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C o n c r e t e a n d Abst rac t  M o d e l s o f  Ca tego r y Learn in g 

Pat  Langley ^  (langley@isle.org ) 
Institut e fo r  th e Stud y o f  Learnin g an d Expertis e 

216 4 Staunto n Court ,  Pal o Alto ,  C A 9430 6 U S A 

Abstrac t 

In this paper, we compare the rhetoric that sometimes 
appear s i n th e literatur e o n computationa l  model s o f 
categor y learnin g wit h th e growin g evidenc e tha t  dif -
feren t  theoretica l  paradigm s typicall y produc e simila r 
results .  I n response ,  w e sugges t  tha t  concret e computa -
tiona l  models ,  whic h currentl y dominat e th e field ,  ma y 
be les s usefu l  tha n simulation s tha t  operat e a t  a  mor e 
abstrcic t  level .  W e illustrat e thi s poin t  wit h a n abstrac t 
simulatio n tha t  explain s a  chcdlengin g phenomeno n i n 
th e cire a o f  categor y leanin g -  th e effec t  o f  consisten t 
contrast s -  an d w e conclud e wit h som e genera l  observa -
tion s abou t  suc h abstrac t  models . 

I n t r o d u c t i o n a n d O v e r v i e w 

Learnin g i s on e o f  th e ubiquitou s aspect s o f  huma n be -

havior ,  s o i t  seem s natura l  tha t  th e proces s o f  learn -

in g ha s draw n significan t  attentio n withi n bot h cogni -

tiv e psycholog y an d artificia l  intelligence .  Ove r  time , 

differen t  candidat e mechanism s hav e arise n t o accoun t 

fo r  learnin g phenomena ,  leadin g t o distinc t  theoretica l 

Ccmaps tha t  hav e direc t  anedogue s acros s th e tw o dis -

ciplines .  Anothe r  clea r  paralle l  lie s i n th e rhetorica l 

stance s ofte n take n b y authors ,  whic h assum e tha t  th e 

succes s o f  a  learnin g metho d o n a  specifi c  proble m de -

rive s from  tha t  method' s distinguishin g features ,  rathe r 

tha n from  othe r  factors . 

I n thi s paper ,  w e revie w five  mai n paradigm s i n th e 

computationa l  stud y o f  learning ,  an d w e conside r  th e 

mountin g evidenc e that ,  fo r  purpose s o f  bot h artifac t 

constructio n an d psychologica l  modeling ,  thes e differ -

ent  frameworks  typicall y giv e equivalen t  results .  Indeed , 

analysi s o f  successfu l  application s an d successfu l  model s 

suggest s decision s abou t  ho w t o cas t  th e learnin g tas k 

an d ho w t o encod e trainin g dat a ar e th e mai n sourc e o f 

power  i n computationa l  learning .  Thi s observatio n lead s 

us t o questio n th e usefulnes s o f  developin g detailed ,  con -

cret e computationa l  model s o f  h u m a n learning . 

I n response ,  w e dra w o n th e notio n o f  a n abstrac t  com -

putationa l  mode l  tha t  make s prediction s abou t  behavio r 

bu t  tha t  doe s no t  actuall y carr y ou t  th e task .  W e discus s 
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some earlie r  wor k i n thi s alternativ e framewor k tha t  ha s 

focuse d o n skil l  learning ,  the n appl y th e approac h t o a 

phenomeno n fro m categor y learnin g -  th e effec t  o f  con -

sisten t  contrast s -  whic h pose s challenge s t o mos t  com -

putationa l  accounts .  W e sho w tha t  a  certai n abstrac t 

model  explain s thi s finding  withou t  takin g a  positio n o n 

th e detail s o f  representatio n o r  learning ,  wherea s anothe r 

abstrac t  simulation ,  whic h matche s th e assumption s o f 

most  concret e models ,  doe s no t  explai n th e phenomenon . 

We clos e wit h response s t o som e natura l  criticism s o f  ab -

strac t  model s an d wit h comment s o n thei r  long-ter m rol e 

i n developin g theorie s o f  huma n behavior . 

Rhetoric and Reality in Learning 

Much of the research on mechanisms of learning, both 

withi n A I  an d cognitiv e psychology ,  ha s focuse d o n th e 

acquisitio n o f  knowledg e fo r  classificatio n o r  categoriza -

tion .  Th e performanc e tas k her e involve s assignin g a  ne w 

instanc e o r  stimulus ,  typicall y describe d usin g attribute -

valu e pairs ,  t o som e categor y o r  class ,  give n a  know n se t 

of  mutuall y exclusiv e classes .  Th e associate d learnin g 

tas k involve s finding  som e functio n o r  mappin g tha t  cat -

egorize s nove l  instances ,  give n a  se t  o f  trainin g instance s 

and thei r  assigne d classes .  Th e typica l  performanc e mea -

sur e i s classificatio n accurac y o r  error ,  thoug h measure s 

of  spee d an d typicalit y sometime s appesu -  a s well . 

Th e machin e learnin g communit y ha s explore d five 

mai n representation s o f  knowledg e abou t  categories , 

eac h whic h it s associate d mechanisms .  Th e first  majo r 

paradig m represent s knowledg e a s decisio n lists ,  whic h 

consis t  o f  rule s tha t  specif y th e logica l  condition s fo r 

membershi p i n a  category ,  typicall y learne d on e a t  a 

time .  A  secon d framewor k represent s categor y knowl -

edg e a s a  decisio n tre e tha t  i s  acquire d throug h a  proces s 

of  recursiv e partitioning .  A  thir d paradig m represent s 

knowledg e a s a  multilaye r  neura l  network ,  ofte n relyin g 

on a  weight-adjustin g metho d know n a s backpropagation . 

Yet  anothe r  framewor k encode s knowledg e abou t  cate -

gorie s a s experience s o r  stimul i  store d i n long-ter m mem-

ory ,  usin g neares t  neighbo r  o r  case-base d method s fo r 

classification .  A  final  paradig m use s trainin g instance s 

t o updat e probabilisti c  descriptions ,  ofte n usin g simpl e 

method s lik e naiv e Bayesia n classifier s fo r  categorization . 
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Superficially ,  thes e five  paradigm s appeai r  quit e dis -

tinct ,  an d earl y researc h i n machin e learnin g empha -

size d difference s eimon g them .  Fo r  example ,  fo r  man y 

year s th e c o m m o n wisdo m posite d tha t  method s fo r 

decision-tre e an d rul e inductio n wer e mos t  appropriat e 

fo r  'symbolic '  domains ,  wherea s backpropagatio n i n neu -

ra l  network s wa s bes t  suite d fo r  sensori-moto r  tasks .  In -

deed ,  som e fel t  tha t  suc h differen t  representations ,  per -

formanc e elements ,  an d learnin g algorithm s coul d no t 

eve n operat e i n th e sam e domains .  Thes e belief s wer e en -

courage d b y th e differen t  notation s use d i n variou s com -

munities ,  bu t  the y wer e als o aide d b y rhetorica l  claims , 

unbacke d b y evidence ,  comin g fro m th e variou s camps . 

Thi s perceptio n starte d t o chang e wit h th e first  exper -

imenta l  comparison s amon g differen t  method s fo r  classi -

fication  learnin g (e.g. ,  Mooney ,  Shavlik ,  Towell ,  &  Gove , 

1989) .  Thes e studie s an d ensuin g one s showe d tha t  in -

ductio n eilgorithm s fro m separat e frameworks ,  althoug h 

superficiall y  ver y different ,  coul d operat e o n th e sam e 

problems .  Thei r  experimenta l  result s als o suggeste d tha t 

no on e inductio n metho d wa s alway s superio r  t o oth -

ers ,  an d a  decad e o f  experimenta l  comparison s ha s sup -

porte d thes e earl y results .  Althoug h method s fo r  clas -

sificatio n learnin g hav e steadil y improve d ove r  time ,  n o 

one paradig m ha s emerge d a s superio r  t o other s i n term s 

of  classificatio n accuracy . 

However ,  contributor s t o eac h peuradig m hav e foun d 

some quit e differen t  factor s tha t  affec t  th e succes s o f 

learning .  Thes e includ e decision s abou t  th e formulatio n 

of  th e learnin g task ,  th e representatio n o r  encodin g o f 

th e stimuli ,  an d th e qualit y o f  th e trainin g cases .  Bot h 

experimenta l  studie s an d applicatio n effort s sugges t  tha t 

suc h factor s ar e mor e importan t  determinant s o f  learn -

in g effectivenes s tha n th e inductio n algorith m o r  th e rep -

resentationa l  formalis m itself ,  cdthoug h author s seldo m 

emphasiz e thes e issue s i n papers .  Langle y cin d Simo n 

(1995 )  argu e tha t  thes e item s -  proble m formulation , 

representatio n engineering ,  an d dat a collectio n -  ar e th e 

mai n source s o f  explanator y powe r  i n machin e learning . 

Each paradig m i n machin e learnin g ha s a  direc t  ana -
logu e i n theorie s o f  huma n learning .  Technique s fo r 

learnin g decisio n list s bea r  a  clos e relatio n t o production -
syste m model s o f  huma n categor y learnin g (e.g. ,  An -

derso n &  Kline ,  1979) ,  wherea s method s fo r  decision -

tre e inductio n ar e quit e simila r  t o psychologica l  mod -

el s o f  learnin g tha t  construc t  discriminatio n network s 

(e.g. ,  Richmei n &  Simon ,  1989) .  Backpropagatio n an d 

it s relative s hav e bee n use d no t  onl y fo r  applie d problem s 

but  als o pla y a  rol e i n maui y model s o f  huma n learnin g 

(e.g. ,  Gluc k &  Bower ,  1988) .  Case-base d method s fig-

ur e prominentl y i n th e paper s o n huma n concep t  learn -

ing ,  wher e the y ai e know n a s exempla r  model s (Smit h & 

Medin ,  1981) ,  an d probabilisti c  method s hav e als o bee n 

propose d a s model s o f  huma n categor y formatio n (e.g. , 

Anderson ,  1991 ;  Fishe r  &  Langley ,  1990) . 

Th e literatur e o n computationa l  model s o f  huma n 

learnin g ha s als o see n a  perio d dominate d b y rhetori -

cal  claims .  Th e typica l  researc h pape r  begin s b y arguin g 

th e strength s o f  connectionism ,  productio n systems ,  o r 

exempla r  models ,  whicheve r  happen s t o represen t  th e 

author' s paradigm .  Th e tex t  the n review s som e psycho -

logica l  phenomen a an d describe s a  computationa l  model , 

cas t  withi n thi s paradigm ,  tha t  replicate s thos e findings. 

I n closing ,  th e author s conclud e tha t  thes e positiv e re -

sult s ar e evidenc e fo r  thei r  theoretica l  framework ,  ignor -

in g th e possibilit y  tha t  th e sourc e o f  explanator y powe r 

lie s elsewhere ,  suc h a s i n cjurefull y  selecte d stimulu s en -

coding s o r  i n a  well-crafte d trainin g regimen . 

Th e reaso n fo r  drawin g suc h hast y conclusion s ar e 

understandabl e eve n i f  th e conclusion s themselve s ar e 

questionable .  On e simpl y canno t  construc t  a  detaile d 

compute r  simulatio n o f  huma n behavio r  withou t  mak -

in g man y assumptions ,  suc h a s representationa l  deci -

sions ,  tha t  ar e no t  centra l  t o one' s theoretica l  claims . 

Naturally ,  maji y scientist s ar e tempte d t o conclud e that , 

when thei r  simulatio n succeed s a t  modelin g som e phe -

nomenon,  thei r  cor e assumption s ar e responsibl e rathe r 

tha n th e periphera l  ones . 

Yet  no t  al l  author s follo w thi s natura l  inclination ,  wit h 

one revealin g counterexampl e comin g fro m Richma n an d 

Simo n (1989) .  The y sugges t  tha t  tw o alternativ e ac -

count s o f  word-recognitio n findings  -  connectionis t  mod -
el s (whic h posi t  paralle l  processing )  an d discriminatio n 

network s (whic h posi t  sequentia l  processing )  -  ar e no t 

due t o thes e paradigms '  cor e assumptions .  Rather ,  the y 

argu e tha t  a  hierarchica l  representatio n o f  words ,  a n aux -

iliar y assumptio n tha t  bot h classe s o f  mode l  share ,  con -

stitut e th e rea l  sourc e o f  explanator y powe r  i n thi s do -

main .  W e believ e man y simila r  example s exis t  i n th e 

literatur e o n computationa l  model s o f  h u m a n learning . 

Abstract Models of Learning 

These observations suggest that traditional computer 

simulation s o f  huma n learning ,  althoug h usefu l  contri -
bution s t o artificia l  intelligenc e an d machin e learning , 

may b e unnecessar y o r  eve n misleadin g i n ou r  attempt s 

t o explai n psychologica l  phenomena .  I n plac e o f  suc h 
concret e models ,  w e nee d proces s model s whic h operat e 

at  som e mor e abstreic t  leve l  tha t  let s u s mak e prediction s 

fro m th e centra l  claim s o f  a  theory ,  withou t  needin g a n 

overwhelmin g numbe r  o f  periphera l  assumptions . 

Of  course ,  ther e exist s a  lon g traditio n o f  suc h abstrac t 

model s o f  learnin g withi n mathematica l  psychology .  Bu t 

many proces s account s develope d withi n thi s framewor k 

hav e drawback s o f  thei r  own ,  i n tha t  the y usuall y mak e 
constrainin g assumption s an d embod y simpl e theorie s 

fo r  th e sak e o f  analytica l  tractability .  Suc h restriction s 

on analyti c model s wer e originall y a n importan t  facto r  i n 
th e developmen t  o f  compute r  simulation s tha t  actuall y 

carr y ou t  th e tas k a t  hand . 
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However ,  th e decisio n t o wor k a t  a n abstrac t  leve l 

doe s no t  m e a n on e mus t  develo p a n analyti c mathe -

matica l  model ;  no r  doe s th e us e o f  compute r  simulatio n 

m e an one' s progra m mus t  accomplis h a  complet e task . 

Instead ,  a  process-oriente d psychologis t  ca n develo p a n 

abstrac t  computationa l  model ,  a  notio n champione d b y 

Ohlsso n an d Jewet t  (1997) .  I n thi s framework ,  th e sci -

entis t  stil l  implement s a  runnin g compute r  progra m tha t 

predict s behavior ,  bu t  th e syste m omit s detail s tha t  ar e 

not  essentia l  t o th e phenomen a i t  aim s t o explain .  Fo r 

example ,  t o mode l  learnin g i n problem-solvin g domains , 

the y retai n th e ide a o f  searc h throug h a  proble m space , 

bu t  remov e detail s abou t  th e state s an d operator s tha t 

defin e th e space .  Instead ,  the y specif y th e structur e o r 

connectivit y o f  th e spac e an d mode l  th e learnin g proces s 

usin g mechanism s tha t  alte r  th e probabiUt y o f  takin g 

give n branche s i n th e future . 

Ohlsso n an d Jewett' s  goa l  wa s t o mode l  th e powe r  la w 

of  learning ,  i n whic h th e rat e o f  improvemen t  decrease s 

wit h th e numbe r  o f  trainin g steps .  Simulation s o n syn -

theti c problem s reveale d tha t  tw o learnin g schemes ,  in -

volvin g positiv e feedbac k fo r  selectin g goo d branche s an d 

negativ e feedbac k fo r  ba d selections ,  produce d powe r 

curve s acros s a  broa d rang e o f  paramete r  settings .  Fo r 

instance ,  varyin g th e branchin g factor ,  th e lengt h o f  so -

lution ,  an d th e probabilit y  o f  feedbac k di d no t  affec t  th e 

shap e o f  th e learnin g curve ,  bu t  extrem e paramete r  set -

ting s fo r  success-drive n learnin g gav e differen t  simulate d 

behavior .  Moreover ,  failure-drive n model s tha t  incorpo -

rate d additiv e weigh t  reduction s i n respons e t o negativ e 

feedbac k produce d exponentia l  curves ,  althoug h multi -

plicativ e update s gav e th e powe r  law . 

Anothe r  abstrac t  computationa l  mode l  o f  learnin g 

comes firo m Rosenbloo m an d Newel l  (1987) ,  w h o als o 

focuse d o n th e powe r  law .  Thei r  primar y ai m wa s t o 

develo p a  concret e compute r  simulatio n tha t  exhibite d 

thi s effec t  o n a  finger-manipulation  task .  Th e ke y ide a 

i n thei r  mode l  i s tha t  human s acquir e chunk s whic h le t 

the m lin k comple x perceptua l  configuration s t o comple x 

actions ,  thu s reducin g th e nee d t o carr y ou t  multipl e 

reasonin g step s a t  th e cognitiv e level .  Rosenbloo m an d 

Newel l  embedde d thei r  learnin g mechanis m i n a  detaile d 

theor y o f  th e h u m a n cognitiv e architecture ,  cas t  a s a 

productio n system ,  an d showe d tha t  thei r  mechanis m fo r 

chun k cicquisitio n reduce d respons e tim e wit h practice . 

However ,  t o actuall y fit  th e psychologica l  data ,  the y in -

voke d a  simpl e abstrac t  mode l  wit h fou r  parameter s tha t 

embodie d th e cor e assumption s o f  thei r  chunkin g theory . 

Shrager ,  Hogg ,  an d Huberma n (1988 )  presen t  ye t  an -

othe r  explanatio n o f  power-la w learning .  Lik e Ohlsso n 

an d Jewett's ,  thei r  abstrac t  mode l  describe s a  proble m 

spac e onl y i n term s o f  node s an d links ,  alon g wit h th e 

probabilit y  tha t  a  selecte d branc h wil l  lea d towar d th e 

goal  node .  Thei r  compute r  simulation s sho w tha t  power -

leve l  behavio r  ca n resul t  fro m tw o quit e differen t  learnin g 

processes .  O n e mechanis m (simila r  t o Rosenbloo m an d 

Newell's )  create s ne w link s fro m a  problem' s initia l  stat e 

t o it s goa l  state ,  lettin g th e proble m solve r  mak e futur e 

traversal s i n on e step .  Anothe r  mechanis m (close r  t o 

Ohlsso n an d Jewett's )  alter s th e probabilit y  o f  travers -

in g a  lin k base d o n whethe r  i t  le d t o a  solution .  Shrage r 

et  al .  als o carrie d ou t  a n average-cas e analysi s o f  thei r 

task ,  whic h gav e goo d fits  t o simulate d behaviors . 

Langle y (1996 )  report s a  rathe r  differen t  abstrac t 

model  fo r  th e tas k o f  flying  a n aircraf t  simulato r  throug h 

a three-dimensiona l  slalo m course .  Hi s model' s centra l 

assumption s ar e tha t  difference s amon g subject s ar e du e 

t o difference s i n sensin g skills ,  an d tha t  th e mai n for m 

of  learnin g involve s improvin g th e abilit y  t o focu s o n rel -

evan t  feature s durin g skil l  execution .  Langle y describe s 

an implementatio n o f  thi s abstrac t  mode l  o f  sensor y 

learning ,  alon g wit h a  syste m tha t  searche s th e spac e 

of  paramete r  setting s i n orde r  t o fit  th e mode l  t o th e 

experimenta l  data .  H e compare s th e sensory-learnin g 

framewor k t o a n alternativ e mode l  base d o n th e powe r 

law ,  finding  tha t  th e latte r  fits  th e dat a slightl y bette r 

but  tha t  i t  require s man y mor e parameters . 

Ther e ar e clea r  kinship s betwee n thes e abstrac t  simu -

lation s an d model s fro m mathematica l  learnin g theory , 

suc h a s Estes '  stimulu s samplin g accoun t  o f  learning . 

Bot h framework s typicall y assum e tha t  subjects '  deci -

sion s ar e probabilisti c  i n natur e an d tha t  learnin g follow s 

fro m simpl e change s t o probabilit y  distributions .  A s w e 

hav e noted ,  th e ke y differenc e lie s i n abstrac t  models '  re -

lianc e o n compute r  simulatio n rathe r  tha n detaile d anal -

ysis ,  whic h support s a  wide r  rang e o f  proces s models .  A 

simila r  relatio n hold s wit h respec t  t o th e average-cas e 

analyse s occasionall y publishe d i n machin e learning . 

Of  course ,  th e differen t  approache s t o proces s mod -

elin g ar e no t  mutuall y exclusive .  Th e Rosenbloo m an d 

Newel l  wor k showe d tha t  concret e an d abstrac t  simula -

tion s ca n coexist ,  an d th e Shrage r  e t  al .  analysi s mad e 

th e sam e poin t  wit h respec t  t o abstrac t  simulation s an d 

purel y analytica l  models .  Ohlsso n an d Jewett' s  con -

tributio n wa s th e realizatio n tha t  neithe r  mathematica l 

analysi s no r  th e concret e mode l  ar e reall y necessary ,  an d 

tha t  researcher s m a y ofte n find  i t  usefu l  t o wor k entirel y 

at  th e leve l  o f  abstrac t  computationa l  models .  Neverthe -

less ,  researc h i n thi s paradig m remain s rare ,  especiall y 

i n th e otherwis e well-studie d topi c o f  categor y learning . 

I n th e remainin g pages ,  w e appl y th e abstrac t  modelin g 

framewor k t o a n intriguin g phenomeno n i n thi s area . 

The Effect of Consistent Contrasts 

As we have noted, considerable effort has gone into 

computationa l  model s o f  h u m a n categor y learning ,  typ -

icall y usin g technique s ver y simila r  t o thos e fro m ma -

chin e learning .  Fo r  example ,  Kruschke' s (1992 )  A lcov e 

incorporate s a  varian t  o n th e nearest-neighbo r  metho d 

tha t  place s weight s o n attributes ,  Marti n an d Billman' s 
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Tabl e 1 :  Schem a fo r  th e stimu U use d i n Billma n an d 
Davila' s (1995 )  experimente d stud y o f  categor y learning . 

'Consisten t  contrast '  subject s sa w instance s fro m cate -
gorie s chciracterize d b y th e sam e tw o attributes ,  wherea s 
thos e i n th e inconsisten t  contras t  conditio n learne d cat -
egorie s characterize d b y differen t  attributes . 

Cons,  contras t  Incons .  contras t 

Categor y 1 
Categor y 2 
Categor y 3 

11 X X X X 
22 X X X X 
33 X X X X 

11 X X X X 
XX 2 2 X X 
XX X X 3 3 

(1992 )  TwiLi x construct s a  for m o f  multivariat e decisio n 

tree ,  an d Anderson' s (1991 )  R A mode l  bear s a  clos e re -

latio n t o th e naiv e Bayesia n classifier .  Al l  thre e system s 

have show n goo d matche s t o experimenta l  result s o n hu -

man categor y learning .  However ,  her e w e conside r  a n 

interestin g phenomeno n tha t  seem s difficul t  t o explai n 

withi n th e standar d theoretica l  frameworks . 

Billma n an d Davil a (1995 )  note d tha t  mos t  psycho -

logica l  studie s o f  concep t  inductio n assum e tha t  som e 

attribute s ar e relevan t  an d other s irrelevant ,  bu t  tha t 

th e sam e one s ar e relevan t  t o eac h category .  The y hy -

pothesize d tha t  subject s woul d find  concept s easie r  t o 

lear n whe n suc h consisten t  contras t  occur s tha n whe n 

distinc t  categorie s ar e define d b y differen t  features .  Ta -

bl e 1  show s th e structur e o f  th e stimul i  Billma n an d 

Davil a use d t o tes t  thi s hypothesis ,  usin g a  cove r  stor y 

i n whic h subject s classifie d animal s fro m a n alie n zo o 
and receive d feedbac k afte r  eac h guess .  Bot h condition s 

involv e thre e classe s an d si x attribute s wit h thre e value s 

each;  moreover ,  al l  targe t  concept s involv e a  conjunctio n 

of  tw o relevan t  features .  However ,  i n th e consisten t  con -

dition ,  th e sam e attribute s ar e relevan t  t o recognizin g 

cases fro m al l  thre e classes ,  wherea s i n th e inconsisten t 

condition ,  a  differen t  pai r  play s thi s rol e fo r  eac h class . 

The learnin g curve s i n Figur e 1  (a )  sho w a  clea r  dif -

ferenc e betwee n th e tw o experimenta l  conditions .  Sub -
ject s wh o deal t  wit h consisten t  contrast s improve d ver y 

rapidly ,  achievin g ove r  9 0 percen t  predictiv e accurac y af -

te r  onl y te n trainin g stimuli .  Subject s i n th e inconsisten t 

conditio n hovere d aroun d 5 0 percen t  durin g mos t  o f  th e 

45 instances ,  bette r  tha n th e 3 3 percen t  tha t  result s fro m 
rando m guesses ,  bu t  fa r  belo w th e accurac y fo r  th e con -

sisten t  subjects .  Separat e test s o n nove l  stimuli ,  som e 

tha t  matche d th e intende d categor y definition s an d oth -

er s tha t  di d not ,  showe d tha t  subject s i n th e consisten t 

conditio n wer e muc h mor e accurat e a t  thi s tas k a s well . 

Naturally ,  Billma n an d Davil a attempte d t o explai n 

thi s phenomeno n usin g existin g computationa l  model s 
of  categor y induction .  However ,  simulatio n run s wit h 

Kruschke' s Alcov e predicte d n o difference s betwee n th e 

tw o conditions ,  an d simila r  studie s wit h Anderson' s R A 

indicate d a  sligh t  advantag e fo r  th e inconsisten t  con -

dition .  Eve n run s wit h Marti n an d Billman' s TwiLix , 

whic h the y ha d expecte d t o reflec t  th e observe d dif -

ferences ,  faile d t o produc e th e desire d result .  Furthe r 

analysi s suggeste d tha t  al l  thre e model s lac k a  stron g 

bia s towar d categor y description s incorporatin g fewe r  at -

tribute s overall ,  whic h seem s th e obviou s explanatio n fo r 

th e larg e differenc e i n learnin g rate . 

Of  course ,  w e coul d incorporat e suc h a n inductiv e bia s 

int o ye t  anothe r  concret e simulatio n o f  categor y learn -

ing ,  base d o n on e o f  th e abov e model s o r  embedde d i n 

a ne w on e entirely .  Bu t  thi s woul d requir e u s t o adop t 

a positio n o n th e representatio n o f  knowledge ,  t o selec t 

a complet e performanc e element ,  an d t o propos e a  de -

taile d learnin g algorithm .  Ye t  th e abov e accoun t  state s 

tha t  non e o f  thes e factor s ar e importan t  i n explainin g 

th e consisten t  contras t  phenomenon .  Rather ,  th e ke y 

issu e i s whethe r  learner s ar e biase d towar d categor y de -

scription s that ,  acros s concep t  boundaries ,  requir e fewe r 

features .  Thus ,  thi s seem s lik e a n idea l  contex t  i n whic h 

t o illustrat e th e notio n o f  abstrac t  models . 

An Abstract Model of Contrast Effects 

We want our abstract model to make as few assumptions 

abou t  representation ,  performance ,  an d learnin g a s nec -

essar y t o accoun t  fo r  th e phenomen a a t  hand .  However , 

we ca n vie w al l  inductio n method s a s constructin g de -

cisio n region s tha t  partitio n a  multi-dimensiona l  spac e 

of  instance s o r  stimuli .  Moreover ,  al l  basi c inductio n al -

gorithm s incorporat e som e typ e o f  localit y  bias ,  s o the y 

ar e typicall y mor e accurat e o n tes t  case s tha t  fal l  nea r 

t o observe d trainin g case s i n thi s space .  W e woul d Hk e a 
modelin g framewor k tha t  reflect s thi s bia s withou t  com -

mittin g t o a  particula r  encodin g o f  learne d knowledge . 

For  discret e domain s lik e th e on e i n Billma n an d 

Davila' s study ,  w e ca n mode l  conceptua l  knowledg e a s a 

tabl e wit h c  column s (on e pe r  attribute )  an d r  rows ,  wit h 

each ro w specifyin g a  uniqu e combinatio n o f  attribut e 

values .  W e als o nee d on e extr a colum n t o specif y th e 
categor y o r  clas s associate d wit h eac h valu e combinatio n 

or  t o stat e tha t  th e clas s i s unknow n fo r  thi s situation . 

Thi s notatio n let s u s describ e arbitrar y contrastin g con -

cept s tha t  ma p fro m combination s o f  discret e value s t o 

clas s labels .  Give n a  attribute s wit h v  value s each ,  w e 

can hav e a  tabl e wit h a  +  1  column s an d v "  rows ,  bu t 

many concept s ar e muc h simple r  i n nature .  Fo r  example , 

i f  onl y c  attribute s ar e relevant ,  w e nee d onl y includ e c 

columns ,  whic h mean s w e nee d a t  mos t  v' ^  rows .  An d no t 

al l  possibl e combination s o f  value s ma y occu r  i n practice , 

whic h let s u s reduc e th e numbe r  o f  row s stil l  further . 

Our  performanc e an d learnin g element s ar e similarl y 

abstract .  Give n a  tes t  stimulus ,  describe d a s a  attribute s 
and thei r  values ,  w e assum e th e subjec t  finds  th e table' s 

ro w whos e c  attribut e value s matc h thi s instance .  I f  th e 
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F i gu r e 1 :  (a )  L e a r n i n g curve s tha t  B i l l m a n a n d Davila' s observe d fo r  subject s i n condition s involvin g consisten t  an d 

inconsisten t  contrast ;  a n d (b )  learnin g curve s tha t  th e abstrac t  m o d e l  predict s fo r  th e s a m e condition s w h e n p  — 0.3 . 

r o w h a s a n associate d class ,  t he n th e subjec t  predict s 

it ;  o therwis e h e select s a  clas s a t  r a n d o m f r o m a  un i fo r m 

distribution .  W e posi t  t w o distinc t  learnin g m e c h a n i s m s , 

o n e tha t  select s relevan t  feature s a n d ano the r  tha t  as -

sign s clas s label s t o r o w s i n th e table .  W e a s s u m e tha t 

featur e selectio n h a p p e n s earl y i n th e learnin g process , 

amd thu s w e mode l  onl y it s resul t  i n term s o f  th e num -

ber  o f  column s c  i n th e table .  Fo r  labeling ,  w e assum e 

tha t  eac h tim e th e subjec t  see s a  trainin g instanc e tha t 

matche s a  give n ro w wit h a n unknow n label ,  h e stores , 

wit h probabilit y  p ,  th e labe l  observe d wit h tha t  stimulus . 

W h en w e instantiat e thi s mode l  fo r  Billma n an d 

Davila' s tw o conditions ,  w e se e tha t  i t  shoul d predic t 

quit e differen t  behavior .  Fo r  th e situatio n involvin g con -

sisten t  contrast ,  w e hav e tw o attribute s tha t  ar e rele -

van t  a<;ros s al l  categories ,  givin g a  tabl e wit h onl y tw o 
columns .  Moreover ,  sinc e differen t  value s o n th e othe r 

fou r  attribute s d o no t  matter ,  w e nee d onl y thre e row s 

i n th e table ,  on e fo r  eac h co-occurrin g pai r  o f  relevan t 

values .  O n th e othe r  hand ,  th e tabl e fo r  th e inconsisten t 

conditio n require s si x columns ,  sinc e al l  si x attribute s 

pla y a  rol e i n som e concep t  description ;  thi s mean s w e 

must  hav e 1 2 rows ,  on e fo r  eac h combinatio n o f  value s 

i n th e trainin g set .  Eve n ignorin g th e stag e o f  featur e 

selection ,  whic h w e d o no t  model ,  subject s shoul d tak e 

longe r  t o maste r  categorie s tha t  requir e th e large r  table . 

We implemente d thi s abstrac t  mode l  a s a  simpl e Lis p 

progra m tha t  accept s a s inpu t  th e numbe r  o f  simulate d 

subjects ,  rows ,  classes ,  an d trainin g items ,  alon g wit h 

th e probabilit y  p  o f  learnin g o n eac h trial .  Figur e 1  (b ) 

shows th e behavior s tha t  th e mode l  generate s whe n w e 

set  p  t o 0. 3 an d average d ove r  100 0 simulatio n runs .  A s 

intended ,  ther e i s a  clea r  differenc e betwee n simulate d 

subject s unde r  condition s o f  consisten t  an d inconsisten t 

contrast ,  wit h th e forme r  learnin g muc h mor e rapidl y 

tha n th e latter .  Th e matc h t o Billma n an d Davila' s re -

sult s  i s onl y qualitative ,  a s th e simulate d learnin g curv e 

fo r  th e consisten t  conditio n i s slower ,  an d th e on e fo r 

th e inconsisten t  conditio n higher ,  tha n the y observed. ^ 

Alterin g th e paramete r  p  doe s no t  help ,  sinc e thi s speed s 

or  slow s th e curve s fo r  bot h conditions .  However ,  Bill -

man (persona l  communication ,  1998 )  report s tha t  usin g 

stimul i  wit h differen t  within-clas s similarit y reduce s th e 

separatio n betwee n th e tw o curves .  A n extende d mode l 

migh t  incorporat e suc h additiona l  factors ,  bu t  th e cur -

ren t  on e stil l  produce s th e basi c effec t  intended . 

We ca n contras t  thi s qualitativ e behavio r  wit h tha t 

fo r  a  differen t  abstrac t  mode l  tha t  operate s i n th e sam e 

manner  bu t  tha t  doe s no t  includ e featur e selection .  We 

can simulat e thi s situatio n b y assumin g tha t  th e table s 

encodin g th e learne d knowledg e hav e th e sam e numbe r 

of  column s an d row s fo r  bot h th e consisten t  an d incon -

sisten t  conditions .  Thus ,  the y predic t  identica l  behavio r 

fo r  subject s i n bot h situations .  A s such ,  i t  constitute s 

an abstrac t  versio n o f  th e concret e model s develope d b y 

Marti n an d Billman ,  Anderson ,  an d Kruschke .  But ,  t o 

reiterate ,  w e nee d no t  descen d t o thei r  detaile d leve l  t o 

explai n th e consisten t  contras t  effect . 

Closing Remarks 

I n th e precedin g pages ,  w e reviewe d th e mai n researc h 

paradigm s i n machin e learnin g an d thei r  Unk s t o compu -

tationa l  model s  o f  huma n learning .  W e als o argue d that , 

fo r  purpose s o f  bot h developin g artifact s an d matchin g 

human behavior ,  on e ca n usuall y achiev e ver y simila r 

result s wit h eac h o f  th e variou s approaches .  Moreover , 

we claime d tha t  th e sourc e o f  explanator y powe r  ofte n 

^ O n nove l  tes t  items ,  th e m o d e l  als o predict s ver y hig h ac -
curac y fo r  th e consisten t  situatio n an d chanc e fo r  th e incon -
sisten t  condition .  I n thi s case ,  th e experimenta l  difference s 
ar e smalle r  tha n th e mode l  predicts ,  bu t  th e behavior s agai n 
m a t c h a t  th e qualitativ e level . 
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lie s no t  i n whethe r  on e use s rul e induction ,  neura l  net -

works ,  exemplci r  models ,  decisio n trees ,  o r  probabilisti c 

schemes,  bu t  rathe r  i n th e feature s use d t o describ e ex -

perience ,  th e formulatio n o f  th e problem ,  an d th e natur e 

of  th e trcdnin g items .  Ou r  respons e wa s t o recommen d 

th e us e o f  abstrac t  computationa l  model s t o explai n phe -

nomena,  rathe r  tha n th e concret e model s tha t  hav e di -

rec t  analog s i n machin e learning .  W e reviewe d som e ex -

ample s o f  abstrac t  model s an d applie d thi s approac h t o 

specifi c  experimenta l  result s i n categor y learning . 

Befor e closing ,  w e shoul d examin e som e likel y criti -

cism s o f  abstrac t  models .  Fo r  example ,  on e migh t  clai m 

tha t  suc h model s merel y 'describe '  th e dat a rathe r  tha n 

explai n them .  Bu t  th e model s w e hav e reporte d al l  posi t 

explici t  (althoug h abstract )  processes ,  an d thu s embod y 

some for m o f  explanator y structure .  A  mor e interestin g 

questio n concern s whethe r  suc h models '  assumption s ar e 

necessar y o r  merel y sufficien t  t o explai n th e phenomena . 

Sinc e w e reviewe d thre e abstrac t  model s o f  th e powe r 

law ,  eac h makin g somewha t  differen t  assumptions ,  the y 

clearl y constitut e th e sufficien t  variety ,  bu t  necessit y i s 

a difficul t  hurdl e t o lea p i n an y science . 

A deepe r  criticis m i s that ,  t o date ,  abstrac t  modelin g 

effort s hav e focuse d o n explainin g isolate d phenomena . 

Clearly ,  w e d o no t  wan t  t o develo p 2 0 unrelate d model s 
of  categor y learning ,  on e fo r  eac h robus t  phenomeno n i n 

th e literature .  A  mor e desirabl e approac h woul d imitat e 

olde r  science s Hk e physics ,  whic h devis e separat e model s 

fo r  eac h phenomeno n bu t  constrzii n the m wit h hnk s t o 

deep theoretica l  principles .  Th e concret e modelin g com -

munit y ha s mad e som e progres s o n thi s front ,  a s i n usin g 

discriminatio n network s t o explai n divers e memor y phe -

nomena (H .  A .  Simon ,  persona l  communication ,  1998) , 

but  th e sam e strateg y shoul d wor k fo r  abstrac t  models . 

I n th e lon g term ,  thes e tw o framework s nee d no t  re -

main antithetical .  A s w e graduall y exten d abstrac t  mod -

el s t o cove r  mor e phenomena ,  w e mus t  plac e eve r  mor e 

constraint s o n the m t o ensur e consistenc y wit h previ -

ous accounts .  A t  som e point ,  w e ma y eve n hav e enoug h 

constraint s t o tak e defensibl e position s o n issue s lik e th e 
underlyin g representatio n o f  knowledge ,  th e performanc e 

mechanism s tha t  operat e o n tha t  knowledge ,  an d th e 

learnin g processe s tha t  generat e it .  Eventually ,  w e ma y 

have enoug h dat a t o justif y th e constructio n o f  concret e 

model s o r  eve n a  unifie d theor y o f  th e cognitiv e architec -
tur e tha t  cover s behavio r  i n man y domains .  However ,  w e 

do no t  fee l  th e stud y o f  huma n learnin g ha s reache d tha t 

stage ,  an d abstrac t  models ,  eve n isolate d one s tha t  focu s 

on specifi c  results ,  see m worth y o f  increase d attention . 
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