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Abstract: Fisher (1988) uses the COBWEB concept formation system to illustrate a 

computationa l  unificatio n o f  basi c leve l  an d typicalit y effects .  Th e mode l  relie s o n 

probabiUstic ,  distribute d concep t  representations ,  an d appropriat e interactio n betwee n 

cu e an d categor y validity .  W e revie w thi s wor k an d repor t  a  ne w accoun t  o f  th e fa n effect . 

Thi s extensio n require s a n additiona l  assumptio n o f  paralle l  processing ,  bu t  otherwis e i s 

explaine d b y precisel y th e sam e mechemism s a s basi c leve l  an d typicalit y phenomena . 

INTRODUCTION 

Cognitive modeling fits general computational mechanisms to the constraints of 

psychologica l  data .  Th e proble m o f  determinin g a n initia l  startin g poin t  fo r  cognitiv e 

modelin g ha s bee n implicitl y  addresse d b y severa l  authors .  Anderso n (i n press )  suggest s 

a rationa l  analysis ,  whereb y a  genera l  clas s o f  behavior s (e.g. ,  concep t  formation )  ar e 

associate d wit h a  performanc e functio n t o b e optimized .  Th e guidin g assumptio n i s tha t 

natura l  orgajiism s ar e rational ,  albei t  resource-bounde d decisio n makers . 

Thi s pape r  trace s th e developmen t  o f  th e C O B W EB concep t  formatio n syste m (Fisher , 

1987 )  from  rationa l  analyse s b y Gluc k an d Corte r  (1985) ,  Kolodne r  (1983) ,  an d Lebowit z 

(1982) .  Gluc k an d Corte r  provid e insight s o n th e absolut e qualit y o f  conceptua l 

knowledg e i n thei r  wor k o n hiuna n basi c leve l  effects .  Kolodner' s C Y R U S an d Lebowitz' s 

U N I M EM provid e genera l  mechanism s o f  indexin g an d classificatio n tha t  w e enginee r  t o 

fit  th e constraint s o f  basi c leve l  eifects .  I n Fishe r  (1988 )  th e consistenc y o f  th e resultan t 

model  i s verifie d wit h respec t  t o basi c leve l  effects .  However ,  th e mode l  als o account s fo r 

typicalit y  effects ,  whic h wer e no t  th e focu s o f  engineering .  I n fact ,  th e mode l  unifie s thes e 

effect s an d suggest s heretofor e unexplore d interaction s betwee n basi c leve l  an d typicalit y 

phenomena .  Thi s pape r  extend s th e phenomenological  basi s o f  th e mode l  b y accountin g 

fo r  th e fa n effec t  (Anderson ,  1976) .  Th e extension s require d fo r  thi s accoun t  ar e natural , 

do no t  adversel y aifec t  earlie r  behaviora l  accounts ,  an d sugges t  way s t o improv e th e 

robustnes s o f  C O B W E B 's underlyin g learnin g mechanisms . 

BASIC LEVEL EFFECTS AND RATIONAL CONCEPT FORMATION 

Substantial experimental evidence suggests that there is a basic or preferred level of 

h u m an classificatio n (Rosch ,  Mervis ,  Gray ,  Johnson ,  an d Boyes-Braem ,  1976 ;  Jolicoeur , 

^Request s fo r  reprint s shoul d b e sen t  t o Dougla s Fisher . 
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Gluck, and Kosslyn, 1984). For example, when a subject is shown a picture of a collie 

and aske d t o nam e it ,  th e respons e wil l  typicall y b e dog ,  no t  collie ,  m a m m a l ,  o r  animal . 

Similarly ,  whe n aske d t o confir m tha t  a  picture d colli e i s a  collie ,  dog ,  m a m m al  an d 

animal ,  subject s wil l  respon d mor e quickl y fo r  do g tha n th e othe r  categories .  Thes e task s 

indicat e tha t  fo r  a  hierarch y containin g {collie ,  dog ,  m a m m a l ,  animal} ,  do g i s th e basi c 

leve l  concept . 

Gluc k an d Corte r  (1985 )  formulate d categor y utility ,  whic h presume s tha t  th e basi c 

leve l  maximize s 'predictiv e ability' .  Fo r  example ,  ver y fe w correc t  prediction s ca n b e 

made abou t  a n arbitrar y animal ,  bu t  thos e tha t  ca n b e mad e (e.g. ,  animate )  appl y t o 

many objects .  I n contrast ,  knowin g somethin g i s a  robi n assure s man y predictions ,  bu t 

the y appl y t o muc h fewe r  objects .  Th e basi c leve l  concep t  (e.g. ,  bird )  i s  wher e a  tradeof f 

betwee n th e expecte d numbe r  o f  correc t  prediction s (e.g. ,  has-feathers ,  beaks ,  flies)  an d 

th e proportio n o f  th e environmen t  t o whic h th e prediction s apply ,  P { N k ) E { ^  correc t 

prediction s I  Â jb) ,  i s  maximized .  I f  P{A i  =  Vij\Nk )  i s th e probabiht y tha t  a n attribut e 

valu e wil l  b e predicte d aji d thi s predictio n i s correc t  wit h th e sam e probabilit y  the n thi s 

measur e ca n b e furthe r  formahze d as : 

P(iV)t)DEiP(A, = v;,|7v,)2. (1) 

Category utility correctly predicts the basic level (as behaviorally identified by human 

subjects )  i n tw o experimenta l  studie s (Hoffma n an d Ziessler ,  1983 ;  Murph y an d Smith , 

1982) . 

Gluc k an d Corter' s derivatio n o f  categor y utilit y  i s  motivate d b y th e sam e rationa l 

argument s mad e b y Anderso n (i n press) :  goo d classe s ar e thos e tha t  maximiz e correc t 

prediction s tha t  ca n b e mad e abou t  clas s members .  Anderso n develop s a  Bayesia n 

heuristi c functio n t o guid e concep t  formation .  I n contrast ,  Fisher' s (1987 )  C O B W EB use s 

categor y utilit y  t o gmd e th e incrementa l  formatio n o f  classificatio n tree s (Kolodner ,  1983 ; 

Lebowitz ,  1982) .  Fishe r  (1988 )  demonstrate s tha t  wit h a n appropriat e indexin g scheme , 

C O B W EB consistentl y classifie s observation s a t  th e sam e intermediat e o r  basic-leve l 

classe s a s huma n subject s (Hoffma n an d Ziessler ,  1983 ;  Murph y an d Smith ,  1982) . 

The indexin g strateg y i s develope d fro m categor y utility .  I n particular ,  (1 )  ca n b e 

rewritte n (usin g Baye s Rule )  as : 

E.- E, P(A, = y.,)P(A. = V,,\Nk)P{Nk\A, = V,,). (2) 

Thus, category utility can be viewed as maximizing a weighted (by P(A, = Vij)) tradeoff 

of  cu e validit y (i.e. ,  refiecte d i n P{Nk\A i  =  Vij) )  an d categor y validit y (i.e. ,  reflecte d i n 

P{A i  =  Vij\Nk)) .  Indexin g ca n b e viewe d a s 'compiling '  thi s similarit y assessmen t 

process .  Individua l  attribut e valu e indice s ar e weighte d b y P{Nk\A i  =  Vî )  an d ar e 

directe d a t  nodes ,  Nk ,  tha t  maximiz e P{A i  =  Vij\Nk)P{Nk\A i  =  Vij )  (i.e. ,  th e collocatio n 

(Jones ,  1983) )  o f  th e valu e wit h respec t  t o ancestor s an d descendent s o f  Nk . 

P{A i  =  VijlNkY s ax e store d a t  nodes .  Figur e 1  illustrate s tha t  thi s strateg y result s i n 
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Animal s  ̂ ^nlmate(I.O) ^ 

P(\/ertebratelBackbone) ><^ \ 

Vertebrates .>^P(Mammal|Warm-blooded) 

» 0.6 7 
Backbone(1. " 

P(Mammal|Warm-blooded.Vertebrate ) 

= 0.6 5 
•  Mammals 

Warm-blooded(0.98 ) 

Figur e 1 :  Opportunisti c inde x placemen t  (fro m Fisher ,  1988) . 

opportunistic indexing ^ that may jump levels. An object is initially classified at that 

node ,  Nk ,  tha t  maximize s th e tota l  cu e validit y (Rosch ,  1978) : 

E.P(iV.|A. = K.), (3) 

over the attribute values of the object that are used for indexing. Notice that because 

categor y validit y help s determin e inde x placemen t  i t  impact s objec t  classification , 

althoug h i t  i s  no t  explicitl y  considere d a t  classificatio n time . 

TYPICALITY EFFECTS 

Importantly, COBWEB does not only account for basic level effects - the phenomena for 

whic h i t  wa s engineere d -  bu t  th e indexing/classificatio n mechanism s als o accoun t  fo r  a 

secon d influentia l  clas s o f  phenomen a know n a s typicalit y effect s (Mervi s an d Rosch , 

1981 ;  Smit h an d Medin ,  1981 ;  Rosch ,  1978) .  Psychologica l  studie s indicat e tha t  som e 

members o f  a  clas s ar e treate d preferentiall y  o r  a s mor e typica l  o f  a  class .  Fo r  example , 

i n a  targe t  recognitio n tas k a  robi n wil l  b e recognize d a s a  bir d mor e quickl y tha n wil l  a 

chicken .  I n particular ,  Rosc h an d Mervi s (1975 )  demonstrat e tha t  objec t  typicalit y 

increase s wit h th e numbe r  o f  featvure s share d wit h othe r  object s o f  th e sam e clas s an d 

varie s inversel y wit h th e numbe r  o f  feature s share d wit h member s o f  contrastin g classes . 

c o b w e b ' s indexin g schem e account s fo r  typicalit y effect s foun d b y Rosc h an d Mervi s 

(1975) .  Thes e studie s use d lette r  string s lik e thos e o f  Figur e 2 a tha t  wer e arrange d int o 

categorie s A  an d B  an d taugh t  t o subjects .  Subject s wer e the n aske d t o verif y categor y 

membershi p o f  lette r  string s o f  A .  Subject s consistentl y verifie d membershi p mor e 

quickl y fo r  thos e string s o f  categor y A  tha t  share d man y symbol s wit h othe r  string s o f  A 

an d share d Uttl e wit h member s o f  categor y B .  T o accoun t  fo r  thi s dat a C O B W EB 

clustere d ove r  th e collectiv e lette r  string s o f  A  an d B .  Fo r  example .  Figur e 2 b show s a 

^A ter m du e t o Bareiss ,  Porter ,  an d Wei r  (1987) . 
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B 

Lette r 
Strin g 

JXPHM 
QBLFS 
XPHMQ 
MQBLF 
PHMQB 
HMQBL 
CTRVG 
TRVGZ 
RVGZK 
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GZKDVV 
ZKDVVN 

Intr a 
Over -
la p 

lo w 
(1 
med. 
(( 
hig h 
I( 

(la ) 

Lette r 
Strin g 

4KCTG 
GKNTJ 
4KC6D 
HPNSJ 
HPC6B 
HPNWD 
8SJKT 
8SJ3G 
9UJCG 
4UZC9 
4UZRT 
MSZR5 

Inte r 
Over -
la p 

hig h 
(1 
med. 
« 
lo w 
u 

(lb ) 

Typ, . 
calH y 

lo w 
u 
med. 
u 
hig h 
u 

N(0.67 ) 
P(1.0 ) 
H(1.0 ) 

4(1.0 ) 

C(0.8 ) 

N14 

Class=A(1.0) 
Class=.A(0.4 )  )N 1 

Class=A(1.0 ) HPNWD 

4KCTG 

Figur e 2 :  Lette r  string s an d sampl e C O B W EB tre e (fro m Fisher ,  1988) . 

partia l  tre e ove r  th e string s o f  16 .  Becaus e som e member s o f  categor y A  ma y shar e mor e 

i n commo n wit h member s o f  B  tha n wit h othe r  member s o f  thei r  ow n class ,  clas s A 

string s ar e no t  necessaril y locaHze d a t  a  singl e node .  Rather ,  w e assum e tha t  a  strin g i s 

recognize d (verified )  a s a  categor y A  member  b y classifyin g i t  t o a  nod e fo r  whic h 

P(Class = A\Nk )  =  1.0 .  Verificatio n tim e i s simulate d b y th e invers e o f  th e tota l  cu e 

validit y score s (i.e. ,  1/total-cue-validity )  use d t o classif y th e object ;  w e assum e tha t  th e 

more a n objec t  predict s a  node ,  th e faste r  th e objec t  wil l  b e classifie d wit h respec t  t o it . 

c o b w e b ' s category-verificatio n tim e i s ordere d i n precisel y th e sam e manne r  a s huma n 

subjects ,  regardles s o f  intra -  o r  inter -  categor y overlap . 

On th e surfac e typicalit y an d basi c leve l  effect s appea r  t o b e disparat e behaviors . 

However ,  Fishe r  (1988 )  demonstrate s tha t  whil e concep t  tree s ma y equat e classe s wit h 

node s (i.e. ,  a  loca l  representation) ,  member s o f  a  singl e clas s ca n als o b e 'distributed ' 

throughou t  th e tree .  Thi s enable s a  unifie d accoun t  o f  basi c leve l  an d typicalit y effect s 

becaus e individua l  concept s (i.e. ,  th e scop e o f  typicality )  an d concep t  hierarchie s (i.e. , 

th e scop e o f  basi c leve l  effects )  ax e represente d b y th e sam e tree-structure d 

representation .  Thi s wor k provide s th e onl y computationa l  accoun t  o f  an y basi c leve l 

phenomena tha t  w e kno w of .  I n addition ,  th e distribute d accoun t  o f  typicalit y effect s 

(wit h respec t  t o hiima n dat a foun d i n Rosc h an d Mervi s (1975) )  i s  novel .  Finally ,  th e 

model  account s fo r  know n interaction s betwee n basi c leve l  an d typicalit y effect s 

(Jolicoexu" ,  Gluck ,  an d Kosslyn ,  1984 )  an d predict s previousl y unexplore d interactions . 

FAN EFFEC T 

Work sinc e (Fisher ,  1988 )  ha s accounte d fo r  a  thir d phenomena :  th e fa n effec t 

(Anderson ,  1976) .  Th e fa n effec t  ha s bee n demonstrate d i n sentenc e recognitio n tasks . 

Typically ,  simpl e sentence s tha t  consis t  o f  a  perso n an d a  locatio n ar e used : 

(1-1 )  Th e docto r  i s i n th e bank . (1-2 )  Th e fireman  i s i n th e park . 
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(2-1) The teacher is in the church. (2-2) The teacher is in the park. 

The sentences vaxy in the number of features associated with the subject of the 

sentence s an d th e locatio n i n whic h th e subjec t  appear s (e.g. ,  'teacher '  appear s i n tw o 

sentences) .  Th e number s followin g eac h sentenc e indicat e th e siz e o f  th e fan :  th e numbe r 

of  sentence s tha t  contai n th e featur e (perso n -  location) .  Afte r  trainin g o n selecte d 

sentences ,  recognitio n experiment s ar e performed ;  subject s mus t  respon d a s t o whethe r 

the y hav e previousl y observe d a  sentenc e (true )  o r  no t  (false) .  Recognitio n tim e increase s 

wit h th e frequenc y tha t  a  perso n an d locatio n i s presen t  i n trainin g sentences . 

For  C O B W E B,  sentence s ar e encode d a s attribut e valu e pairs .  Th e se t  o f  objects ,  eac h 

of  whic h contain s tw o attribute s (i.e. ,  perso n an d location) ,  i s  the n use d t o creat e a 

concep t  tree .  A  tes t  se t  i s  a  mixtur e o f  item s tha t  appeare d i n th e origina l  trainin g se t 

(•'trues") ,  an d ne w sentence s tha t  hav e no t  bee n see n previousl y ("falses") . 

One ke y processin g assumptio n wa s adde d t o th e basi c classificatio n model .  M a n y 

studie s i n cognitiv e psycholog y hav e suggeste d tha t  searc h throug h memor y proceed s i n a 

paralle l  fashion .  Triggerin g node s i n memor y wil l  caus e activatio n t o sprea d amon g al l 

relate d elements ,  perhap s wit h differen t  degree s o f  strengt h o r  speed .  Th e assumptio n o f 

paralle l  searc h wa s adde d t o th e C O B W EB model .  Rathe r  tha n onl y examinin g th e pat h 

tha t  maximize s tota l  cu e validity ,  al l  path s indexe d b y objec t  (sentence )  value s ar e 

explored .  Th e searc h end s whe n indice s lea d n o furthe r  o r  whe n th e tes t  ite m i s foim d i n 

a node .  Fo r  th e "true "  statements ,  C O B W EB alway s locate s th e tes t  objec t  i n a  node , 

thu s endin g th e search .  Th e tota l  simulate d tim e require d t o reac h tha t  nod e i s th e 

resultan t  recognitio n time .  Th e searc h fo r  "false "  tes t  objects ,  o n th e othe r  hand ,  wil l 

end whe n al l  path s hav e bee n explore d a s fa r  a s possible .  I n thes e case s th e limitin g 

facto r  i s  th e tim e require d t o explor e th e slowes t  path .  Ou r  dat a compare s favorabl y wit h 

experimenta l  data ,  i n case s o f  tru e (observed )  an d fals e sentence s an d acros s al l  featur e 

frequencies .  Figur e 3  contain s a  portio n o f  th e tre e produce d b y C O B W EB whe n 

presente d wit h a  se t  o f  person-locatio n sentences .  Th e dotte d line s i n th e diagra m 

represen t  th e indice s tha t  ar e use d t o recogniz e a  tes t  probe .  I n th e trainin g set ,  docto r 

an d churc h eac h appea r  i n onl y on e sentence ,  whil e par k appear s i n two .  W h e n th e 

"false "  prob e Th e docto r  i s i n th e churc h i s presented ,  C O B W EB predict s tha t  th e 

searc h wil l  simultaneousl y follo w bot h th e docto r  inde x an d th e churc h index ,  leadin g 

fro m N O t o N S an d N6 .  Bot h o f  thes e path s ar e exhauste d wit h a  tota l  tim e o f  1  unit .  I n 

contrast ,  th e "false "  prob e Th e docto r  i s i n th e par k ha s a  longe r  respons e time ,  becaus e 

par k appear s i n tw o sentence s an d ha s a  large r  fan .  Th e searc h resultin g fro m thi s prob e 

proceed s fro m N O t o N 3 alon g th e docto r  index ,  requirin g 1  uni t  o f  time .  However ,  th e 

searc h simultaneousl y follow s th e par k inde x fro m N O t o N2 ,  requirin g 1  uni t  o f  time ,  an d 

the n fro m N 2 t o N 7 ,  requirin g anothe r  unit .  Therefore ,  2  unit s o f  tim e ar e require d 

befor e N 7 i s reache d an d th e mode l  ca n identif y th e prob e a s false . 

Tabl e l a show s th e mea n recognitio n time s fo r  "true "  an d "false "  statement s i n actua l 

h u m an experiment s (Anderson ,  1976) .  I n comparison ,  th e (unfitted )  reactio n time s 
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locatio n 
.  par k 

decrc t 
P{ehofe h 

Plpoi t 
Perso n 

doclo r 

.'  locatio n 
ctiurc h 

Plehurch l  •  0.S 3 

Pfdoctor )  3  1. 0 
Mbonk)  =  1. 0 

(•ochtr l  a  1. 0 P(l«octttr )  e  1. 0 
P(lKiit )  .  1. 0 P(churell }  •  t. O 

1 C  '''"' *  '  '  V 

Figur e 3 :  Concep t  tre e fo r  person-locatio n experiment . 

Table 1: Fan effect mean reaction times. Mean time for 'true' statements are shown above 

th e m e a n tim e fo r  'false '  statements . 

Sentences/perso n Sentences/perso n 

Sentence s / 

locatio n 

1 

2 

3 

1 
1.1 1 

1.2 0 

1.1 7 

1.2 5 
1.1 5 

1.2 6 

2 
1.1 7 

1.2 2 

1.2 0 
1.3 6 

1.2 3 
1.4 7 

3 

1.2 2 
1.2 6 

1.2 2 
1.2 9 

1.3 6 
1.4 6 

1 

2 

3 

1 

0.5 0 
1.0 0 
1.4 7 

1.5 5 

1.6 5 

1.6 2 

2 
0.8 3 
1.5 0 
2.3 0 

1.7 0 

2.3 0 

1.9 7 

3 

0.9 5 
2.2 5 
2.2 5 

1.8 2 

2.8 5 
2.0 7 

(a ) (b ) 

predicte d b y th e C O B W EB mode l  ar e displaye d i n Tabl e lb .  C O B W EB produce d a 

concep t  hierarch y fro m th e sam e trainin g se t  use d i n huma n experiments ;  th e dat a 

presente d her e ar e average d ove r  severa l  trials .  W e expec t  systemati c increas e i n tim e a s 

th e numbe r  o f  sentence s pe r  perso n an d pe r  locatio n increase ,  comparison s o f  relativ e 

magnitud e ar e mos t  meaningful .  I n th e recognitio n tim e tables ,  ther e ar e 3 6 possibl e 

comparison s o f  relativ e siz e (1 8 eac h fo r  "trues "  an d "falses") .  H u m a n experiment s an d 

C O B W EB simulation s eac h resulte d i n 3  comparison s tha t  ar e no t  i n th e expecte d 

direction . 
Ther e i s grea t  similarit y betwee n th e C O B W EB accoun t  o f  th e fa n an d typicaht y 

effects .  Typicalit y studie s ar e generall y base d o n targe t  recognitio n task s tha t  requir e 

subject s t o classif y a n instanc e a s a  member  o f  a  category .  Instance s wit h hig h 

inter-categor y similarit y ar e associate d wit h longe r  respons e times ,  whil e hig h 
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intra-category similarity produces shorter response times. On the other hand, Anderson's 

(1976 )  A C T mode l  predict s tha t  instance s wit h a  larg e fa n resultin g fro m man y 

associate d proposition s wil l  hav e longe r  respons e times ;  A C T accounte d wel l  fo r  th e 

h u m an data .  Thi s produce s a n apparen t  contradictio n i n tha t  object s wit h feature s 

share d wit h m a n y othe r  object s (i.e. ,  person s o r  location s appearin g i n man y sentences ) 

produc e longe r  time s i n th e fa n effect ,  bu t  ar e apparentl y mor e "typical" ,  thereb y 

resultin g i n shorte r  time s accordin g t o th e typicalit y effect .  However ,  furthe r  examinatio n 

of  th e learnin g tas k reveal s tha t  thes e tw o finding s ar e consistent ,  an d th e explanatio n 

rest s o n th e distinctio n betwee n intra -  an d inter -  categor y similarity .  W h e n proposition s 

or  sentence s ax e learne d i n fa n effec t  studies ,  eac h i s remembere d a s a n individua l  case ,  o r 

category .  Person s o r  location s tha t  appea r  i n a  larg e numbe r  o f  sentence s correspon d t o 

attribute s tha t  ar e c o m m o n t o mor e tha n on e category ,  i.e. ,  hig h inter-categor y similarit y 

not  intra-categor y similarity .  Thus ,  th e direc t  relationshi p betwee n fa n siz e an d respons e 

tim e closel y parallel s th e relatio n betwee n typicalit y an d inter-categor y similarity .  Th e 

C O B W EB mode l  accoimt s fo r  typicalit y an d fa n effect s i n th e precisel y th e sam e 

manner ;  th e fa n effec t  emerge s a s a  specia l  cas e o f  typicalit y effect s i n whic h th e classe s 

bein g learne d ar e singletons .  Althoug h th e origina l  C O B W EB typicalit y studie s wer e 

conducte d withou t  th e paralle l  processin g assumptio n (Fisher ,  1988) ,  simila r  result s ar e 

obtaine d whe n parallelis m i s incorporated . 

CONCLUDING REMARKS 

We have extended the scope of behaviors accounted for by COBWEB. By our account, 

th e fa n effec t  i s  a  specia l  cas e o f  typicalit y phenomena .  W e ar e extendin g ou r  researc h i n 

severa l  directions .  First ,  compute r  experiment s revea l  tha t  ver y earl y i n concep t 

formatio n ou r  indexin g schem e i s ver y sensitiv e t o th e orderin g o f  observations .  Indexin g 

i s easil y foole d an d le d astray .  I n general ,  ou r  indexin g procedur e an d tre e structur e ar e 

to o inflexible .  Earl y i n trainin g desirabl e classe s ca n fluctuate  wildly .  Ou r  wor k wit h th e 

fa n effec t  suggest s tha t  rathe r  tha n placin g (classifying )  a n objec t  alon g a  singl e bes t 

path ,  i t  m a y b e mor e desirabl e t o plac e (classify )  i t  alon g a  numbe r  o f  paths .  I n fact ,  th e 

categor y utilit y  indexin g schem e i s easil y extensibl e t o allo w thi s -  withou t  th e us e o f 

arbitrar y threshold s tha t  characteriz e othe r  system s (Kolodner ,  1983 ;  Lebowitz ,  1982) . 

Classificatio n alon g multipl e path s lead s naturall y t o a  directe d acycli c grap h structur e 

( D A G ) .  A  D A G i s mor e robus t  i n tha t  i s  allow s orthogona l  classe s t o develo p (e.g. , 

m a m m al  o r  reptil e o r  bir d o r  .. .  o r  fish  versu s carnivor e o r  omnivor e o r  herbivore) . 

Classe s tha t  d o no t  prov e usefu l  late r  i n trainin g ca n b e prune d out .  Thus ,  a  rationa l 

analysi s (Anderson ,  i n press ;  Gluc k k .  Corter ,  1985 )  initiall y  le d t o a  mode l  o f  certai n 

psychologica l  effects ,  bu t  a n invers e proces s i s als o valuable :  modification s t o th e 

cognitiv e mode l  sugges t  extension s tha t  ar e primaril y computationa l  improvements . 
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