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Abstrac t 

People may be biased to leam categories which not only 
captur e structur e i n th e environmen t  bu t  organiz e thi s 
knowledg e i n a  manne r  eas y t o us e i n reasoning .  Concept s 
organize d t o contras t  consistentl y o n th e sam e attribute s 
as siste r  categorie s withi n a  hierarch y ma y b e particularl y 
usefu l  i n guidin g induction .  W e asses s whethe r  system s o f 
nove l  categorie s organize d i n thi s maime r  wer e als o easie r 
t o leam .  Supervise d concep t  learnin g wa s dramaticall y 
easie r  i n th e consisten t  ove r  inconsisten t  contras t 
condition .  W e teste d whethe r  severa l  model s o f  concep t 
learnin g woul d sho w sensitivit y t o consisten t  contrast ,  a s 
peopl e did ,  includin g assessmen t  o f  a  mode l  designe d t o 
use informatio n abou t  consisten t  contrast ,  TWILIX .  Non e 
of  th e model s teste d ( A L C O V E ,  rationa l  analysis ,  an d 
T W I L I X )  showe d m u c h sensitivit y t o th e 
Consistent/Inconsisten t  contrast .  Peopl e ma y flexibl y 
adjus t  thei r  learnin g strateg y t o capitaliz e o n simpl e 
regularitie s whe n available ,  i n a  manne r  no t  incorporate d 
i n thes e concep t  learnin g models . 

Multiple influences conspire to produce our systems of 
categorie s an d t o produc e ne w learnin g a t  th e edge s o f 
existin g knowledge .  Th e structur e o f  th e environmen t  i s a 
ke y influence ,  a s w e us e categorie s t o refe r  t o type s o f  actua l 
entitie s an d t o guid e u s throug h th e world .  Second ,  a 
person' s activitie s an d goal s prioritiz e thos e aspect s o f  th e 
environmen t  tha t  suppor t  importan t  activitie s ove r  othe r 
informatio n whos e valu e i s  les s clear .  I n addition ,  th e 
busines s o f  menta l  lif e an d economie s o f  menta l  activit y ar e 
importan t  influences .  Concept s ar e use d i n reasoning , 
remembering ,  an d imagining .  Thes e menta l  activitie s an d 
human menta l  limitation s influenc e categor y constructio n a s 
well . 

Th e presen t  wor k investigate s learnin g biases ,  o r 
constraints ,  tha t  mak e reasonin g task s mor e straightforward : 
hierarch y an d consisten t  contrast .  A  bia s t o organiz e 
informatio n int o se t  inclusio n hierarchies ,  a t  leas t  loca l 
ones ,  aid s man y form s o f  defaul t  an d deductiv e reasoiing .  A 
bia s fo r  consisten t  contras t  aid s inductiv e reasoning .  Th e 
experimen t  reporte d her e investigate s consisten t  contrast . 
Consisten t  contras t  i s a  relatio n withi n a  se t  o f  categorie s 
whic h ar e daughter s o f  th e sam e siq)erordinat e category .  Fo r 
categorie s wit h consisten t  contrast ,  th e attribute s relevan t  t o 
on e categor y ar e als o relevan t  t o th e other s i n th e set . 
Consisten t  contras t  i s  th e principl e motivatin g variabilit y 
bia s i n th e machin e learnin g mode l  T W I L I X (Martin , 

1992;Martin&Billman ,  1991 )  an d i s  closel y relate d t o 
Goodman' s (1983 )  notio n o f  projectabilit y  (als o Shipley , 
1993 ;  Russell .  1986 ;  Billman .  1992) .  I f  individual ,  know n 
type s o f  animal s ar e homogeneou s wit h respec t  t o diet ,  on e 
shoul d b e abl e t o generaliz e tha t  th e die t  observe d fo r  on e 
individua l  o f  a n unfamilia r  kin d wil l  b e generall y tru e fo r  th e 
kin d a s a  whol e (Shipley ,  1993) .  Th e ide a o f  consisten t 
contras t  i s linke d t o hierarch y becaus e i t  i s th e hierarch y tha t 
provide s th e se t  o f  contrastin g categories .  Typ e o f  die t  wil l 
not  b e consisten t  within ,  o r  eve n applicabl e to .  categorie s 
suc h group s o f  peopl e o r  kind s o f  machines . 

Evidenc e fo r  a  consisten t  contras t  ha s c o m e fro m 
inductio n studie s tha t  assesse d th e generalization s whic h 
subject s wer e willin g t o mak e fro m a  singl e instanc e o f  a 
ne w category .  Macario ,  Shipley ,  an d Billma n (1990 )  foun d 
tha t  children' s generalization s fro m a  singl e instanc e 
respecte d consisten t  contrast .  Learning  studie s coul d als o 
asses s whethe r  a  whol e se t  o f  nove l  categorie s ar e bette r 
learne d whe n the y contras t  consistently .  Th e presen t  stud y 
investigate s learning .  W e compare d learnin g set s o f  thre e 
categorie s i n a  Consisten t  Contras t  Conditio n wit h learnin g 
set s o f  categorie s i n a n Inconsisten t  Contras t  Condition .  I n 
th e Consisten t  Contras t  Conditio n th e sam e attribute s wer e 
importan t  acros s th e set .  I n th e Inconsisten t  Contras t 
Conditio n th e sam e individua l  categorie s wer e regroupe d 
suc h tha t  differen t  attribute s mattere d fo r  eac h o f  th e 
categorie s i n th e contras t  set .  W e predicte d tha t  th e identica l 
categorie s woul d b e learne d mor e easil y whe n par t  o f  a 
Consisten t  tha n Inconsisten t  Contras t  set . 

Experimental Method 

Subjects. Fifty students from the Georgia Institute of 

Technology ,  2 6 i n th e Consisten t  an d 2 4 i n th e Inconsisten t 
Conditio n participate d fo r  extr a credit .  Al l  ha d norma l  colo r 
visio n 

Materials .  Stimul i  wer e animate d event s showin g alie n 

animals ,  movin g an d vocalizin g agains t  a  backgroun d scene . 
Durin g th e learnin g phas e eac h tria l  presente d on e even t  an d 
th e learne r  wa s aske d t o clic k th e appropriat e nam e fo r  th e 
creatur e fro m a  se t  o f  thre e label s (yodlarjalfaz ,  an d 
muntog) .  Subject s wer e give n feedbac k an d th e correc t  labe l 
was displayed .  Ther e wer e 4 5 learnin g trials ,  1 5 from  eac h 
category .  Event s wer e compose d fro m six ,  three-value d 
attributes :  Sound ,  Movemen t ,  Habitat ,  Color ,  Head , 
Body/Legs . 
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Tabl e 1 :  Se t  1  Stimul i  Schem a Use d fo r  H u m a n Participant s 

Categor y 1 
Categor y 2 
Categor y 3 

Categor y 1 
Categor y 2 
Categor y 3 

Consisten t  Contras t 

CQnfiguraiJQ n 1  Configurauo n 2 
11 X X X X 
2 2 X X X X 
33 X X X X 

XX 1 1 X X 
XX 2 2 X X 
XX 3 3 X X 

Inconsisten t  Contras t 

Configuratio n 1  Configuratio n 2 
11 X X X X X X 1 1 X X 
XX 2 2 X X X X X X 2 2 
XX X X 3 3 3 3 X X x x 

Configuratio n 3 
XX X X 1 1 
XX X X 2 2 
XX X X 3 3 

Configuratio n 3 
XX X X 1 1 
2 2 X X X X 
XX 3 3 X X 

Stimul i  fo r  th e thre e categorie s fo r  eac h o f  si x subjec t  group s ar e show n schematically . 
Number s indicat e th e valu e o f  a n attribut e tha t  wa s consistentl y assigne d t o member s o f  a 
give n category .  X' s indicat e rando m attribut e value s fo r  member s o f  th e category .  Eac h 
colum n indicate s a n attribute ,  ordere d a s sound ,  movement ,  habitat ,  color ,  head-type ,  an d 
body/leg . 

Each categcx y wa s deflne d b y a  combinatio n o f  tw o o f  th e 
si x attribute s a s show n i n Tabl e 1 .  I n th e Consisten t 
Contras t  Condition ,  th e sam e tw o attribute s determine d 
categor y membershi p fo r  al l  thre e categories .  Fo r  example , 
i n Configuratio n 1  al l  yodlar s croake d an d flew ,  ralfaze s 
bleate d an d walked ,  whil e muntog s roare d an d jumped . 
Thre e differen t  pair s o f  attribute s wer e use d i n thre e differen t 
configuration s t o counterbalanc e th e effect s o f  attribut e 
salience .  I n th e Inconsisten t  Contras t  Condition ,  however , 
eac h categor y use d a  differen t  pai r  o f  attribute s t o mar k 
categor y membership ,  fo r  example .  Categor y 1  use d soun d 
and movement .  Categor y 2  use d habita t  an d color ,  whil e 
Categor y 3  use d hea d an d body . 

The influenc e o f  individua l  attribute s an d individua l 
attribut e value s wa s counterbalance d t o equat e th e impac t  o f 
thes e factor s i n Consisten t  an d Inconsisten t  Conditions .  A s 
shown i n Tabl e 1  nin e categorie s wer e use d acros s th e thre e 
configurations .  Thes e nin e individua l  categorie s wer e 
identica l  betwee n th e Consisten t  an d Inconsisten t 
Conditions ,  bu t  the y wer e groupe d int o differen t  categor y 
sets .  Finally ,  th e identica l  se t  o f  instance s ar e use d i n a 
give n categor y (i.e .  th e x x x x 2 2 category ,  3 3 x x x x 
category ,  etc. )  whe n i t  occur s i n th e Consisten t  ot  i n th e 
Inconsisten t  Condition ;  e.g. ,  th e identica l  se t  o f  x x 3 3 x x 
item s ar e use d i n Consisten t  Conditio n Configiuatio n 2  an d 
i n th e Inconsisten t  Conditio n Configuratio n 3 .  A  singl e 
orde r  o f  instance s wa s use d fo r  al l  subject s i n a  give n 
conditio n an d configuration . 

The tes t  phas e consiste d o f  3 0 trials .  Hal f  o f  th e tes t 
item s wer e norma l  example s o f  th e thre e categorie s see n 
durin g learnin g an d hal f  wer e incorrec t  events .  A n incorrec t 
tes t  ite m scramble d u p th e assignment s o f  th e definin g 
attribut e pai r  (e.g. ,  1 2 x x x x rathe r  tha n th e correc t  1 1 x x 
xx) .  N o label s wCTe provided . 

Procedure .  Participant s worke d i n sound-isolate d cubicles . 

Subject s wer e instructe d tha t  the y woul d b e tourin g th e 
Satur n zo o an d observin g differen t  animals .  Fo t  each ,  thre e 
names woul d appea r  an d the y shoul d clic k o n th e nam e the y 

though t  wa s th e correc t  labe l  fo r  th e display .  Afte r  th e 
subject' s judgment ,  th e nam e th e zookeepCT s us e woul d b e 
displayed .  Subject s wer e tol d the y woul d b e teste d later . 
Durin g th e learnin g phase ,  subject s sa w a n animate d scene , 
clicke d o n on e o f  thre e categor y labels ,  an d go t  feedbac k 
indicatin g th e correc t  categor y choice . 

At  th e beginnin g o f  th e tes t  phase ,  subject s wer e tol d the y 
woul d se e mor e events ,  som e o f  whic h woul d b e lik e wha t 
the y ha d see n an d som e o f  whic h woul d b e new .  The y wer e 
tol d t o clic k a  'yes '  butto n i f  th e even t  wa s "lik e somethin g 
yo u ha d see n before "  an d no '  otherwise .  Cwrect .  familia r 
display s wer e consisten t  wit h th e schem a fo r  th e thre e 
categorie s use d durin g learning .  Incorrec t  o r  discrepan t 
display s disrupte d th e pairing s betwee n diagnosti c attribut e 
value s whic h ha d hel d durin g learning .  N o feedbac k wa s 
provided .  Finally ,  participant s fille d ou t  a  questionnair e 
abou t  wha t  the y noticed . 

Design .  Th e independen t  variable s wer e Conditio n an d 

Configuration ,  neste d withi n Condition .  Th e dependen t 
measure s wer e th e numbe r  o f  correc t  classificaticxi s ove r  th e 
learnin g trial s an d th e numbe r  correc t  o n th e tes t 

Experimental Results 

Average number correct over learning was 86.9% in the 
Consisten t  an d 4 9 . 5 % i n th e Inconsisten t  Condition . 
Subject s i n th e Consisten t  Conditio n jumpe d t o high , 
asymptoti c classificatio n i n th e fu^ t  1 0 trials .  Th e effec t  o f 
Condition ,  F(l,44)=269 ,  p<.001 ,  bu t  no t  Configuration , 
F(4,44 )  =2.27 ,  wa s highl y significant .  Subject s i n th e 
Consisten t  Contras t  Conditio n als o performe d dramaticall y 
better ,  mea n o f  75 .1 % correct ,  tha n Uios e i n th e Inconsisten t 
Contras t  Condition ,  m e a n o f  55 .3% ,  o n tes t  event s 
(Conditio n F(l,44)=14.03 ,  p=.001 ;  Configuratio n 
F(4,44)=.87) . 
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Figur e 1 :  Learnin g curv e fo r  Consisten t  an d Inconsisten t  Condition s 

M e t h o d s fo r  Compara t i v e Simulation s 

We believe these results pose difficulties for many 
computationa l  account s o f  concep t  learning ,  includin g recen t 
modelin g tha t  motivate d thes e experiments .  W e ra n 
simulation s o n R A (Anderson ,  1991) ,  A L C O VE (Kruschke . 
1990 ,  1992) ,  an d T W I L I X (Martin,1992 ; 
Martin&Billman,1991) ,  t o compar e performanc e i n th e 
consisten t  t o inconsisten t  condition . 

Dq?enden t  Variables .  Al l  model s estimat e th e probabilit y 

of  eac h alternativ e categor y labe l  an d the n pic k th e valu e 
wit h th e highes t  probabilit y  t o generat e thei r  classificatio n 
response .  W e us e th e probabilit y  estimate s rathe r  tha n th e 
coarse r  measur e o f  p»x:en t  carec t  responses . 

Set  1  Stimuli .  W e use d stimul i  fro m th e sam e schemati c 

specificatio n a s show n i n Tabl e 1 .  Fo r  th e simulations ,  w e 
als o controlle d th e betwee n categor y similarit y an d henc e 
confusibilit y  betwee n categories ,  a s wel l  a s withi n categor y 
similarity .  I n particular ,  w e constructe d stimul i  (Tabl e 2 ) 

suc h tha t  an y advantag e o f  th e Consisten t  Conditio n coul d 
not  b e du e eithe r  t o greate r  within-categ(H 7 o r  lowe r 
between-categor y similarity .  Value s o f  th e fou r  uiqnedictiv e 
attribute s wer e assigne d t o mak e th e between-categor y 
similarit y i n th e Consisten t  Conditio n HIGHER,  an d henc e 
th e categorie s mor e confusible ,  tha n i n th e Inconsisten t 
Condition .  A  mode l  dominate d b y similarit y woul d lea m 
faste r  i n th e Inconsisten t  tha n th e Consisten t  Condition . 
Our  purpos e wa s simpl y t o ensur e tha t  an y advantag e fo r  th e 
consisten t  conditio n coul d no t  b e du e t o simpl e difference s 
i n similarit y  relations.  Fo t  al l  model s w e average d te n run s 
wit h differen t  stimul i  orderings . 

Set  2  Stimuli .  W e use d th e identica l  stimul i  see n b y 

subject s i n th e experimen t  (represente d a s numbers ,  no t 
body-parts ,  o f  course) .  Th e si x ordere d set s o f  instances ,  fo r 
th e tw o condition s b y thre e configurations ,  produce d si x 
runs . 

Tabl e 2 :  Se t  1  Exac t  Item s Use d i n Simulation s 

Consisten t  Conditio n Learnin g 

Catega y 1  Categor y 2  Catega y 3 
11 1 1 I I  2 2 2 2 1 1 3 3 1 3 1 2 
111 3 1 2 2 2 312 1 3 3 3 3 2 2 

11312 1 2 2 2 2 2 3 3 3 2 2 2 3 
113 3 2 2 2 2 3 2 3 3 3 3 3 2 3 3 

Inconsistgn t  Conditio n Uamin g 
Categor y 1  Categor y 2  Categ»y 3 
11111 1 2 2 2 2 1 1 2 2 113 3 
111 3 1 2 2 3 2 2 1 2 2 3 1 3 3 3 
11312 1 3 2 2 2 2 1 3 2 313 3 
113 3 2 2 3 3 2 2 2 2 3 3 3 3 3 3 
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Figur e 2 :  RA' s Performanc e o n Se t  2  Stimul i 

Resu l t s f r o m C o m p a r a t i v e S i m u l a t i o n s 

RA. The rational analysis model is a nonhierarchical 

unsupervise d clusterin g algorith m tha t  approximatel y 
optimize s th e predictiv e utilit y  o f  th e cluster s i t  creates .  I t 
can b e ̂ plie d t o supervise d learnin g b y exclusivel y lookin g 
at  th e model' s prediction s o f  th e attribut e specifyin g th e 

categor y labe l  1 .  W e anticipate d tha t  R A woul d b e 
insensitiv e t o th e differenc e betwee n th e consisten t  an d 
inconsisten t  conditions ,  a s R A i s indifferen t  t o th e basi s fo r 
predictiv e succes s an d henc e t o whethe r  instance s i n 
contrastin g categorie s ar e simila r  i n th e sam e o r  i n differin g 
respects .  R A wa s implementatio n fro m Anderso n (1991 ) 
and ru n wit h c  se t  t o .3 .  Fo r  th e similarity-controlle d 
stimul i  o f  Se t  1 ,  R A showe d a  sligh t  (.04 )  consisten t 
advantag e fo r  th e Inconsisten t  Conditio n ove r  th e Consisten t 
throughou t  th e learnin g curve .  Afte r  thre e presentation s o f 
th e 1 2 learnin g item s {vobabilit y  estimate s o f  th e correc t 
categor y labe l  wer e .8 2 fo r  th e C(Hisisten t  an d .8 6 fo r  th e 
Inconsisten t  condition .  Figur e 2  show s RA' s probabilit y 
estimate s fo r  Stimulu s Se t  2 ,  th e exac t  stimul i  see n b y ou r 
subjects .  Eac h o f  th e tw o curve s come s from  thre e run s o f 
R A.  Her e R A doe s sho w a  modes t  bu t  fairl y  consisten t 

^  R A ca n als o b e adjuste d fo r  supervise d learnin g b y changin g 
th e system' s prio r  belie f  tha t  ther e wil l  b e a  uniqu e vahi e o f  th e 
labe l  attribut e fo r  eac h cluste r  tha t  R A creates .  Auxiliar y run s o f 
RA wit h thi s labe l  sensitivit y wer e similar .  Run s wit h th e 
couplin g paramete r  se t  t o . 2 produce d simila r  result s t o thos e 
reporte d here ,  a s well . 

advantag e fo r  th e Consisten t  Conditio n run ,  thoug h nothin g 
lik e th e strong ,  earl y contras t  show n b y people . 

Oualitative-Attrihute-ALCOVE. ALCOVE is an 

instance-base d supervise d concep t  learnin g algcmth m wit h 
attentiona l  learning .  A s wel l  a s storin g instance s an d 
generalizin g base d o n th e similarit y o f  a  nove l  instanc e t o 
know n instances ,  i t  als o "stretches "  ot  "shrinks "  dimension s 
of  th e rei^esentation  spac e t o lear n t o weigh t  mor e heavil y 
thos e attribute s whic h discriminat e betwee n categories . 
A L C O VE i s designe d fo r  continuousl y value d attributes ,  bu t 
ca n easil y b e applie d t o binar y categorica l  attribute s b y 
usin g onl y 1  an d 0 .  However ,  applicatio n t o multi-value d 
categorica l  attribute s (red/blue/yellow) ,  require d cod e 
modification .  Instead ,  w e linke d togethe r  set s o f  attribut e 
value s t o a  singl e attentiona l  weigh t  representin g th e 
attribut e a s a  whole .  Eac h suc h weigh t  wa s increase d o r 
decrease d i n accor d wit h th e succes s ot  failur e o f  eac h 
classification .  W e use d cod e provide d b y Kruschk e modifie d 
onl y a s describe d here . 

Sinc e th e similarit y relation s worke d t o m a k e th e 
Inconsisten t  Conditio n categorie s mor e discriminabl e from 
eac h other ,  thi s shoul d pus h Q A - A L C O V E towar d bette r 
learnin g i n th e Se t  1  Inconsisten t  Condition .  However , 
attentiona l  learnin g coul d benefi t  th e Consisten t  bu t  no t  th e 
Inconsisten t  Condition .  A L C O V E ha s a  larg e paramete r 
space .  A s a  resul t  i t  i s  stron g a t  fittin g a  variet y o f  data ,  bu t 
derivin g prediction s from  A L C O V E i s difficul t  Specifically . 
i t  i s  ver y difficul t  t o provid e an y proo f  o f  A L C O V E ' S 
insufficienc y withou t  demonstratin g a n exhaustiv e searc h o f 
it s paramete r  space .  Thi s w e di d no t  undertake .  W e di d 
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Figur e 3 :  TWILIX' s Performanc e o n Se t  2  Stimul i 

thin k i t  informativ e t o se e i f  A L C O V E naturall y produce d 
th e stron g h u m a n advantag e fo r  th e Consisten t  Condition . 
We use d paramete r  value s fro m Kruschk e (1990 ,  Fig s 2.3 -
2.10 )  selecte d t o demonstrat e th e powe r  o f  A L C O V E ' s 
attentiona l  learning ,  fo r  tas k an d stimul i  o f  broadl y simila r 
complexity .  Al l  thes e run s ca n sho w i s  whethe r  fo r  on e 
sensibl e paramete r  choic e A L C O V E show s an y hin t  o f  th e 
stron g huma n bia s f w th e consisten t  categories .  W e ra n 
A L C O VE o n fou r  block s o f  Se t  1  Stimuli .  Fo r 
performanc e o n th e thir d block ,  mea n probabilit y  estimat e 
fo r  th e correc t  labe l  wa s .36 0 i n th e Inconsisten t  an d .36 1 i n 
th e Consisten t  Condition ;  numbe r  correc t  o n thi s bloc k 
average d 7. 8 o f  1 2 fo r  Inconsisten t  an d 7. 4 fo r  Consistent . 
Whil e th e condition s wer e indistinguishabl e i n means ,  th e 
Inconsisten t  Conditio n ha d slightl y greate r  variability .  W e 
di d no t  ru n A L C O V E o n Stimul i  Se t  2 . 

T W I L I X i s a  recursiv e hierarchica l  clusterin g algorithm , 

tha t  include s variabilit y  bias .  Variabilit y  bia s alter s 
probabilit y  estimate s o f  th e consistenc y o f  on e attribut e 
valu e withi n on e categor y usin g informatio n abou t  th e 
consistenc y o f  (othe r  value s o O tha t  attribut e i n contrastin g 
categories .  I f  colo r  i s  highl y consisten t  withi n eac h o f 
severa l  familia r  type s o f  jewels ,  th e syste m i s biase d t o 
expec t  tha t  a  n e w typ e o f  jewe l  wil l  als o hav e a 
characteristi c color .  T W I L I X wit h it s variabilit y  bia s ha s 
bee n ru n o n a n inductio n tas k fo r  whic h huma n dat a i s 
availabl e (NisbeU ,  Kranz ,  Jepson.&Kunda ,  1983) ,  an d it s 
patter n o f  performanc e (Marti n &  Billman ,  1992 )  wa s quit e 
simila r  t o tha t  o f  people .  W e anticipate d T W I L I X woul d 
lear n faste r  i n th e consisten t  tha n i n th e inconsisten t 
condition .  Lik e attentiona l  learning ,  variabilit y  bia s i s a 
metho d o f  biasin g th e learne r  t o trea t  som e attribute s a s 

mor e importan t  tha n others .  Unlik e attentiona l  learning , 
variabilit y  bia s i s no t  a  globa l  filter ,  peripherall y screenin g 
out  informatio n abou t  a  give n attribut e fo r  an y purpos e i n 
any input .  Rather ,  variabilit y  bia s i s loca l  t o a  particula r 
contex t  o f  contrastin g categories :  whil e colo r  m a y b e 
importan t  fo r  type s o f  jewel s bu t  no t  type s o f  cars ,  i t  wil l 
stil l  b e notice d fo r  bot h type s o f  stimuli .  Eithe r  wa y o f 
learnin g attribut e importanc e coul d ai d learnin g i n th e 
consisten t  condition ,  wher e th e sam e attribute s ar e importan t 
acros s al l  thre e categories .  I n test s o n Se t  1  Stimuli , 
T W I L I X learn s quickl y an d identicall y i n Consisten t  an d 
Inconsisten t  Conditions .  A t  th e en d o f  th e firs t  bloc k o f  1 2 
instances ,  performanc e average d .9 4 i n th e Consisten t  an d 
.9 7 i n th e Inconsisten t  Conditions .  Fro m tria l  t o tria l  th e 
conditio n advantag e switchs ,  bu t  th e averag e acros s run s an d 
acros s trial s 1-1 2 i s .7 7 fo r  th e Consisten t  an d .8 0 fo r  th e 
Inconsistent . 

For  Stimulu s Se t  2  i n Figur e 3 .  T W I L I X als o look s 
decidedl y inhuman .  Differenc e betwee n condition s i s ver y 
small ,  late ,  an d agai n favor s th e Inconsisten t  Condition . 
T W I L I X to o i s basicall y indifferen t  t o th e contras t  betwee n 
Consisten t  an d Inconsisten t  Conditions . 

Understandin g thi s absenc e o f  benefi t  prompt s a  close r 
loo k a t  h o w T W I L I X use s variabilit y  bias .  Th e larges t 
influenc e o f  variabilit y  bia s wil l  b e o n th e firs t  us e o f  a 
category .  I n particular ,  i t  wil l  guid e th e syste m i n whe n t o 
set  u p a  ne w category .  Criteri a fo r  categor y formatio n wil l 
be mor e importan t  i n unsupervise d tha n supervise d learnin g 
tasks .  I n addition ,  effec t  o f  th e prio r  probabilitie s provide d 
by contras t  categorie s wil l  b e quickl y tempere d a s evidenc e 
abou t  th e categor y i s collected .  Thu s mos t  o f  th e influenc e 
of  variabilit y  bia s wil l  b e see n i n fu^ t  settin g u p a  categcM y 
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(e.g .  inductio n fro m a  singl e instance )  an d i n estimate s o f 
th e prop<»tio n o f  categor y member s whic h hav e th e mos t 
frequent  attribut e value ,  rathe r  tha n o n ongoin g accurac y i n 
predictin g th e correc t  value . 

Bot h TWILI X an d A L C O VE provid e a  wa y o f  prioritizin g 
some attribute s ove r  others ,  bu t  thi s sensitivit y i s to o 
modest  t o produc e th e dramati c differenc e i n condition s 
whic h peopl e exhibi t  I n a  supervise d learnin g task ,  whe n 
attribute s tha t  ar e reliabl y informativ e abou t  al l  categcxie s 
ar e available ,  people' s us e o f  thi s informatio n apparentl y 
swamps sensitivit y t o othe r  aspect s o f  th e problem .  Thi s 
extrem e focu s o r  selectivit y apparcnil y tru e fo r  peopl e doe s 
not  characteriz e th e nKw e "optimal "  model s presente d here . 
The interna l  feedbac k mode l  (Billma n &  Heit ,  1988 )  i s a 
fourt h concep t  learnin g mode l  applicabl e t o thi s tas k whic h 
we di d no t  tes t  o n thes e stimuli .  I t  migh t  lear n differentl y 
betwee n condition s becaus e i t  ha s bot h stron g attention ^ 
learnin g an d stron g attentio n limits . 

Conclusions 

We have found a dramatic difference in the difficulty people 
have i n learnin g a  se t  o f  thre e nove l  categorie s whic h 
consistentl y contras t  o n th e sam e attribute s versu s a  contras t 
set  i n whic h differen t  attribute s matte r  fo r  differen t 
categories .  Empiricall y w e nee d t o determin e t o wha t  exten t 
thi s advantag e i s du e a  genera l  shif t  i n perifera l  attentiona l 
versu s mor e strategi c knowledg e abou t  relevanc e o f  certai n 
attribute s t o certai n type s o f  categories .  Experiment s ar e i n 
progres s tha t  asses s consisten t  contras t  i n hierarchicall y 
organize d categories . 

Theoretically ,  ou r  findin g pose s a  challeng e t o mos t 
computationa l  model s o f  concep t  learning .  Mos t  model s d o 
not  capitaliz e o n noticin g an d usin g simpl e regularitie s 
wher e the y exist ,  an d d o no t  {M'edic t  dramaticall y easie r 
learnin g whe n extensiv e detai l  abou t  multipl e attribute s nee d 
not  b e preserved .  T o accommodat e instanc e an d attribut e 
drive n learnin g ma y requir e model s tha t  adjus t  thei r 
strategie s (Kruschk e &  Erickson ,  1994 )  cm^  representatio n i n 
respons e t o th e task . 

li f  ther e i s a n 'easy '  classificatio n rule ,  peopl e wil l  discove r 
and us e it .  Bu t  wha t  make s a  rul e eas y o r  hard ? On e sourc e 
of  eas e o r  difficult y stem s fro m ho w simpl e component s ca n 
be organize d int o a  syste m o f  categorie s usefu l  fo r  deductiv e 
and inductiv e reasoning ,  a s wel l  a s capturin g accurate , 
relevan t  informatio n abou t  th e world . 
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