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School  o f  Psycholog y 

Georgi a Institut e o f  Technolog y 
Atlant a G A 30332-017 0 
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Abstrac t 

We present a model of enumeration that demonstrates one 
possibl e explanatio n fo r  th e limite d capacit y o f  subitizing . 
Thi s analytica l  approac h ca n b e contraste d wit h mos t 
previou s researc h o n subitizin g whic h ha s bee n primaril y 
descriptiv e i n nature ,  an d whic h ha s tende d t o assum e a 
structura l  limitatio n o n th e phenomenon .  Ou r  simulatio n 
result s sugges t  instea d tha t  th e limitatio n ma y aris e fro m th e 
functiona l  constraint s o f  learnin g t o optimiz e amon g 
enumeratio n strategie s fo r  a  spac e whos e combinatoric s 
increas e greatl y wit h number . 

Introduction 

The subitizing phenomenon has been a topic of interest and 
debat e a m o n g psychologist s fo r  wel l  ove r  10 0 year s (e.g . 
Jevons ,  1871) .  Kaufman ,  Lord ,  Reese ,  an d Vo lkma n (1949 ) 
coine d th e ter m subitizin g t o refe r  t o th e abilit y o f  adul t 
h u m an subject s t o rapidl y an d accuratel y enumerat e u p t o 3 
or  4  discret e entities .  Th e mos t  typica l  characterizatio n o f 
subitizin g i s  i n term s o f  a  shallo w slope ,  o f  abou t  5 0 
ms/item ,  i n th e aggregat e reactio n tim e dat a o f  subject s 
enumeratin g thes e smal l  sets .  Thi s i s contraste d wit h a  fa r 
steepe r  25 0 30 0 ms/ite m slop e fo r  enumeratio n o f  large r 
sets .  T h e large r  slop e i s take n t o indicat e th e deploymen t  o f 
mor e comple x processe s suc h a s counting .  Therefore ,  th e 
subitizin g limi t  appear s a s a  shar p discontinuit y i n reactio n 
tim e measure s a t  aroun d 3  o r  4  item s (Atkinson ,  Campbell , 
& Francis ,  1976 ;  Ch i  &  Klahr ,  1975 ;  Svenso n &  Sjoberg , 
1983) . 

I n recen t  years ,  researcher s hav e becom e intereste d i n 
developin g a  qualitativ e informatio n processin g accoun t  t o 
explai n th e quantitativ e characterizatio n describe d abov e 
(Dehaen e &  Cohen ,  1994 ;  Simo n &  Vaishnavi ,  1996 ;  Tric k 
& Pylyshyn ,  1993 ,  1994) .  A s Simo n &  Cabrer a (1995 ) 
poin t  out ,  a n adequat e theor y o f  subitizin g mus t  includ e a n 
explanatio n fo r  bot h th e subijizin g slop e an d th e rang e o f 
numerositie s t o whic h subitizin g ca n b e applied .  Ther e i s 
n o w som e consensu s tha t  th e subitizin g slop e i s i n par t  du e 
t o rapi d individuatio n o f  small ,  simpl e display s throug h 
processe s associate d wit h visua l  attentio n (Simo n & 
Vaishnavi ,  1996 ,  Tric k &  Pylyshyn ,  1993 ,  1994) . 
However ,  ther e ha s bee n a  notabl e absenc e o f  explanation s 
of  w h y th e subitizin g rang e i s limite d t o 3  4  entitie s a s 
oppose d t o 6  o r  eve n 2 .  Mos t  attempt s t o explai n th e 
subitizin g rang e thu s fa r  hav e appeale d t o structura l 

limitation s o f  th e huma n informatio n processin g system . 
Thes e ar e explanation s typicall y involvin g som e fixe d 
capacit y mechanism . 

For  example ,  Tric k an d Pylyshy n (1993 )  argue d tha t 
subitizin g i s enable d b y th e assignmen t  o f  a  limite d numbe r 
of  attentiona l  tags ,  calle d FINSTs ,  t o item s i n a  visua l 
display .  The y clai m tha t  sinc e huma n adult s hav e a 
m a x i m u m o f  4  FINSTs ,  th e numbe r  o f  item s tha t  ca n b e 
subitize d i s  als o 4 .  Previou s computationa l  model s o f 
subitizin g hav e als o employe d structura l  limitations .  Klah r 
and Wallace' s (1976 )  mode l  containe d production s 
specificall y writte n t o recogniz e collection s o f  1  throug h 3 
items .  Anderson ,  Matessa ,  an d Douglass '  (1995 )  A C T - R 
model  o f  subitizin g als o use d specia l  production s t o 
recogniz e smal l  collection s o f  one ,  two ,  an d thre e items .  A n 
additiona l  productio n allowe d fo r  one-by-on e countin g o f 
item s exceedin g a n initiall y  recognize d three .  I n tha t 
model ,  latencie s wer e directl y assigne d t o th e thre e patter n 
recognitio n production s t o produc e th e typica l  5 0 m s slop e 
withi n th e subitizin g rang e whil e a  steepe r  slop e wa s 
obtaine d outsid e th e subitizin g rang e du e t o firin g o f  th e 
item-by-ite m countin g production .  Thus ,  th e subitizin g limi t 
as wel l  a s th e slope s withi n an d outsid e th e subitizin g rang e 
wer e pre-specified ,  o r  built-i n t o th e model . 

An alternativ e approach ,  whic h w e presen t  i n thi s paper , 
i s  t o explor e th e possibilit y  dia t  th e subitizin g rang e m a y 
reflec t  afunctiona l  rathe r  tha n structura l  capacit y limit .  B y 
a functiona l  capacit y limi t  w e mea n on e tha t  arise s ou t  o f 
th e interactio n betwee n processin g characteristic s attributed , 
withou t  predetermine d limits ,  t o th e agent ,  an d th e natur e o f 
th e informatio n bein g processed .  I n othe r  words ,  a n 
emergen t  rathe r  tha n pre-specifie d propert y o f  th e system . 

To explor e thi s functiona l  hypothesi s w e hav e develope d 
a computationa l  mode l  tha t  simulate s th e emergenc e o f  th e 
subitizin g phenomeno n a s a  resul t  o f  learnin g t o selec t 
optima l  candidat e enumeratio n strategies .  A s Siegle r  (e.g. , 
Siegle r  &  Shipley ,  1995 )  ha s shown ,  childre n ca n optimiz e 
i n thi s wa y b y learning ,  no t  fro m th e failur e o f  candidat e 
strategies ,  bu t  b y computin g th e relativ e accurac y an d 
efficienc y o f  eac h on e wit h respec t  t o give n tasks .  I n a 
simila r  way ,  ou r  mode l  learn s t o selec t  betwee n tw o 
enumeratio n strategie s dependin g o n th e numerosit y i t  i s 
presente d with .  Th e candidate s w e hav e implemente d thu s 
fa r  wil l  b e referre d t o a s recognitio n an d counting .  Th e 
recognitio n strateg y roughl y correspond s t o subitizin g an d 
involve s executio n o f  a  simpl e pattern-matchin g procedur e 
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tha t  matche s a  newl y presente d patter n t o a  previousl y 
store d on e whos e numerosit y i s known .  Th e countin g 
strateg y involve s executio n o f  item-by-ite m processin g 
where ,  a t  eac h step ,  a  uni t  withi n th e patter n i s "visited "  an d 
a runnin g tota l  i s  incremented .  Throug h extensiv e training , 
our  mode l  learn s t o separat e th e proble m spac e int o tw o 
regions :  O n e contain s pattern s tha t  ca n b e recognized ,  whil e 
th e othe r  contain s pattern s tha t  mus t  b e counted . 

An ACT-R Model of Enumeration 

We developed our model using the ACT-R (Anderson, 
1993 )  productio n system .  A C T - R i s a  genera l  theor y o f 
human cognitio n whic h assume s tha t  cognitiv e processin g i s 
carrie d ou t  throug h productio n rule s operatin g o n 
declarativ e memory .  Ou r  mode l  take s advantag e o f  tw o 
importan t  feature s o f  th e A C T - R system :  conflic t  resolutio n 
and bas e leve l  learning .  Conflic t  resolutio n i s a  mechanis m 
tha t  determine s whic h o f  a  se t  o f  matche d production s t o 
selec t  fo r  execution .  Candidat e productio n instantiation s 
ar e evaluate d i n term s o f  thei r  expecte d values .  T h e 
expecte d valu e o f  a  productio n instantiatio n is ,  roughly ,  th e 
valu e o f  th e goa l  tha t  ca n b e achieve d b y firin g th e 
productio n minu s th e cos t  o f  firin g it .  Th e productio n 
instantiatio n wit h th e highes t  expecte d valu e wins .  Tie s ar e 
resolve d i n favo r  o f  th e productio n instantiatio n tha t  ca n 
matc h it s conditio n mos t  quickl y t o declarativ e memory . 

Learnin g i n A C T - R ca n b e accomplishe d i n a  variet y o f 
ways .  Fo r  th e presen t  mode l  w e hav e chose n t o focu s solel y 
on learnin g bas e leve l  activation s o f  th e store d pattern s i n 
declarativ e memory .  Bas e leve l  activation s ar e value s 
associate d wit h declarativ e m e m o r y element s indicatin g 
ho w "active "  the y are .  I n othe r  words ,  bas e leve l  activatio n 
i s a  measur e o f  th e strengt h o f  a n item' s m e m o r y trac e base d 
on recen t  processing .  I n general ,  highe r  activatio n implie s 
faste r  retrieval .  Th e effec t  o f  bas e leve l  learnin g i s t o 
produc e increase s i n activatio n o f  declarativ e m e m o r y 
element s a s the y ar e matche d o r  retrieved .  Ther e i s als o a 
genera l  decrease ,  o r  deca y ove r  tim e o f  thes e values .  Th e 
rat e a t  whic h thi s deca y occur s i s controlle d b y a  globa l 
paramete r  i n th e A C T - R syste m whic h w e hav e se t  t o th e 
valu e O.I ,  representin g a  relativel y lo w rat e o f  decay .  I n 
combinatio n wit h th e conflic t  resolutio n mechanis m 
describe d above ,  bas e leve l  learnin g allow s fo r  a  scenari o i n 
whic h strateg y choic e i s mediate d b y activatio n level s o f 
declarativ e m e m o r y elements .  Tha t  is ,  on e strateg y applie s 
when activatio n i s belo w a  certai n threshol d an d anothe r 
applie s whe n activatio n i s abov e tha t  threshold .  I n ou r 
model ,  th e recognitio n strateg y require s tha t  th e bas e leve l 
activatio n o f  a  store d patter n exceed s a  certai n threshol d 
value .  Onc e thi s threshol d i s reached ,  conflic t  resolutio n 
select s recognitio n ove r  countin g becaus e th e pattern -
matchin g productio n ca n matc h mor e quickl y t o declarativ e 
memory tha n ca n th e countin g production .  Repeate d 
executio n o f  th e countin g strateg y serve s t o increas e bas e 
leve l  activation s o f  th e counte d pattern s t o th e poin t  wher e 
recognitio n ca n tak e over .  However ,  th e combinatoric s o f 
th e domai n ha s th e effec t  tha t  onl y a  subse t  o f  presente d 
numerositie s hav e pattern s tha t  ca n maintai n th e threshol d 
leve l  o f  activatio n ove r  a  perio d o f  time . 

As a  startin g point ,  w e hav e programme d ou r  mode l  t o 
incorporat e th e enumeratio n knowledg e o f  a  3 -  o r  4-yea r  ol d 
chil d w h o ha s tw o availabl e enumeratio n strategie s 
recognition ,  an d countin g (se e Fuson ,  198 8 an d Siegler , 
1991 fo r  review s o f  th e enumeratio n capabilitie s o f 
preschoolers) .  Th e recognitio n strateg y i s modele d throug h 
a singl e productio n whic h matche s a  n e w patter n t o a 
previousl y store d patter n fro m whic h th e numerosit y ca n b e 
directl y retrieved .  Th e countin g strateg y i s modele d b y a 
smal l  se t  o f  production s tha t  sequentiall y  visi t  unprocesse d 
object s i n a  patter n an d accumulat e th e total .  Countin g fact s 
ar e provide d t o allo w fo r  sequentia l  assignmen t  o f  numbe r 
names t o objects .  Eac h patter n represent s on e possibl e 
configuratio n o f  u p t o 6  object s o n a  4  x  4  gri d o f  locations . 

T h e mode l  operate s a s follows .  Fo r  eac h trainin g pattern , 
th e recognitio n an d countin g strategie s participat e i n a 
competitio n t o produc e a n enumeration .  Earl y i n training , 
activation s o n th e store d pattern s ar e low .  Thi s represent s 
th e assumptio n tha t  childre n wil l  hav e lo w confidenc e i n 
thei r  abilit y  t o recogniz e th e numerica l  valu e o f  an y give n 
patter n unti l  som e learnin g ha s take n place .  Thus ,  earl y i n 
training ,  th e countin g strateg y dominates ,  leadin g t o 
predominan t  us e o f  countin g fo r  al l  patterns . 

Trainin g serve s t o increas e activation s o f  th e store d 
patterns .  Wheneve r  th e countin g strateg y i s applie d t o 
enumerat e a  trainin g pattern ,  th e fina l  ste p i s t o increas e th e 
activatio n o f  th e correspondin g store d patter n i n declarativ e 
memory.  Thi s represent s increasin g familiarit y wit h on e o f 
a se t  o f  possibl e pattern s fo r  tha t  numerosity .  Afte r  a 
sufficien t  numbe r  o f  exposure s t o a  particula r  trainin g 
pattern ,  th e correspondin g store d patter n become s activ e 
enoug h tha t  th e recognitio n strateg y wil l  wi n th e strateg y 
competition .  Successfu l  recognition ,  lik e successfu l 
countin g als o generate s a n increas e o f  activation ,  o r 
familiarity ,  fo r  th e enumerate d pattern .  T h e numbe r  o f 
store d pattern s i n declarativ e m e m o r y fo r  eac h numerosit y 
i s show n i n Figur e 1 .  Thi s represent s al l  possibl e pattern s 
on a  4  x  4  grid . 

10,00 0 

^  8,00 0 H 
c 

I  6,000 H 

S 4,000 -
E 

Z 2,000 -

8,00 8 

16 12 0 

1 2 3  4  5  6 

Numerosity 

Figure I: Number of stored patterns for each numerosity. 

'Th e 1 6 cel l  gri d wa s employe d du e t o curren t  limitation s i n 
computin g resources ,  an d i s no t  theoreticall y motivated . 
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Figure 2: Percentage use of the recognition strategy for each numerosity as a function of the number of training trials. 

Wit h extensiv e training ,  th e smal l  numerositie s ( N =  1-3 ) 
as a  whol e becom e activ e enoug h suc h tha t  th e recognitio n 
strateg y i s generall y use d fo r  al l  o f  thei r  patterns .  Larg e 
numerositie s ( N =  4-6) ,  o n th e othe r  hand ,  fai l  t o reac h thi s 
leve l  o f  activatio n becaus e o f  th e relativel y larg e numbe r  o f 
possibl e patterns .  Fo r  example ,  give n ou r  4  x  4  gri d fo r 
patterns ,  ther e ar e 56 0 possibl e pattern s o f  3  objects ,  bu t 
182 0 possibl e pattern s o f  4  objects .  Thus ,  th e numbe r  o f 
trainin g pattern s require d t o achiev e a n overal l  increas e i n 
activatio n leve l  fo r  numerosit y 4  i s a t  leas t  thre e time s 
large r  tha n th e numbe r  require d fo r  numerosit y 3 . 
Furthermore ,  deca y o f  activation s become s a n increasingl y 
importan t  facto r  a s th e numbe r  o f  possibl e pattern s grows . 
Thi s i s becaus e th e increasin g numJDe r  o f  pattern s lead s t o a 
greate r  tim e dela y betwee n sufccessiv e occurrence s o f  eac h 
individua l  pattern .  Fo r  m a n y o f  th e large r  numerosit y 
patterns ,  deca y wil l  decreas e activatio n suc h tha t  th e 
recognitio n threshol d i s neve r  reached .  Thus ,  us e o f  th e 
countin g strateg y dominate s fo r  large r  numbers .  Thi s 
behavio r  o f  th e mode l  afte r  extensiv e trainin g i s consisten t 
wit h empirica l  dat a suggestin g tha t  5-yea r  old s subitiz e 
smal l  collection s an d coun t  large r  one s (Ch i  &  Klahr , 
1975) . 

T h e S i m u l a t i o n 

Training and Testing 

We conducte d severa l  simulatio n runs ,  eac h consistin g 9 f  a 
trainin g phas e an d a  tes t  phase .  Th e lengt h o f  th e trainin g 
phas e wa s varie d acros s th e differen t  simulatio n runs ,  fro m 
20 0 t o 50,00 0 trainin g trials .  T h e purpos e o f  thi s trainin g 
was t o demonstrat e th e effect s o f  increasin g amount s o f 
trainin g o n store d patter n activations ,  enumeratio n strateg y 
choices ,  an d enumeratio n latencies . 

Durin g th e simulation ,  executio n o f  eac h trainin g tria l 
proceed s a s follows .  First ,  a  rando m numerosit y betwee n 1 
and 6  i s selecte d an d a  rando m patter n fo r  tha t  numerosit y i s 
generated .  Th e patter n i s the n presente d t o th e mode l  t o b e 
enumerate d b y eithe r  th e recognitio n o r  countin g strategy . 
Eithe r  typ e o f  enumeratio n result s i n a  strengthenin g o f  th e 
activatio n fo r  th e store d patter n correspondin g wit h th e 
enumerate d tes t  pattern .  Stronge r  activatio n o f  th e store d 
patter n increase s th e likelihoo d tha t  a n identica l  tes t  patter n 
wil l  b e recognize d o n som e late r  trial .  Currently ,  eac h tes t 
patter n mus t  b e presente d a t  leas t  twic e befor e i t  wil l  b e 
recognized .  M o r e tha n tw o presentation s m a y b e required , 
however ,  dependin g o n th e tim e (numbe r  o f  trials )  betwee n 
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presentations ,  sinc e ever y store d patter n i s subjec t  t o 
decayin g activatio n durin g trial s wher e i t  i s  no t  presented . 

The las t  12 0 trial s o f  eac h modelin g ru n constitute d th e 
tes t  phase .  Durin g thi s phase ,  2 0 rando m pattern s lo r  eac h 
of  th e si x numerositie s wer e presente d t o th e model . 
jtrateg y choic e an d enumeratio n latenc y dat a (a s compute d 
by A C T - R )  wer e collecte d durin g eac h tes t  u-iai .  Afte r  th e 
completio n o f  th e tes t  phase ,  th e averag e activatio n leve l 
was compute d fo r  eac h numerosity . 

Results 

Figur e 2  show s th e effect s o f  trainin g o n strateg y selection . 
Afte r  ver y littl e training ,  pattern s fo r  numerosit y 1  ar e 
enumerate d usin g th e recognitio n strateg y exclusively . 
Pattern s fo r  numerositie s 2  an d 3  requir e somewha t  longe r 
trainin g periods ,  bu t  eventuall y ar e als o enumerate d 
exclusivel y b y th e recognitio n strategy .  Pattern s 
representin g numerositie s 5  an d 6  continu e t o b e primaril y 
counted ,  eve n afte r  thousand s o f  trainin g trial s 
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Figur e 3 :  Averag e store d patter n activatio n fo r  eac h 
numerosit y a s a  functio n o f  th e numbe r  o f  trainin g trials . 

The effec t  o f  trainin g o n th e averag e activatio n leve l  fo r 
th e store d pattern s o f  eac h numerosit y i s show n i n Figur e 3 . 
Al l  store d pattern s begi n wit h a  bas e leve l  activatio n o f 
clos e t o zer o (i.e .  0.038) .  Durin g training ,  activation s o f 
store d pattern s fo r  numerositie s 1  3  quickl y increas e (o n 
average )  t o a  leve l  abov e th e threshol d (depicte d a s a  dashe d 
lin e a t  0.40 5 i n Figur e 3 )  req\jire d fo r  exclusiv e us e o f  th e 
recognitio n strategy .  Therefore ,  recognitio n become s th e 
primar y su-ateg y use d fo r  thes e numbers .  Th e store d patter n 
activation s fo r  th e large r  numbers ,  however ,  d o no t  reac h a 
sufficientl y hig h leve l  fo r  recognitio n t o occu r  consistently . 

As describe d above ,  thi s i s a  resul t  o f  th e greate r  numbe r  o f 
store d pattern s fo r  large r  numerosities ,  an d th e deca y whic h 
occur s becaus e eac h individua l  patter n i s presente d les s 
often . 

For  numerositie s 5  an d 6 ,  countin g continue s t o b e th e 
primar y strategy ,  wit h recognitio n occurrin g intermittentl y 
and onl y fo r  thos e relativel y fe w pattern s tha t  happe n b y 
chanc e t o b e presente d severa l  times .  Ou r  simulatio n run s s o 
fa r  hav e indicate d tha t  th e recognitio n rat e fo r  numerosit y 4 
appear s t o reac h a  m a x i m u m somewher e nea r  6 5 % .  Th e 
fac t  tha t  thi s numerosit y i s neithe r  conclusivel y counte d no r 
recognize d i s consisten t  wit h experimenta l  results .  Fo r 
example ,  Svenso n &  Sjober g (1983 )  produce d regression s 
fo r  thei r  1  3  rang e an d 5  8  rang e bu t  wer e unsur e wit h 
whic h rang e t o associat e N  =  4 . 

Figur e 4  show s th e averag e latencie s fo r  a  se t  o f  tes t  trial s 
(4 0 rando m pattern s fo r  eac h numerosity )  befor e an d afte r 

50,00 0 trainin g trial s Befor e training ,  th e countin g 
strateg y i s use d exclusively ,  resultin g i n a  linea r  increas e i n 
latenc y o f  abou t  1  secon d fro m on e numerosit y t o th e nex t 
throughout  th e entir e rang e o f  numerosities .  I t  take s nearl y 
3 second s t o enumerat e on e objec t  an d abou t  8  second s t o 
enumerat e 6 . 

Afte r  training ,  recognitio n i s use d almos t  exclusivel y fo r 
numerositie s 1  3 ,  resultin g i n a  smal l  increas e i n latenc y a s 
numerosit y increase s i n thi s range .  I n contrast ,  a  relativel y 
larg e slope ,  simila r  i n magnitud e t o th e pre-trainin g slope ,  i s 
obtaine d fo r  numerositie s 4  6 ,  reflectin g extensiv e us e o f 
th e countin g strateg y fo r  thes e numerosities .  Th e differenc e 
i n slope s fo r  th e tw o range s o f  numerositie s i s a t  leas t 
qualitativel y consisten t  wit h experimenta l  respons e time -
data .  Improvemen t  o f  th e quantitativ e fit  wil l  b e addresse d 
i n a  futur e versio n o f  th e mode l  a s discusse d below . 

Discussion and Conclusion 

These results suggest a functional explanation for the origin 
of  th e subitizin g limit .  Whil e mos t  previou s model s o f 
subitizin g hav e simpl y assume d a  limi t  o f  3  o r  4  (e.g .  Klah r 
& Wallace ,  1976 ;  Tric k &  Pylyshyn ,  1993 ,  1994 )  w e hav e 
demonstrate d on e wa y tha t  thi s limi t  migh t  emerg e a s a 
functio n o f  th e combinatoric s o f  th e spac e o f  pattern s 
interactin g wit h a  simpl e learnin g an d deca y mechanism . 
Repeate d countin g o f  th e sam e patter n serve s t o increas e it s 
activatio n t o th e exten t  that ,  a t  s o m e point ,  tha t  patter n i s 
familia r  enoug h fo r  th e chil d t o confidentl y emplo y th e 
recognitio n strategy .  Fo r  smal l  numerosities ,  th e numbe r  o f 
possibl e pattern s i s sufficientl y smal l  tha t  al l  pattern s ge t 
see n enoug h time s t o rais e thei r  activation s abov e threshold . 
Sinc e th e numbe r  o f  possibl e pattern s increase s dramaticall y 
fo r  large r  numerositie s (a s show n i n Figur e 1) ,  i t  i s  no t 
surprisin g tha t  eve n rathe r  larg e amount s o f  trainin g ar e no t 
sufficien t  t o rais e activation s abov e th e recognitio n 
threshold .  Furthermore ,  deca y become s a  facto r  fo r  th e 

'Th e value s show n i n thi s graph ,  a s wel l  a s i n Figur e 4 ,  represen t 
average s o f  tw o simulatio n run s a t  eac h leve l  o f  training .  Eac h 
simulatio n ru n ha s som e variabilit y  du e t o rando m generatio n o f 
trainin g patterns . 

The latenc y associate d wit h eac h trainin g tria l  i s  analogou s t o 
respons e tim e fo r  a n experimenta l  trial .  However ,  th e actua l 
latenc y value s generate d b y th e mode l  ar e no t  intende d t o replicat e 
experimenta l  value s sinc e th e patter n matchin g an d countin g 
processe s hav e no t  bee n closel y modeled . 
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large r  numerositie s becaus e mor e possibl e pattern s als o 
means mor e tim e betwee n exposure s t o th e sam e one . 

I n additio n t o thi s explanatio n fo r  th e limite d subitizin g 
range ,  ou r  result s als o sugges t  a  potentia l  explanatio n fo r 
th e origi n o f  th e subitizin g slope .  Accordin g t o th e A C T - R 
theory ,  respons e latenc y i s compose d o f  productio n 
matchin g latenc y an d productio n actio n latency .  Therefore , 
as matchin g latenc y increases ,  s o doe s respons e time . 
Further ,  activation s o f  declarativ e m e m o r y element s hav e a 
direc t  influenc e o n productio n matchin g latency ;  th e highe r 
th e activation ,  th e shorte r  th e matchin g latency .  Thus , 
pattern s wit h hig h activation s wil l  matc h faste r  tha n pattern s 
wit h lo w activations ,  an d therefor e wil l  resul t  i n shorte r 
respons e latencies .  Thi s suggest s tha t  th e subitizin g slop e 
m ay aris e fro m difference s i n th e averag e leve l  o f  activatio n 
acros s numerosities . 

Thus ,  w e hav e bee n abl e t o creat e a  mode l  whic h 
generate s a n explanatio n o f  th e subitizin g limit ,  an d whic h 
m ay als o b e abl e t o explai n th e slope .  Unlik e th e previou s 
model s o f  Klah r  an d Wallac e (1976 )  an d Anderson ,  e t  al . 
(1995) ,  ou r  mode l  i s abl e t o d o thi s withou t  pre-specifyin g 
eithe r  th e subitizin g limi t  o r  th e subitizin g slope .  Rather , 
bot h emerg e a s by-product ^  o f  learnin g alon g wit h th e 
increase s an d deca y i n th e activation s associate d wit h 
individua l  patterns . 

Despit e th e promis e o f  ou r  results ,  w e woul d lik e t o 
mentio n som e o f  th e limitation s o f  thi s mode l  an d sugges t 
some possibl e futur e researc h directions .  First ,  w e hav e no t 
attempte d t o addres s th e mechanic s o f  th e recognitio n an d 
countin g processe s i n term s o f  detaile d informatio n 
processin g specifications .  Therefore ,  althoug h w e hav e 
qualitativel y replicate d th e standar d discontinuit y i n 

enumeratio n performance ,  th e quantitativ e result s produce d 
by th e mode l  (suc h a s th e actua l  latenc y an d slop e values ) 
d o no t  matc h ver y wel l  t o empirica l  dat a a t  present .  Futur e 
wor k wil l  concentrat e o n tryin g t o clos e thi s quantitativ e 
gap betwee n simulatio n an d empirica l  results .  Second ,  thi s 
model  doe s no t  addres s th e issu e o f  generalization .  I t  mus t 
certainl y b e th e cas e tha t  childre n develo p somewha t 
abstrac t  representation s o f  pattern s s o tha t  recognitio n i s no t 
necessaril y  base d o n a n exac t  matc h t o a  previousl y see n 
pattern .  Perhap s matchin g a  patter n t o a n abstrac t  patter n 
representatio n i s a  thir d strateg y tha t  coul d b e adde d t o a 
futur e versio n o f  th e model .  Anothe r  possibl e solutio n 
migh t  b e t o utiliz e th e partia l  matchin g capabilit y  o f  th e 
A C T - R syste m t o allo w inexac t  matchin g whic h i s sensitiv e 
t o th e similaritie s betwee n patterns .  A  furthe r  findin g t o b e 
simulated ,  whic h woul d b e a  goo d tes t  fo r  th e model ,  i s  th e 
transitio n fro m countin g t o recognitio n o f  consistentl y 
presente d larg e displays .  Ther e i s clea r  evidenc e (e.g . 
Mandle r  &  Shebo ,  1982 ;  Wolters ,  va n Kempen ,  & 
Wilhuizen ,  1987 )  tha t  repeate d presentation s enabl e subject s 
t o m o v e fro m deliberat e enumeratio n o f  individua l  item s t o 
recognitio n o f  entir e patterns .  W e believ e tha t  th e presen t 
model  shoul d b e abl e t o simulat e tha t  result .  Th e principle s 
upo n whic h i t  woul d d o s o ar e consisten t  wit h automaticit y 
theorie s base d o n consisten t  versu s varie d mappin g (Shiffri n 
& Schneider ,  1977 )  o r  th e retrieva l  o f  familia r  instance s 
(Logan ,  1988) .  I n a  futur e versio n o f  th e mode l  w e woul d 
als o lik e t o examin e th e effec t  o f  increasin g ou r  assume d 
patter n gri d size ,  e.g. ,  fro m 4  x  4  t o 6  x  6 .  Ou r  expectatio n 
i s tha t  th e sam e qualitativ e behavio r  pattern s wil l  emerge , 
althoug h mor e trainin g wil l  b e require d du e t o th e increase d 
number  o f  possibl e pattern s fo r  eac h numerosity . 
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Finally ,  a n intriguin g issu e wit h respec t  t o individua l 
difference s arise s fro m ou r  model' s "indecisiveness "  abou t 
whic h strateg y t o us e fo r  th e numerosit y 4 .  I n it s presen t 
incarnatio n th e asymptot e recognitio n leve l  fo r  4  item s i s 
aroun d 6 5 % .  T o som e extent ,  thi s probabl y rellect s th e fac t 
tha t  som e large r  pattern s ar e jus t  mor e "memorable "  tha n 
others .  However ,  th e resul t  i s mor e interestin g becaus e no t 
al l  huma n subject s subitiz e th e sam e numbe r  o f  items ,  an d 
ther e i s n o stric t  consensu s o n wha t  th e absolut e limi t  o f 
subitizin g is ,  i f  indee d ther e i s one .  Sinc e ou r  mode l 
represent s a  functiona l  rathe r  tha n a  structura l  explanatio n 
of  th e limit ,  w e ma y b e abl e t o us e othe r  functiona l 
parameter s t o explai n individua l  differences .  Fo r  example , 
workin g memor y spa n an d informatio n processin g spee d 
hav e bot h bee n implicate d a s functiona l  limitation s o n 
processing .  Varyin g approximation s o f  thes e i n futur e 
version s o f  th e mode l  shoul d enabl e u s t o investigat e th e 
tru e natur e o f  subitizin g b y modelin g individua l  data ,  rathe r 
tha n th e ofte n misleadin g aggregate d result s whic h ma y 
obscur e individua l  varianc e an d characteriz e n o singl e 
individua l  a t  all . 
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