilit y  allow s eac h partitionin g t o b e a  decisio n abou t  th e value s o f  som e se t  o f  correlate d 

attributes ,  thereb y apparentl y reducin g th e orde r  o f  th e numbe r  o f  categories .  However ,  eac h 

decisio n excep t  th e on e a t  th e to p o f  th e tre e mus t  b e replicate d man y time s throughou t  th e 

hierarchy .  Thi s require s excessiv e storag e and ,  a s i n th e las t  section ,  learnin g rat e an d accurac y 

wi U b e adversel y affected .  O n e additiona l  difficult y wit h thi s approac h i s tha t  i t  fixes  th e orde r  o f 

th e decisions .  I f  som e instanc e i s encountere d tha t  happen s no t  t o hav e value s fo r  th e decisio n 

tha t  i s highes t  i n th e tree ,  the n th e informatio n i n th e hierarch y m a y b e inaccessible . 

A singl e se t  o f  disjoin t  categorie s o r  a  stric t  hierarchy ,  whe n applie d i n cross-classificatio n 

domains ,  wil l  eithe r  requir e excessiv e storage ,  extende d learning ,  o r  wil l  produc e les s tha n optima l 

predictio n behavior . 

2.2.2 Cross-classification domains 

These difficulties are hardly significant if humans only rarely encounter cross-classification 

domains .  O n th e othe r  hand ,  i f  cross-classificatio n domain s ar e c o m m o n an d human s ar e 

optimall y adapte d t o thei r  world(Anderson ,  1988) ,  the n human s mus t  lear n overlappin g 

categories . 
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Linnaeus '  taxonom y o f  th e plan t  an d anima l  kingdo m wa s on e o f  th e mos t  significan t  earl y 

indication s tha t  hierarchie s o f  disjoin t  categorie s reflec t  th e structur e o f  th e world .  A n importan t 

sourc e suggestin g th e existenc e o f  overlappin g categorie s i n th e worl d i s artificia l  intelligenc e an d 

cognitiv e scienc e wor k i n knowledg e representation .  A s structure d representation s fo r  knowledg e 

appeared ,  i t  wa s acknowledge d tha t  th e sam e even t  o r  objec t  woul d nee d t o b e multipl y classifie d 

(Minsky ,  1975) .  Minsk y argue d tha t  a  generato r  fro m a  ca r  i s a n instanc e o f  bot h a  mechanica l 

syste m an d a n electrica l  one .  Thes e differen t  point s o f  vie w woul d likel y b e usefu l  fo r  differen t 

tasks .  Mos t  proposal s fo r  generi c knowledg e representatio n language s includ e th e abilit y  t o 

identif y multipl e classe s fo r  a n instanc e (eg .  ConjGeneri c i n K R Y P T O N,  Brachman ,  Fikes ,  & 

Levesque ,  1983) .  A  particula r  perso n ca n b e classifie d a s bot h a  mal e an d a  paren t  an d ca n 

inheri t  inference s fro m each . 

The primar y reaso n cite d i n th e representatio n literatur e fo r  th e us e o f  multipl e inheritanc e i s 

tha t  i t  limit s duplicatio n o f  informatio n an d eliminate s unnecessar y subclasse s (Touretzky ,  1986) . 

For  example ,  differen t  animal s ca n hav e differen t  role s i n huma n life ,  som e ar e pets ,  som e ar e 

circu s performers ,  an d som e ar e wor k animals .  A  stric t  hierarch y migh t  requir e a  nod e fo r  eac h 

animal-rol e pair .  Wit h te n differen t  animal s an d te n differen t  roles ,  th e hierarch y woul d hav e a t 

most  10 0 nodes .  Th e memor y requirement s coul d b e greatl y reduce d i f  circu s elephants ,  fo r 

example ,  coul d inheri t  propertie s fro m bot h circus-performe r  an d elephant .  I f  suc h overlappin g 

categorie s wer e permitted ,  memor y woul d onl y requir e 2 0 node s t o represen t  mos t  o f  th e sam e 

information . 

The worl d doe s see m t o presen t  cross-classificatio n domains .  Ther e ar e man y simpl e example s 

of  combine d concepts ,  suc h a s pe t  fis h o r  stripe d appl e (se e Osherso n &  Smith ,  1982) . 

Additionally ,  a s mentione d above ,  researcher s concerne d wit h representin g knowledg e ar e abl e t o 

adop t  overlappin g categorie s t o simplif y thei r  task ,  suggestin g tha t  th e structur e i s available . 

Bot h o f  thes e piece s o f  evidenc e argu e tha t  becaus e Englis h word s expres s overlappin g categories , 

ther e mus t  b e suc h structur e i n th e world .  Anderso n (1990) ,  however ,  caution s agains t  assumin g 

tha t  categor y label s correspon d t o th e actua l  categor y structur e o f  a  domain .  Th e label s m a y b e 

merel y attribute s lik e an y other .  T w o categorie s m a y o r  m a y no t  shar e a  particula r  label . 

Therefore ,  th e apparen t  existenc e o f  overlappin g categorie s migh t  b e th e resul t  o f  som e nam e o r 

labe l  attribute s tha t  overla p acros s categories ,  jus t  a s th e extensio n o f  re d thin g an d th e extensio n 

of  roun d thin g overlap . 

A categor y label ,  however ,  i s  assume d t o b e somethin g special ,  i n tha t  i t  i s  extraordinaril y 

usefu l  fo r  predictin g othe r  attributes .  Thi s i s tru e fo r  th e abov e examples .  Th e category ,  circu s 

performer ,  indicate s muc h abou t  th e lifestyl e o f  th e creature ,  an d elephan t  indicate s muc h abou t 

th e siz e an d shap e o f  th e creature .  Hence ,  eve n i f  th e categorie s ar e onl y labels ,  ther e ar e 

importan t  predictiv e relation s betwee n th e labe l  an d othe r  attributes .  A  stric t  hierarch y woul d 

requir e tha t  th e predictiv e relation s about ,  fo r  example ,  circu s performer s woul d b e duplicate d fo r 

al l  type s o f  circu s performer .  Overlappin g categorie s coul d permi t  th e cluster s o f  predictiv e 

relation s t o b e encapsulate d an d reused ,  rathe r  tha n duplicated .  Again ,  system s o f  disjoin t 

categorie s produc e inferio r  performanc e whe n compare d wit h system s o f  overlappin g categories . 

3 Models of Overlapping Categories 

Overlapping categories, by encapsulating predictive relationships, produce more accurate 

inference s an d reduc e duplicatio n o f  information .  Fo r  thi s t o b e true ,  th e variou s categorie s mus t 

complemen t  eac h other .  I n particular ,  differen t  categorie s tha t  appl y t o th e sam e objec t  mus t 

diffe r  wit h respec t  t o th e attribute s tha t  the y ar e bes t  abl e t o predict .  I f  somethin g i s a  beanba g 

and a  chair ,  th e beanba g categor y i s bes t  fo r  predictin g shape,  wherea s th e chai r  categor y i s bes t 
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fo r  predictin g siz e an d function . 

Ther e ar e tw o genera l  approache s t o learnin g set s o f  complementary ,  overlappin g categories . 

The y b e learne d eithe r  on e a t  a  tim e o r  simultaneously .  Suppos e th e tas k i s t o learn ,  amon g othe r 

things ,  th e concept s youn g an d mallard .  A  learne r  migh t  a t  on e tim e hea r  abou t  a  youn g mallar d 

and onl y car e abou t  predictin g bod y coverin g an d mean s o f  locomotion .  I t  woul d the n begi n t o 

lear n th e category ,  mallard .  A t  anothe r  time ,  i t  migh t  car e abou t  predictin g degre e o f 

coordinatio n o r  sourc e o f  foo d an d henc e wil l  begi n t o lear n th e categor y youn g fo r  animals .  Ove r 

time ,  th e tw o overlappin g categorie s woul d becom e mor e entrenche d a s youn g an d mallar d 

occurre d i n othe r  contexts .  Bot h youn g an d mallar d wil l  stil l  participat e i n set s o f  disjoin t 

categories .  Fo r  instance ,  youn g thing s contrast s wit h ol d thing s an d mallar d contrast s wit h geese . 

Th e resultin g structur e fo r  th e exampl e ca n the n b e viewe d a s a n interwove n se t  o f  alternat e 

hierarchies . 

A simultaneou s strateg y fo r  learnin g overlappin g categorie s woul d produc e a  simila r  structure , 

but  woul d d o i t  wit h fewe r  instances .  Instea d o f  startin g wit h particula r  predictio n goals ,  th e 

simultaneou s strateg y begin s wit h th e genera l  goa l  o f  extractin g a s muc h predictiv e structur e a s 

possible .  Wit h eac h instance ,  i t  attempt s t o maximiz e it s abilit y  t o predic t  al l  attributes .  I t 

woul d begi n t o lear n abou t  bot h youn g an d mallar d simultaneously . 

3.1 Model 1: Learning overlapping categories across presentation 

One possible model for learning overlapping categories across instance presentations uses a single 

set  o f  categorie s tha t  a t  an y on e tim e ar e considere d disjoint .  A n instance ,  however ,  ca n b e 

classifie d int o differen t  categorie s dependin g o n wha t  th e predictio n goa l  is .  I n thi s model ,  a n 

instanc e i s learne d b y firs t  highlightin g whic h attribut e o r  attribute s wi U b e mos t  usefu l  t o 

predict .  Then ,  wit h thi s i n mind ,  th e instanc e i s incorporate d int o th e bes t  categor y jus t  a s i n 

Fisher' s (1987 )  model .  Predictio n proceed s i n th e sam e manne r  an d result s i n predictio n o f  th e 

most  probabl e value s fo r  th e goa l  attributes . 

T o actuall y implemen t  thi s idea ,  Fisher' s basi c algorith m wa s adopted .  However ,  th e Gluc k 

an d Corte r  (1985 )  measur e wa s inadequate ,  becaus e i t  alway s assume d tha t  al l  attribute s ar e 

equall y importan t  t o predict .  Thei r  measur e wa s modifie d (se e Marti n &  Billman ,  1990 )  t o 

produc e th e following : 

Q = JlT.^P(Ck I matchfncMi)^^P{aA,)PiA, ^ V„ \ C^? (2) 
it  /  ^  j  i 

Thi s metri c i s fairl y  complicated ,  bu t  i s base d directl y o n Gluc k an d Corter' s simpl e result .  I t  wa s 

modifie d t o allo w som e attribute s t o b e ignore d whe n learnin g categories .  Th e ter m P(aAj ) 

differentiate s goa l  attribute s fro m others .  I t  i s  1  i f  A j  i s  a  goa l  attribut e an d 0  otherwise .  Th e 

ter m N j  i s th e numbe r  o f  instance s observed ,  matchfn c i s th e procedur e use d fo r  matching ,  an d / 

i s  a  particula r  instanc e tha t  i s matched .  Th e matc h functio n m a y b e an y metri c tha t  assign s a 

degre e o f  matc h betwee n a  particula r  instanc e an d eac h disjoin t  category .  Simpl e possibilitie s ar e 

an arithmeti c o r  geometri c average . 

3.2 Model 2: Learning overlapping categories simultaneously 

The major difference between this model and the last is that this model attempts to pull as much 

predictiv e structur e ou t  o f  th e instance s a s i t  can .  I t  allow s simultaneou s multipl e classification . 

Durin g prediction ,  a n instanc e i s multipl y classifie d an d predictiv e informatio n i s combine d fro m 

th e recognize d categorie s t o mak e a  prediction .  A s a n illustratio n o f  th e idea ,  imagin e tha t  eac h 

of  severa l  guard s ha s a  limite d vie w o f  th e oute r  wal l  o f  a  fortress ,  an d tha t  the y eac h repor t  t o a 
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commander ,  wh o collect s th e separat e piece s o f  information .  Th e commande r  ca n compos e th e 

differen t  fragment s t o permi t  informe d predictions . 

Learnin g i n thi s mode l  consist s o f  addin g ne w categories ,  modifyin g th e description s o f 

categories ,  an d modifyin g parameter s o f  th e compositio n function .  Th e syste m ca n concurrentl y 

lear n ne w categorie s an d lear n ho w t o combin e th e informatio n provide d b y th e categories .  I f  th e 

siz e o f  a  pe t  fis h i s no t  wel l  predicte d fro m informatio n abou t  pet s an d fish ,  eithe r  a  ne w pet-fis h 

categor y woul d b e adde d o r  parameter s o f  th e compositio n functio n woul d b e altere d t o handl e 

thi s exception . 

Mor e specifically ,  th e mode l  assume s tha t  ther e ar e severa l  non-disjoin t  set s o f  tw o o r  mor e 

disjoin t  categories .  Th e simples t  cas e i s whe n eac h se t  ha s tw o possibilities .  Fo r  example ,  on e 

categor y m a y spli t  plant s int o thos e tha t  liv e underwate r  an d thos e tha t  d o not .  Anothe r  m a y 

spli t  plant s int o thos e tha t  ar e larg e an d thos e tha t  ar e small .  On e categor y fro m eac h th e 

non-disjoin t  set s coul d b e accesse d b y a n instance .  Bot h learnin g an d predictio n us e Equatio n 2 

t o classif y instance s int o eac h se t  i n th e sam e manne r  a s i n Mode l  1 . 

Compositio n i s achieve d b y assumin g tha t  th e non-disjoin t  set s an d thei r  activate d member s 

ar e attribute s an d value s o f  instance s tha t  ca n b e categorize d b y anothe r  se t  o f  disjoin t  categories . 

For  eac h attribute .  Equatio n 2  an d th e accesse d categorie s ar e use d t o selec t  a  categor y fro m 

whic h t o generat e predictions . 

3.3 Empirical illustration 

The above models were compared to COBWEB using a cross-classification domain. The domain 

had twelv e binar y attribute s groupe d int o fou r  cluster s o f  thre e mutuall y predictiv e attributes .  I n 

eac h cluster ,  eac h attribute' s value s wer e consistentl y paire d wit h value s o n th e othe r  tw o 

attributes . 

Testin g wa s divide d int o 5  run s fo r  eac h model .  Fo r  eac h run ,  th e domai n o f  1 6 instance s wa s 

randoml y ordere d an d spli t  int o a  1 2 instanc e trainin g se t  an d a  4  instanc e tes t  set .  Afte r  eac h 

instanc e i n th e trainin g se t  wa s presented ,  th e model' s abilit y  t o mak e correc t  prediction s abou t 

th e tes t  instance s wa s determined . 

The average d result s demonstrat e th e predicte d benefi t  o f  overlappin g categories .  Bot h o f  th e 

overlappin g categor y model s achieve d a  m a x i m u m scor e o f  approximatel y 7 0 % correc t  afte r  al l 

trainin g instance s ha d bee n see n (67.5 % fo r  th e firs t  mode l  an d 72.5 % fo r  th e second) . 

C O B W E B,  o n th e othe r  hand ,  achieve d onl y 48.5 % correct .  On e interestin g resul t  i s  tha t 

C O B W EB onl y require d on e instanc e t o achiev e a  predictio n accurac y o f  5 0 % ±  2 % .  I n contrast , 

th e overlappin g categor y model s require d fou r  an d thre e instance s respectively .  Thi s suggest s tha t 

th e improve d accurac y migh t  b e associate d wit h slowe r  initia l  learning . 

4 Discussion 

Disjoint categories divide the world at its joints (Rosch, 1978). The different levels of a taxonomy 

divid e th e worl d int o eithe r  coars e o r  fin e pieces .  I n thes e terms ,  overlappin g categorie s allo w th e 

syste m t o identif y an d consolidat e piece s tha t  recu r  often .  Instea d o f  repeatedl y definin g 

categorie s tha t  extrac t  th e sam e piece ,  tha t  piec e i s learne d onc e an d mad e generall y available . 

4.1 Theory-based concept learning 

The above statement implies that general predictive rules could be learned and used in a system 

tha t  permit s overlappin g categories .  Thes e genera l  rule s m a y constitut e a  theor y tha t  ca n the n 

influenc e late r  learning .  A  simpl e wa y thi s migh t  happe n i s i f  previou s learnin g ha d establishe d a 
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set  o f  interpredictiv e values ,  an d futur e learnin g assume d tha t  th e se t  o f  value s remaine d 

interpredictive .  W h e n learnin g i n a  ne w domain ,  pas t  learnin g ca n transfer ,  possibl y permittin g 

faste r  learning . 

Murph y an d Medi n (1985 )  argu e tha t  genera l  theorie s d o no t  simpl y coexis t  wit h categories ; 

the y interac t  i n m a n y ways .  Mos t  importantly ,  a  backgroun d theor y ca n provid e a n explanator y 

principl e fo r  categor y membership .  Althoug h th e curren t  representatio n fo r  theorie s include s n o 

relationship s asid e fro m cooccurrence ,  conceptua l  coherenc e ca n b e simulate d wit h overlappin g 

categories . 

Ther e may ,  fo r  example ,  alread y b e categorie s tha t  predic t  weigh t  fro m height ,  an d tha t 

predic t  heigh t  fro m gender .  N o w th e learne r  mus t  lear n t o partitio n individual s base d o n thei r 

weight ,  bu t  the y ar e no t  give n eithe r  th e weigh t  o r  th e height .  Al l  o f  th e informatio n necessar y t o 

reaso n tha t  w o m e n ar e generall y lighte r  tha n m e n i s available .  Th e backgroun d theor y permit s 

th e identificatio n o f  importan t  attributes ,  suc h a s gender ,  an d provide s a  wea k theor y t o explai n 

w hy th e lighte r  categor y contain s mostl y women . 

To fuU y develo p th e us e o f  overlappin g categorie s a s theories ,  a  mor e comple x representatio n i s 

needed ,  includin g causa l  an d othe r  relation s betwee n attributes . 

4.2 Conceptual combination 

Several overlapping categories can be learned and can be recombined into novel configurations 

abou t  whic h th e syste m wil l  hav e inferentia l  commitments .  Someon e might ,  fo r  example ,  expec t  a 

to y elephan t  t o b e gra y becaus e al l  elephant s the y kne w wer e gra y an d toy s hav e n o characteristi c 

color .  Thi s genera l  notio n i s almos t  identica l  t o th e intuitio n behin d conceptua l  combinatio n 

(Osherso n &  Smith ,  1982) .  Peopl e ar e assume d t o hav e separat e meanin g representation s fo r 

variou s noun s an d adjective s tha t  ca n b e combined .  Th e majo r  goa l  o f  th e conceptua l 

combinatio n researc h i s t o determin e ho w inference s fro m separat e representation s ar e combined , 

especiall y whe n the y ar e competing .  Tha t  i s als o a  majo r  issu e fo r  model s o f  overlappin g 

categories .  Th e firs t  mode l  presente d abov e make s n o commitment s abou t  ho w i t  migh t  combin e 

tw o o r  mor e categorie s 

Th e secon d model ,  however ,  adopt s a  relativel y nove l  perspectiv e o n conceptua l  combination . 

I t  doe s assum e a  simpl e multiplicativ e combinatio n rule ,  bu t  unlik e existin g model s o f 

combinatio n (Osherso n &  Smith ,  1982) ,  i t  ca n modif y ho w th e combinatio n i s achieve d a s i t 

learns .  S o i n contras t  t o earlie r  approaches ,  ther e i s no t  a  simpl e fixe d mechanism ,  bu t  rathe r  a 

mor e flexible  adaptiv e method . 

4.3 Summary 

Although taxonomies have long been the standard model for human categories, they do not 

alway s provid e th e mos t  economica l  storag e no r  th e bes t  predictions .  I n particular ,  i n cros s 

classificatio n domains ,  structure s tha t  permi t  overlappin g categorie s ar e superior .  T w o model s 

wer e presente d tha t  learne d overlappin g categor y structure ,  an d the y wer e demonstrate d t o b e 

superio r  t o a  metho d tha t  relie s o n non-overlappin g structure . 
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