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Abstrac t 

This paper presents ongoing work that demonstrates how a 
discret e rule-base d mode l  ma y appropriatel y manifes t  grade d 
performanc e an d investigate s th e sourc e contributin g t o grade d 
performanc e o f  a  particula r  rule-base d mode l  calle d SCA .  Pre -
viou s results  hav e demonstrate d tha t  S C A produce s appropri -
at e grade d performanc e a s a  functio n o f  learnin g experience , 
instanc e typicality ,  an d othe r  similarity-dependen t  properties . 
However ,  th e sourc e o f  it s  grade d behavio r  ha s bee n somewha t 
obscure d b y th e presenc e o f  continuou s component s i n som e 
aspect s o f  th e model .  Full y symboh c altemate s ar e presente d 
her e an d th e qualitativ e prediction s fro m previou s wor k i s repli-
cated ,  thereb y suggestin g tha t  explici t  gradien t  representations 
ar e no t  necessar y fo r  producin g grade d behavio r  I n additio n 
t o replicating  previou s results,  th e results  presente d her e clar -
if y a  peculia r  characte r  o f  th e model ,  namely ,  tha t  th e model' s 
typicalit y difference s disappea r  afte r  extende d learning . 

Introduction 

Over  th e las t  severa l  decades ,  i t  ha s becom e increasingl y evi -
den t  tha t  categor y membershi p i s no t  a  stric t  binar y function . 
I n particular ,  a  preponderanc e o f  empirica l  evidenc e suggest s 
tha t  membershi p lie s o n a  continuu m a s manifeste d b y suc h 
metric s a s h u m a n respons e time s an d accurac y rates .  Wha t  i s 
th e sourc e (o r  se t  o f  sources )  o f  thi s grade d performance ? A n d 
what  ar e appropriat e methodologie s fo r  investigatin g thes e 
sources ? 

O ne approac h t o identifyin g a  possibl e sourc e i s throug h 
th e desig n an d analysi s o f  computationa l  cognitiv e models . 
To th e exten t  tha t  a  computationa l  mode l  manifest s corre -
spondin g grade d performance ,  w e ca n offe r  th e mode l  a s a n 
approximat e analo g o f  th e categorizatio n process ,  an d thu s 
identif y a  candidat e sourc e fo r  th e huma n process .  A t  thi s 
time ,  th e leadin g candidate s fo r  modelin g grade d performanc e 
ar e thos e buil t  upo n gradient ,  probabilisti c  representations , 
suc h a s neura l  net s (Rumelhar t  e t  al. ,  1986 ;  Gluc k &  Bower , 
1988 ;  Kruschke ,  1992 )  an d probabilisti c  declarativ e struc -
ture s (Fisher ,  1988 ;  Anderson ,  1991) .  Wit h th e appropriat e 
interpretation ,  th e gradien t  level s implie d b y th e representa -
tio n ca n deriv e grade d prediction s alon g th e dimension s o f 
accurac y an d respons e times . 

I n conjunctio n wit h previou s wor k (Mille r  &  Laird ,  1996) , 
thi s pape r  suggest s a n alternat e sourc e fo r  grade d perfor -
mance,  wher e grade d performanc e i s no t  s o muc h a  func -
tio n o f  gradien t  representation s bu t  rathe r  o f  th e proces s tha t 
acquire s an d accesse s representations .  Fo r  locatin g an d ex -
plainin g a  possibl e sourc e o f  grade d performance ,  a  symboli c 
rule-base d mode l  calle d S C A (symboli c concep t  acquisition ) 

wil l  b e reviewed .  S C A i s a  proces s mode l  tha t  perform s a  su -
pervise d categor y learnin g task .  Alread y i t  ha s bee n demon -
strate d tha t  S C A produce s appropriat e grade d performanc e 
as a  functio n o f  learnin g experience ,  instanc e typicality ,  an d 
othe r  similarity-dependen t  properties .  However ,  thes e previ -
ous result s depende d o n gradien t  metric s fo r  featur e attentio n 
and selectio n an d thu s raise d th e concer n a s t o whethe r  an y 
of  th e grade d performanc e shoul d b e attribute d t o th e gradi -
ent  components .  Here ,  I  presen t  an d evaluat e tw o alternat e 
approache s t o featur e selectio n tha t  hav e n o continuou s ele -
ments .  Th e first  approac h use s a  simpl e rando m selection . 
Th e secon d approac h use s a  simpl e strateg y fo r  identifyin g 
a possibl y relevan t  feature .  Whil e neithe r  approac h i s in -
tende d a s a  computationall y intensiv e metho d fo r  optimizin g 
performance ,  the y wil l  serv e i n rulin g ou t  continuou s repre -
sentation s a s bein g necessar y fo r  SCA' s grade d performance . 
I n addition ,  th e result s presente d her e clarif y a n interestin g 
propert y o f  th e model ,  whic h predict s tha t  som e performanc e 
difference s disappea r  wit h sufficien t  learning . 

Description of model 

S CA perform s a  supervise d learnin g task .  Th e syste m i s pre -
sente d wit h trainin g examples ,  describe d i n term s o f  symboli c 
features ,  an d a  categor y label .  Th e tas k i s the n t o predic t  th e 
categor y fo r  futur e example s tha t  d o no t  hav e th e label .  Fo r 
example ,  th e followin g serie s o f  trainin g example s ma y b e 
presente d t o th e system : 

{spher ical ,  b lue ,  smooth ,  smal l ;  cat :bal l ) 
{oblong ,  red ,  smooth ,  mediiom ;  cat :bal l ) 
{spher ical ,  b lue ,  smooth ,  large ;  cat:globe } 

As trainin g examples ,  the y includ e bot h th e descriptio n 
and th e category .  Wit h thes e examples ,  th e syste m learn s t o 
predic t  categorie s whe n give n onl y a  description ,  suc h a s 

(spher ical ,  g reen ,  smooth ,  med ium ) 

Her e th e syste m migh t  respon d wit h th e categor y 'ball' . 
I n genera l  terms ,  S C A i s a  symboli c rule-base d syste m tha t 

incrementall y acquire s predictio n rule s a s i t  i s  trained .  B y 
a symboli c rule-base d system ,  w e mea n tha t  rul e activatio n 
i s a  discret e "al l  o r  none "  match .  Tha t  is ,  a  rul e matche s 
i f  an d onl y i f  th e rule' s condition s ar e full y  consisten t  wit h 
th e interna l  representatio n o f  th e example' s description .  A s a 
consequence ,  th e sourc e o f  SCA' s grade d performanc e doe s 
not  occu r  a t  th e leve l  o f  rul e matc h bu t  wit h th e sequenc e o f 
iteration s tha t  ultimatel y lea d t o matchin g a  rule . 

As S C A start s learning ,  i t  first  learn s ver y genera l  rule s 
tha t  tes t  onl y a  fe w feature s o f  a n example ,  bu t  a s learnin g 
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progresses ,  mor e specifi c  rule s ar e acquire d tha t  tes t  mor e 
features .  Thus ,  ther e ma y b e man y rule s a t  differen t  level s 
of  specificit y (an d correctness )  tha t  predic t  th e sam e category . 
I n tryin g t o predic t  th e categor y o f  a n example ,  SCA' s searc h 
proces s favor s specifi c  rules . 

SCA' s rule s tes t  fo r  feature s an d predic t  categories .  Som e 
rule s ar e ver y general : 

[spherical] --> predict category:ball 
[spherical ]  -- > predic t  category:glob e 

Others are more specific: 

[spherical, red] --> predict category:ball 
[spherical ,  b lue ]  -- > predic t  category:glob e 
[spherical ,  red ,  smooth ] 

-- > predic t  category:bal l 

As would be expected, the more specific prediction rules 
ar e mor e likel y t o mak e correc t  predictions ,  an d thus ,  th e 
S CA searc h proces s favor s mor e specifi c  rule s fo r  matchin g 
th e exampl e description .  I n particular ,  th e proces s take s th e 
exampl e descriptio n an d the n check s i f  ther e ar e an y rule s 
tha t  matc h al l  o f  it s  features .  I f  non e exist ,  i t  the n remove s a 
featur e fro m th e exampl e descriptio n an d check s i f  ther e ar e 
any matche s o n al l  o f  th e remainin g features .  A s w e wil l  see , 
i t  i s  thi s varyin g sequenc e o f  featur e removal s tha t  account s 
fo r  SCA' s grade d performance. 

I n th e example ,  th e descriptio n migh t  b e modifie d b y re -
movin g smoo th : 

[spherical, blue, small] 

This process of removing a feature and then checking for 
a matc h continue s unti l  eithe r  a t  leas t  on e predictio n rul e 
matche s o r  unti l  ther e ar e n o feature s left .  I f  n o rule s match , 
the n n o predictio n ca n b e mad e unti l  mor e predictio n rule s 
ar e learned .  I f  a  singl e rul e matches ,  the n it s predictio n i s 
made.  Give n th e previou s se t  o f  rule s an d ou r  example ,  th e 
syste m woul d predic t  c a t e g o r y :  g l o b e ,  afte r  removin g 
sma 11 .  I f  severa l  competin g rule s matc h a t  th e sam e time ,  th e 
syste m arbitraril y  choose s fro m amon g on e o f  th e competin g 
predictions . 

W h en learnin g rules ,  S C A accept s a n exampl e descriptio n 
tha t  include s th e correc t  categor y label .  It s  goa l  i s  t o integrat e 
th e knowledg e implici t  i n th e trainin g exampl e wit h it s  exist -
in g rule-base d knowledge .  Durin g learnin g S C A searche s no t 
fo r  th e first-matched  rule ,  bu t  fo r  a  matchin g predictio n rul e 
tha t  make s th e correc t  prediction .  Wit h a  matc h an d a  correc t 
prediction ,  th e syste m ha s thu s discovere d prio r  experienc e 
tha t  support s th e curren t  trainin g example .  Th e trainin g ex -
ampl e no w serve s a s ne w knowledg e fo r  addin g a n additiona l 
rule . 

S CA follow s a  simpl e strateg y fo r  learnin g a  ne w rul e tha t 
i s  a  compromis e betwee n previousl y acquire d knowledg e an d 
th e knowledg e implici t  i n th e trainin g example .  I n particular , 
i t  acquire s a  ne w rul e whos e condition s includ e al l  o f  th e fea -
ture s tha t  matche d (o r  n o feature s i f  n o matc h occurred )  plu s 
th e featur e tha t  wa s las t  remove d befor e th e searc h stopped . 
The predictio n o f  th e ne w rul e i s th e correc t  categor y give n b y 
th e trainin g example ,  whic h als o ha d bee n confirme d b y th e 
matchin g rule .  A s ne w rule s ar e constructe d fro m feature s i n 
ol d rules ,  th e mos t  specifi c  rule s wil l  ultimatel y consis t  o f  th e 
most  frequen t  combination s o f  features .  I n th e nex t  section . 

we wil l  se e tha t  thi s bia s toward s frequen t  featur e combina -
tion s produce s superio r  performanc e fo r  example s wit h thes e 
combinations . 

Initially ,  S C A wil l  frequentl y fai l  t o matc h pre-existin g 
rule s tha t  produc e th e correc t  prediction .  Fo r  eac h o f  thes e 
cases ,  S C A mus t  creat e a  ne w rul e a t  th e mos t  genera l  level . 
Thi s ca n b e accomplishe d b y creatin g a  ne w rul e whos e con -
ditio n consist s o f  th e featur e tha t  wa s las t  remove d fro m th e 
description . 

Let  u s us e th e trainin g exampl e b a l l :  { s p h e r i c a l , 
b l u e ,  f u z z y ,  s m a l l }  a s a n exampl e o f  h o w a  ne w rul e 
i s acquired .  First ,  th e descriptio n [ s p h e r i c a l ,  b l u e , 
f u z z y ,  s m a l l  ]  i s  processe d i n searc h o f  a  categor y pre -
diction .  Sinc e n o matc h occur s fo r  al l  fou r  features ,  le t  u s as -
sume tha t  'small '  i s  removed .  Agai n n o matc h occurs .  Then , 
wit h th e remova l  o f  'fuzzy' ,  th e descriptio n [  s p h e r i c a l , 
b l u e ]  matche s a  predictio n rule .  However ,  thi s rul e pre -
dict s 'globe'—th e wron g category .  Searc h continue s b y 
removin g 'blue' .  Finally ,  th e descriptio n [ s p h e r i c a l ] 
matche s a  correc t  rul e an d searc h stops .  A  ne w rul e i s con -
structe d an d adde d t o memory : 

[spherical, blue] --> predict category:ball 

With the acquisition of this new rule, there are now two 
competin g rule s wit h thes e feature s a t  thi s leve l  o f  specificity . 
Shoul d bot h o f  thes e rule s matc h durin g performance ,  a  gues s 
i s require d i n orde r  t o mak e a  prediction .  Th e acquisitio n 
of  thi s ne w rul e ma y b e merel y a n intermediat e ste p toward s 
th e acquisitio n o f  stil l  mor e specifi c  ones .  Subsequen t  train -
in g example s wil l  resul t  i n stil l  mor e specifi c  rules ,  thereb y 
reducin g th e numbe r  o f  conflicts . 

Simulations of tiie model 

S CA produce s grade d performance ,  bot h i n term s o f  accurac y 
and respons e time .  Wit h eac h classification ,  S C A probe s 
fo r  a  matchin g predictio n rule ,  startin g wit h a n attemp t  t o 
matc h a  maximall y specifi c  rul e followe d b y incrementall y 
les s specifi c  attempts .  Th e tim e fo r  achievin g a  matc h thu s 
depend s o n th e availabilit y  o f  specifi c  rules .  Likewise ,  sinc e 
mor e specifi c  rule s ar e mor e likel y t o contai n relevan t  feature s 
i n thei r  conditions ,  th e accurac y o f  th e resultin g predictio n 
depend s o n th e availabilit y  o f  specifi c  rules . 

Th e availabilit y  o f  specifi c  rule s depend s o n th e learnin g 
process .  Sinc e new ,  mor e specifi c  rule s ar e derive d fro m th e 
successfu l  matc h o f  les s specifi c  rules ,  th e availabilit y  o f  spe -
cifi c  rule s depend s o n th e frequenc y o f  trainin g example s tha t 
shar e coimno n combination s o f  feature s withi n th e sam e cat -
egory .  A s a  consequence ,  performanc e wil l  var y a s a  functio n 
of  tw o factors : 

• The amount of experience. 

•  Th e exten t  t o whic h example s withi n th e sam e categor y 
shar e frequen t  combination s o f  features . 

The degree to which an example shares frequent combina-
tion s o f  feature s wit h othe r  example s o f  th e sam e categor y i s 
ofte n referre d t o a s th e example' s typicality .  Rosch ,  Simpso n 
and Mille r  (1976 )  sho w i n severa l  experiment s h o w respons e 
time s an d error s var y i n accordanc e t o thi s metric .  I n particu -
la r  the y repor t  tha t  human s categoriz e mor e typica l  example s 
wit h faste r  respons e time s an d fewe r  errors . 
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Tabl e 1 :  Trainin g an d testin g dat a fo r  typicalit y effect s 

Categor y 

A 
A 
A 
A 
A 

Dl 
1 
1 
0 
0 
0 

Attribute s 
D2 D 3 D 4 
0 
1 
1 
0 
0 

0 
0 
0 
0 
0 

1 
0 
0 
1 
0 

Similarit y 
D5 Scor e 
1 1 2 
0 1 2 
1 1 4 
0 1 4 
1 1 6 

Typicalit y 
Grou p 
Low 
Low 
Mid 
Mid 
Hig h 

0 0  0  0  0 16 Hig h 
B 
B 
B 
B 
B 
B 

0 
0 
1 
1 
1 
1 

1 
0 1 
0 
1 
1 
1 

0 
1 
1 
0 
1 

1 1 

0 
1 
0 
1 
0 
1 

12 
12 
14 
14 
16 
16 
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Low 
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Mid 
Hig h 
Hig h 
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(a )  A c c u r a c y a s a  functio n o f  typicalit y 

O ur  analysi s o f  S C A likewis e suggest s tha t  example s o f 
hig h typicalit y wil l  hav e a  performanc e advantag e i n term s o f 
respons e tim e a s wel l  a s accuracy .  Empirically ,  thi s ha s bee n 
previousl y demonstrate d (Mille r  &  Laird ,  1996) ,  bu t  wit h a 
featur e selectio n metho d tha t  relie d o n continuou s metrics .  I n 
orde r  t o appropriatel y attribut e th e sourc e o f  grade d perfor -
mance t o th e retrieva l  an d learnin g algorithm ,  1  n o w presen t 
empirica l  result s wit h tw o purel y symboli c featur e selectio n 
methods . 

Th e firs t  metho d use s a  simpl e rando m metho d wher e a t 
eac h ste p i n th e searc h proces s a  featur e i s randoml y chose n 
and remove d fro m th e featur e descriptio n befor e probin g fo r 
a matchin g rul e a t  th e nex t  leve l  o f  generality .  Th e secon d 
metho d seek s t o identif y on e relevan t  featur e b y noticin g wha t 
happen s afte r  eac h featur e removal .  I f  a n incorrec t  predictio n 
(indicate d b y th e give n classificatio n o f  a  trainin g example ) 
immediatel y follow s th e remova l  o f  a  particula r  feature ,  the n 
tha t  featur e i s identifie d a s bein g relevant .  Thi s featur e i s 
subsequentl y give n a  favore d statu s b y retainin g i t  i n th e de -
scription .  TTii s statu s continue s unti l  anothe r  incorrec t  predic -
tio n results ,  a t  whic h poin t  th e mos t  recentl y remove d featur e 
becomes favored . 

TTi e rando m selectio n strateg y ha s littl e functiona l  valu e 
othe r  tha n it s simplicity ,  wherea s th e favored-featur e strateg y 
aim s t o kee p a  relevan t  featur e withi n th e descriptio n an d 
thu s acquir e rule s wit h i t  i n thei r  conditions .  Performin g 
simulation s usin g bot h strategie s shoul d hel p determin e th e 
generalit y o f  th e performanc e properties . 

Tabl e 1  show s a  se t  o f  stimul i  usefu l  fo r  testin g performanc e 
as a  functio n o f  a n example' s typicality .  Fo r  thes e data ,  ther e 
ar e tw o categories :  A  an d B .  Fo r  eac h categor y ther e ar e si x 
examples ,  eac h wit h fiv e attributes .  Eac h o f  th e attribute s 
ca n hav e onl y tw o values :  0  o r  1 .  Thes e value s serv e a s 
symboli c representation s o f  feature s (e.g .  color ,  shape ,  size , 
etc. )  tha t  human s perceiv e whe n undergoin g a  categorizatio n 
experiment .  A  give n exampl e ha s a  similarit y scor e tha t  i s th e 
s u m o f  h o w m a n y feature s th e exampl e share s wit h th e othe r 
example s i n th e sam e category .  Thi s i s th e sam e definitio n o f 
typicalit y a s i n th e Rosc h e t  al .  study .  Base d o n thi s score ,  th e 
typicalit y  i s rate d a s low ,  middle ,  o r  high . 

I n testin g th e model ,  th e example s wer e presente d fo r  te n 
trainin g cycles ,  wher e on e cycl e consist s o f  eac h exampl e 

NumtMr  of  trainin g <Yd M 
(b )  R e s p o n s e t im e a s a  functio n o f  typicalit y 

Figure 1: Performance for random selection 

presente d once .  Th e presentatio n orde r  wa s separatel y ran -
domize d fo r  eac h cycle .  Performanc e trial s (predictin g th e 
categor y name )  followe d eac h trainin g cycl e i n orde r  t o asses s 
performance .  Repeatin g thi s proces s 100 0 time s an d takin g 
th e resultin g aggregat e ensure d tigh t  confidenc e interval s fo r 
eac h dat a point .  Thi s larg e numbe r  wa s abl e t o compensat e fo r 
th e tw o source s o f  variatio n betwee n individua l  runs ,  namel y 
th e randomizatio n o f  th e exampl e presentatio n orde r  an d th e 
rando m featur e selection . 

Figure s 1  an d 2  sho w th e performanc e result s average d ove r 
th e 100 0 run s fo r  th e rando m su^ateg y an d th e favored-featur e 
strategy ,  respectively .  Fo r  al l  fou r  graphs ,  independen t  dat a 
point s ar e give n fo r  eac h leve l  o f  typicalit y afte r  eac h trainin g 
cycl e (indicate d b y th e x-axis) .  Figure s l a an d 2 a sho w per -
formanc e i n term s o f  accuracy ,  wher e th e y-axi s indicate s th e 
fractio n o f  correc t  responses .  A  respons e i s considere d correc t 
i f  i t  i s  consisten t  wit h th e trainin g example' s categorization . 
Figure s 1  b  an d 2 b sho w performanc e i n term s o f  a  respons e 
tim e metric .  I n particular ,  th e y-axi s indicate s th e numbe r  o f 
feature-remova l  iterations .  Wit h 100 0 runs ,  th e larges t  o f  th e 
9 5 % confidenc e interval s fo r  accurac y wa s ±.015 .  Fo r  re -
spons e time ,  th e larges t  o f  th e 9 5 % confidenc e interval s wa s 
±.065 . 

Qualitativel y speaking ,  al l  graph s revea l  a n incrementa l  im -
provemen t  i n performance ,  whic h i s consisten t  wit h huma n 
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(a )  Accurac y a s a  functio n o f  typicalit y 

(b )  Respons e tim e a s a  functio n o f  typicalit y 

Figure 2: Performance for favored selection 

data—Este s (1994 )  generall y note s tha t  reactio n tim e fo r  cat -
egorizatio n steadil y decrease s ove r  a  serie s o f  trials .  Acros s 
typicalit y  levels ,  relativ e performanc e wa s consisten t  betwee n 
th e tw o strategies ,  a s wel l  a s wit h h u m a n behavior .  Fo r  bot h 
accurac y an d respons e time ,  th e model' s performanc e varie d 
as a  functio n o f  typicality ,  respondin g faste r  an d mor e accu -
ratel y t o example s o f  highe r  typicality .  Th e model' s behavio r 
als o suggest s tha t  whil e th e performanc e difference s occu r 
durin g th e cours e o f  learning ,  thes e difference s graduall y dis -
appea r  a s learnin g approache s it s asymptote .  Interestingly , 
th e tw o selectio n strategie s presen t  differen t  storie s a s t o whe n 
thes e difference s disappear .  Th e rando m strateg y maintain s 
it s performanc e difference s throughou t  th e te n learnin g cy -
cle s wherea s th e favored-featur e strategy ,  b y mor e quickl y 
and consistentl y selectin g features ,  approache d it s learnin g 
asymptot e b y th e tent h learnin g cycle .  Nevertheless ,  despit e 
thei r  differences ,  th e qualitativ e similaritie s betwee n th e tw o 
discret e selectio n strategie s sugges t  tha t  th e grade d perfor -
mance observe d durin g th e cours e o f  learnin g nee d no t  aris e 
fro m explici t  gradien t  representations . 

Discussion 

S CA i s no t  intende d a s a  comprehensiv e mode l  o f  categor y 
learning ,  no r  i s  it s sourc e o f  grade d behavio r  necessaril y  th e 
same a s evidence d wit h humans .  Nevertheless ,  th e wor k 

presente d her e doe s sugges t  tha t  th e sourc e o f  grade d perfor -
mance nee d no t  aris e fro m explici t  gradien t  representations . 
S CA present s a  process-oriente d (i.e .  algorithmic )  interpre -
tatio n o f  typicality .  Tha t  S C A manifest s appropriat e typical -
it y difference s wit h full y  symboli c representation s rule s ou t 
th e possibilit y  tha t  th e sourc e o f  it s  typicalit y effect s origi -
nate s fro m gradien t  representations .  Rather ,  it s performanc e 
variatio n come s fro m iterativ e attempt s t o activat e rules .  De -
pendin g o n th e specificit y o f  th e rules ,  th e amoun t  o f  iteratio n 
varie s fro m exampl e t o example . 

O ne consequenc e o f  emphasizin g th e proces s instea d o f  th e 
representatio n i s tha t  th e model ,  whe n evaluate d a s a n ana -
lo g t o th e huma n process ,  deliver s performanc e prediction s 
alon g tw o distinc t  dimensions :  accurac y an d respons e time . 
Whil e thes e tw o dimension s ar e strongl y relate d (a s reveale d 
by th e model' s result s a s wel l  a s mos t  experimenta l  data) , 
the y ar e separatel y measure d i n huma n experiment s an d thu s 
offe r  u s tw o separat e variable s wit h whic h w e ca n evaluat e 
a process-oriente d model .  Fo r  qualitativ e comparisons ,  littl e 
interpretatio n o f  th e SCA' s respons e tim e performanc e i s re -
quire d i f  w e assum e tha t  eac h feature-remova l  iteratio n take s 
an approximatel y constan t  amoun t  o f  time .  Focussin g o n 
feature-remova l  iteration s a s a  measur e o f  proces s tim e help s 
us the n identif y a  possibl e sourc e o f  respons e tim e variation , 
whic h appear s t o depen d o n th e learnin g an d retrieva l  process . 
Thi s conclusio n i s furthe r  supporte d b y th e observatio n tha t 
th e qualitativ e performanc e relationship s ar e identica l  acros s 
thre e featur e selectio n strategies ,  tw o o f  whic h us e purel y 
symboli c methods . 

I f  take n a s a  mode l  o f  categor y learning ,  S C A make s a 
nove l  prediction .  A s alread y noted ,  th e mode l  suggest s tha t 
typicalit y difference s ar e ephemeral :  wit h sufficien t  learning , 
performanc e acros s differen t  typicalit y level s become s indis -
tinguishable .  Thi s behavio r  i s  particularl y eviden t  i n Figur e 2 , 
whic h show s almos t  n o performanc e difference s acros s typ -
icalit y level s b y th e tent h trainin g cycle .  A t  thi s point ,  S C A 
has encode d maximall y specifi c  rules .  Rule s matchin g typi -
cal  example s canno t  becom e an y mor e specific .  Meanwhi le , 
th e mode l  continue s t o acquir e rule s matchin g les s typica l 
example s t o th e poin t  wher e thes e rule s als o reac h maxima l 
specificity . 

Th e rat e a t  whic h performanc e difference s disappea r  ca n 
vary .  Figur e 1  illustrate s performanc e difference s tha t  con -
tinu e pas t  th e tent h learnin g cycle .  W e als o se e tha t  th e dif -
ference s increas e befor e the y star t  decreasing .  Furthermore , 
i t  i s  likel y tha t  mor e comple x descriptions ,  noise ,  an d varyin g 
contextua l  feature s ca n als o prolon g th e model' s performanc e 
differences . 

Whethe r  th e model' s ephemera l  performanc e difference s 
ar e consisten t  wit h huma n behavio r  ha s ye t  t o b e determined . 
Comparin g result s wit h dat a fro m psychologica l  experiment s 
wil l  ultimatel y determin e th e exten t  t o whic h th e mode l  serve s 
as a  usefu l  analo g t o huma n strategies .  Regardles s o f  futur e 
comparisons ,  th e mode l  i s nevertheles s usefu l  fo r  demonstrat -
in g som e grade d performanc e an d thu s indicate s tha t  gradien t 
representation s ar e no t  necessar y fo r  producin g grade d per -
formance .  Thi s suggest s particula r  relevanc e t o full y  sym -
boli c rule-base d architecture s suc h a s Soa r  (Newell ,  1990 )  i n 
whic h bot h th e rando m selectio n an d th e relevant-featur e se -
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lectio n version s o f  S C A hav e bee n implemented. '  Presentin g 
a symboli c mode l  tha t  appropriatel y produce s som e grade d 
behavio r  take s a  ste p i n demonstratin g th e viabilit y  o f  thi s 
clas s o f  architecture s toward s handlin g grade d phenomena . 
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