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Classificatio n o f  D o t  Pat tern s wi t h C o m p e t i t i v e C h u n k i n g 

Emile Servan-Schreiber 

Departmen t  o f  Psychology ,  Carnegi e Mello n Universit y 

Abstract 

Chunking ,  a  familia r  ide a i n cognitiv e science ,  ha s recentl y bee n formalize d b y Servan -

Schreibe r  an d Anderso n (i n press )  int o a  theor y o f  perceptio n an d learning ,  an d i t 

successfull y simulate d th e huma n acquisitio n o f  a n artificia l  gramma r  throug h th e simpl e 

memorizatio n o f  exempla r  sentences .  I n thi s articl e I  briefl y presen t  th e theory ,  calle d 

Competitiv e Chunking ,  o r  CC ,  a s i t  ha s bee n extende d t o dea l  wit h th e tas k o f  encodin g 

rando m do t  patterns .  I  explai n ho w C C ca n b e applie d t o th e classi c tas k o f  classifyin g suc h 

pattern s int o multipl e categories ,  an d repor t  a  successfu l  simulatio n o f  dat a collecte d b y 

Knapp an d Anderso n (1984) .  Th e tentativ e conclusio n i s tha t  peopl e see m t o proces s do t 

pattern s an d artificia l  grammar s i n th e sam e way ,  an d tha t  chunkin g i s a n importan t  par t  o f 

tha t  process . 

Introduction 

Chunking ,  ou r  natura l  tendenc y t o proces s stimul i  b y parts ,  i s  on e o f  th e mos t  familia r  an d 

powerfu l  idea s o f  cognitiv e science .  Strangely ,  apar t  fro m Laird ,  Newell ,  an d Rosenbloom' s 

recen t  Soa r  theor y (Newell ,  i n press) ,  ther e hav e bee n n o seriou s attempt s t o formaliz e chunkin g 

sinc e it s  discover y b y filille r  3 4 year s ag o (Miller ,  1956) .  Recently ,  Servan-Schreibe r  an d 

Anderso n (i n press )  hav e demonstrate d h o w a  chunkin g progra m ca n simulat e h u m a n subject s 

learnin g a n artificia l  g ramma r  throug h mer e memorizatio n o f  exempla r  sentences .  Tha t  progra m 

w as base d o n a  theor y calle d competitiv e chunking ,  o r  CC .  I n thi s paper ,  I  demonstrat e h o w C C 

ca n b e applie d t o th e classi c proble m o f  classifyin g rando m do t  patterns . 

Competitive Chunking of Dot Patterns 

Representation; vyhat is a ghijnk? 

A chun k i s a  lon g ter m m e m o r y hierarchica l  structur e whos e constituent s ar e chunk s also . 

Ever y chun k ha s a n associate d strengt h whic h i s a  composit e scor e reflectin g h o w ofte n an d 

recentl y i t  ha s bee n use d i n th e past .  A  newl y create d chun k ha s a  strengt h o f  on e unit .  It s 

strengt h i s  increase d b y a n additiona l  uni t  ever y tim e i t  i s  used ,  o r  re-created .  Strengt h als o 

decay s wit h time .  A t  an y poin t  i n time ,  th e strengt h o f  a  chun k i s th e s u m o f  it s  successive , 

individuall y decaying ,  strengthenings : 

Strengt h =  ^ T ; ^  (1 ) 

where Tj is the time elapsed since the ith strengthening, and d. the decay parameter, determines 

th e severit y o f  strengt h deca y ( 0 <  d  <  1  ) •  Onc e a  chun k i s created ,  i t  exist s fo r  ever ,  an d ther e i s 
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no limr t  o n ho w muc h strengt h i t  ca n accumulat e Thi s strengt h construc t  i s  identica l  t o tha t  o f 

ACT*  fo r  dedarativ e memor y trace s (Anderson .  1983) . 

When th e stimul i  ar e do t  patterns ,  tw o kind s o f  chunk s ar e assumed :  dot-chunks ,  an d 

complex-chunks .  Dot-chunk s encod e a  singl e stimulu s dot ,  wherea s complex-chunk s encod e a 

pai r  o f  chunks .  Fo r  example ,  th e dot-chun k ((3 5 22) )  encode s a  do t  locate d a t  cartesia n 

coordinate s (3 5 22 )  o n th e stimulu s matrix .  Example s o f  comple x chunk s are :  (((3 5 22) )  ((10 0 

75)) )  whic h encode s tw o dot-chunks ,  an d ((((3 5 22) )  ((10 0 75)) )  ((12 5 200)) )  whic h encode s a 

complex-chun k an d a  dot-chunk . 

Prpcesses: what are chunKs fQr? 

Chunks ar e use d t o perceiv e stimuli .  I n th e cas e o f  do t  patterns ,  a  percep t  i s  a  collectio n o f 

stimulu s dot s an d chunks .  Perceptio n consist s o f  multipl e passe s throug h a  percep t  elaboratio n 

cycle ,  wher e th e elementar y (pre-elaboration )  percep t  i s  simpl y th e se t  o f  stimulu s dot s presen t  i n 

th e pattern :  chunk s ar e retrieve d a s competin g candidate s t o buil d upo n th e curren t  percept ,  an d 

some ar e selected .  Th e selecte d chunk s ar e use d t o elaborat e o n th e percept ,  yieldin g a  ne w 

percep t  a s a  basi s fo r  anothe r  cycle .  Th e cycl e repeat s unti l  n o chunk s ar e retrieve d fo r  furthe r 

elaboration . 

To b e retrieve d a s a  candidat e fo r  elaboration ,  a  chun k mus t  matc h som e par i  o f  th e curren t 

percept .  Matchin g i s define d slightl y differentl y fo r  dot-chunk s an d complex-chunks .  A  dot -

chun k ha s a  certai n probabilit y  o f  matchin g an y do t  tha t  i s  presen t  withi n it s immediat e 

surroundings .  Thi s probabilit y  i s  1  fo r  th e do t  tha t  i s  encode d b y th e dot-chunk ,  an d decrease s 

exponentiall y  wit h th e distanc e betwee n th e encode d do t  an d th e targe t  dot : 

Probabilit y  o f  matc h =  e "  "̂ "  ̂ '^^^ ^  (2 ) 

wher e m .  th e matc h parameter ,  determine s ho w stee p th e exponentia l  i s  ( m >  0) .  Th e large r  m is , 

th e harde r  i t  i s  fo r  a  dot-chun k t o matc h distan t  dots .  Figur e 1  plot s thi s functio n fo r  m =  05 . 

A complex-chun k matche s som e par t  o f  th e percep t  i f  an d onl y i f  bot h o f  it s  subchunk s ar e 

equivalen t  t o chunk s i n th e percept .  Chun k equivalenc e i s define d recursively :  Th e equivalenc e 

betwee n tw o dot-chunk s i s probabilistic ,  dependin g o n th e distanc e betwee n thei r  encode d 

dots ,  followin g Equatio n (2) .  Then ,  tw o complex-chunk s ar e equivalen t  i f  an d onl y i f  (a )  the y hav e 

th e sam e hierarchica l  structure ,  an d (b )  the y hav e equivalen t  termina l  dot-chunk s a t  th e base s o f 

thei r  hierarchies . 

Still ,  i t  isn' t  enoug h tha t  a  chun k matche s som e par t  o f  th e percep t  fo r  i t  t o b e retrieve d a s a 

candidat e fo r  elaboration .  Th e matc h mus t  als o hav e enoug h support .  Th e suppor t  fo r  a 

complex-chun k matc h i s define d a s th e summe d strengt h o f  th e matche d chunks .  Bu t  th e 

suppor t  fo r  a  dot-chun k matc h i s infinite .  Th e probabilit y  tha t  a  chun k matc h i s retrieve d i s the n a 

negativel y accelerate d increasin g functio n o f  it s  support ; 

1 _  9  -  c  suppor t 
Probabilit y  o f  retrieva l  =  (3 ) 

1 +  e - c suppor t 

wher e £ ,  th e competitio n parameter ,  determine s th e steepnes s o f  th e probabilit y  curv e ( £ >  0) . 

The large r  £  is ,  th e easie r  i t  i s  t o retriev e chunks ,  a t  al l  level s o f  support .  Figur e 2  plot s thi s 

functio n for Q =  .5 . 
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FIgur *  1 .  Plo t  o f  th e probabilit y  tha t  a  dot-chun k matche s a  stimulu s (target )  dot .  I t  decrease s 

exponentiall y  a s th e distanc e betwee n th e do t  tha t  i s  encode d b y th e dot-chun k an d th e targe t  do t 

increases ,  followin g Equatio n (2) .  Th e valu e o f  m tha t  i s  show n i s th e on e I  use d i n th e simulatio n I  descrih> e 

later . 

1 O r 

0.9 

3 4  5  6 

Suppor t  fo r  a  matc h 

Figure 2. Plot of the probability that a chunk match is retrieved as a candidate for elaboration. It 

increase s a s it s suppor t  increases ,  followin g Equatio n (3) .  Th e valu e o f  c  tha t  i s  show n i s th e on e I  use d i n 

th e simulatio n I  describ e later . 

184 



O n ce chun k matche s hav e bee n retrieved ,  the y ar e organize d int o set s o f  compatibl e 

matches .  Tw r  matche s ar e compatibl e i f  the y matc h differen t  part s o f  th e percept .  Th e alternativ e 

set s the n compet e agains t  eac h othe r  fo r  th e privileg e o f  elaboratin g o n th e percept .  Fo r  eac h 

set ,  th e s u m o f  th e strength s o f  it s  constituen t  chunk s i s computed ,  an d th e se t  o f  matche s wit h 

th e highes t  scor e i s selecte d a s th e winner .  Elaboratio n the n consis t  o f  replacin g th e part s o f  th e 

percep t  tha t  wer e matche d b y th e chunk s i n th e selecte d se t  o f  matches. ^  Ever y elaboratin g 

chun k i s strengthened ,  whil e thei r  losin g competitor s ar e lef t  t o decay .  Not e tha t  thi s selectio n 

process ,  base d o n compatibilit y  an d strength ,  favorise s set s o f  m a n y matche s ove r  set s o f  fewe r 

matches .  I t  als o encourage s th e participatio n o f  weake r  chunk s a s lon g a s the y ar e compatibl e 

wit h a  numbe r  o f  stronge r  chunks .  This ,  i n turn ,  allow s the m t o gai n strength . 

It  i s  interestin g t o not e th e dua l  rol e tha t  strengt h play s i n th e elaboratio n process :  T h e 

probabilit y  tha t  a  matchin g chun k i s retrieve d depend s o n th e strengt h o f  th e chunk s tha t  i t 

matche s ,  it s  support ,  whil e th e probabilit y  tha t  i t  i s  selecte d a m o n g th e retrieve d chunk s depend s 

on it s o w n strength .  Thus ,  a  chunk' s strengt h i s a  critica l  paramete r  fo r  bot h itsel f  an d th e chunk s 

tha t  m a y matc h it .  W h e n a  chun k i s strengthened ,  bot h itsel f  an d th e chunk s tha t  m a y matc h i t  ar e 

bein g learned .  Conversely ,  w h e n a  chunk' s strengt h i s lef t  t o decay ,  bot h itsel f  an d th e chunk s 

tha t  m a y matc h i t  ar e bein g forgotten .  A  chun k i s bein g learne d th e fastest ,  then ,  w h e n it s 

subchunk s ten d t o b e equivalen t  t o chunk s tha t  co-occu r  frequentl y i n th e environment . 

Stimulus Familiarity. 

Give n tha t  chunk s are ,  b y definition ,  familia r  unit s o f  knowledge ,  i t  follow s tha t  th e mor e 

chunk s participat e i n th e percep t  elaboratio n process ,  th e mor e familia r  th e stimulu s i s perceive d 

t o be .  Th e notio n o f  familiarit y ca n easil y b e formalize d i n C C .  Not e tha t  ever y tim e tha t  a  complex -

chun k elaborate s o n th e curren t  percept ,  tw o o f  th e percept' s chunk s ar e replace d b y a  singl e 

chun k i n th e nex t  percept .  Thus ,  elaboratin g o n th e percep t  wit h complex-chunk s ha s th e effec t 

of  reducin g th e numbe r  o f  part s a t  th e to p leve l  o f  th e percept .  Th e implicatio n i s tha t  th e mor e 

chunk s participate d i n th e elaboratio n process ,  th e les s part s ther e ar e i n th e fina l  percept . 

Therefore ,  th e relationshi p betwee n familiarit y an d th e numbe r  o f  part s i n th e fina l  percept ,  cal l  i t 

nchunks .  ca n b e characterize d a s follows :  th e large r  nchunk s is ,  th e les s familia r  th e stimulu s i s 

perceive d t o be .  Conversely ,  th e smalle r  nchunk s i s (it s  min imu m valu e i s  1) ,  th e mor e familia r  th e 

stimulu s i s perceive d t o be .  T o formaliz e further ,  Servan-Schreibe r  an d Anderso n (i n press ) 

assume d tha t  familiarit y ca n tak e value s fro m 1  (maximum )  t o a n asymptoti c 0  (minimum) ,  an d tha t  i t 

i s  a  rapidl y decreasin g functio n o f  nchunks : 

Familiarit y o f  stimulu s =  e ^  ~  nchunk s ^4 ) 

Thi s formul a capture s th e notio n tha t  i f  a  stimulu s ca n b e sufficientl y elaborate d upo n s o tha t  th e 

fina l  percep t  consist s o f  a  singl e chunk ,  the n i t  i s  perceive d a s maximall y familiar . 

^ Making the elaboration process set-based is a departure from its earlier specification in Servan-

Sclireibe r  an d Anderso n (i n press) .  I n tlia t  earlie r  verio n o f  th e tlieory ,  matclie s compete d individuall y fo r 

elaboration ,  an d a  singl e match ,  tha t  wit h th e stronges t  chunk ,  wa s selecte d a t  eac h cycle . 
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ChunK Creation . 

Learnin g i n C C i s two-fold .  A s discusse d above ,  existin g chunl< s ar e learne d whe n the y ar e 

strengthened .  Strengthenin g an d strengt h deca y allo w fo r  th e tunin g o f  th e existin g knowledg e 

base .  Bu t  C C als o ha s a  proces s fo r  chun k creation . 

The creatio n proces s i s a  direc t  extensio n o f  th e perceptio n process ,  an d share s man y o f  it s 

characteristics .  Th e inpu t  t o th e creatio n proces s i s th e fina l  percept ,  an d it s outpu t  i s a  collectio n 

of  ne w chunks .  Th e goa l  o f  tha t  proces s i s t o creat e chunk s tha t  wil l  hav e a  goo d chanc e o f 

participatin g i n th e perceptio n proces s shoul d th e sam e o r  a  simila r  stimulu s b e presented ,  thu s 

increasin g it s familiarit y b y reducin g nchunks .  T o tha t  end ,  th e propose d ne w chunk s ar e thos e 

tha t  woul d hav e enoug h suppor t  t o b e retrieved .  Becaus e stimulu s dot s provid e infinit e suppor t 

t o dot-chunk s tha t  encod e them ,  i f  th e fina l  percep t  contain s som e stimulu s dot s tha t  wer e no t 

matche d b y an y dot-chunk ,  the n ne w dot-chunk s ar e create d t o encod e them .  I f  th e fina l  percep t 

contain s tw o o r  mor e chunks ,  the n a  ne w complex-chun k i s propose d tha t  encode s th e pai r  o f 

chunks ,  i n th e percept ,  wit h th e larges t  summe d strength .  Becaus e tha t  measur e i s aki n t o th e 

propose d ne w chunk' s support ,  Equatio n (3 )  i s  use d t o comput e th e probabilit y  tha t  i t  i s created . 

A newl y create d chunk s i s give n a  strengt h o f  on e unit .  I f  i t  alread y exist s the n i t  i s  simpl y 

strengthened .  C C doe s no t  kee p multipl e copie s o f  a  chunk . 

Applying CC to the Classification Task 

General Principles. 

A classi c desig n o f  dot-patter n classificatio n experiment s include s a  trainin g phas e an d a 

testin g phase .  I n th e trainin g phase,  subject s ar e show n distortion s o f  thre e prototyp e pattern s 

and ar e instructe d t o classif y the m int o thre e categories .  W h e n the y mak e a n incorrec t 

classification ,  the y ar e give n feedbac k o n th e correc t  response .  I n th e testin g phase ,  th e 

feedbac k i s suppresse d an d th e pattern s tha t  mus t  b e classifie d ar e o f  a t  leas t  thre e kinds : 

distortion s o f  th e prototype s tha t  wer e show n durin g th e trainin g (OLD) ,  distortion s o f  th e 

prototype s tha t  wer e no t  show n durin g trainin g (NEW) ,  an d th e prototype s themselve s (PRO) . 

The dependen t  variable s o f  interes t  ar e the n th e percentage s o f  correc t  classification s o f  eac h 

kin d o f  pattern . 

W h en C C i s presente d wit h a  do t  pattern ,  i t  build s a s compac t  a  percep t  a s i t  can .  Th e outpu t 

of  th e perceptio n proces s i s the n nchunks .  a  measur e o f  ho w familia r  th e stimulu s i s perceive d t o 

be.  W h e n it s tas k i s t o classify ,  C C keep s multipl e separat e set s o f  chunks ,  on e pe r  category . 

Then ,  whe n a  patter n i s presented ,  C C ca n comput e multipl e value s o f  nchunks ,  on e pe r  chun k 

set ,  an d selec t  th e categor y tha t  i s  associate d wit h th e se t  o f  chunk s tha t  yielde d th e smalles t 

valu e o f  nchunks .  th e mos t  familia r  percept .  I f  feedbac k o n th e correc t  classificatio n i s given ,  a s i n 

th e trainin g phase ,  the n i t  ca n b e use d t o guid e th e creatio n o f  ne w chunks .  Chunk s ar e create d 

onl y fro m th e percep t  associate d wit h th e correc t  category ,  an d th e ne w chunk s becom e par t  o f 

th e se t  o f  chunk s associate d wit h tha t  category .  Th e nex t  tim e tha t  a  patter n fro m tha t  categor y i s 

presented ,  C C ha s thu s increase d it s chanc e o f  buildin g a  compac t  percep t  wit h th e chunk s fro m 
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th e correc t  category . 

To m a k e th e selectio n o f  a  response ,  o n eac h trial ,  mor e dependen t  o n th e contex t  provide d 

by th e previou s trials ,  I  decide d t o transfor m th e value s o f  nchunk s int o relativ e familiarit y scores , 

or  f-scores .  Give n a  particula r  se t  o f  chunks ,  a n f-scor e i s simpl y th e rati o o f  th e averag e valu e o f 

nchunk s fo r  al l  previou s stimul i  t o th e valu e o f  nchunk s fo r  th e curren t  stimulus .  Therefor e th e 

smalle r  th e valu e o f  nchunk s fo r  th e curren t  stimulu s is ,  compare d t o it s averag e valu e fo r  previou s 

stimuli ,  th e large r  it s f-scor e is .  A n f-scor e tha t  i s  les s tha n 1  indicate s tha t  th e curren t  stimulu s 

appear s les s familia r  tha n previou s stimul i  hav e (o n average) .  A n f-scor e tha t  i s  large r  tha n 1 

indicate s th e converse .  Th e respons e selectio n rul e i s the n t o selec t  th e categor y tha t  i s 

associate d wit h th e se t  o f  chunk s tha t  yield s th e larges t  f-score . 

£>^perim9ntal Tgst <?f the Thegrv, 

To tes t  CC' s abilit y  t o classif y rando m do t  patterns ,  I  selecte d th e experimenta l  desig n o f 

Knap p an d Anderso n (1984) .  Ther e ar e 3  categories .  Durin g training ,  a  singl e distortio n o f 

categor y A' s prototyp e i s presente d 2 4 times ,  6  distortion s o f  categor y B' s prototyp e ar e 

presente d 4  time s each ,  an d 2 4 distortion s o f  categor y C' s prototyp e ar e presente d onc e each , 

fo r  a  tota l  o f  7 2 trainin g patterns ,  2 4 pe r  category .  Th e 3  prototype s ar e ger>erate d b y placin g 9 

dot s a t  rando m location s i n a  30 0 b y 30 0 array ,  an d th e distortion s ar e generate d b y movin g eac h 

dot  i n a  prototyp e exactl y 2 5 arra y unit s fro m it s origina l  location ,  i n a  randoml y chose n direction . 

(Thre e prototype s ar e randoml y generate d fo r  eac h subject. )  A t  test ,  O L D ,  N E W,  an d P R O 

pattern s ar e presente d fro m eac h category ,  8  pattern s representin g eac h o f  th e 9  possibl e 

combination s o f  patter n kin d an d category ,  yieldin g 7 2 testin g trials . 

Knap p an d Anderso n foun d (a )  tha t  th e correc t  classificatio n o f  O L D pattern s decrease d a s 

th e numbe r  o f  differen t  exemplar s see n durin g trainin g increased ,  (b )  tha t  th e correc t  classificatio n 

of  N E W an d P R O patterns ,  o n th e contrary ,  increase d wit h th e numbe r  o f  differen t  exemplar s 

see n durin g training ,  an d (c )  tha t  th e P R O pattern s wer e alway s mor e correctl y classifie d tha n th e 

N EW patterns . 

Ther e ar e thre e parameter s t o b e se t  i n C C :  th e deca y paramete r  d ,  th e competitio n 

parameter ,  £ ,  an d th e matc h parameter ,  m .  D u e t o th e hig h computationa l  cos t  o f  runnin g 

simulate d subjects ,  I  di d no t  tr y man y differen t  combination s o f  value s fo r  thes e parameters ,  but , 

rather ,  relie d o n pas t  experienc e wit h C C t o selec t  reasonabl e values .  Th e value s o f  £  an d d  tha t 

Servan-Schreibe r  an d Anderso n (i n press )  foun d appropriat e i n simulatin g th e acquisitio n o f  a n 

artificia l  gramma r  wer e . 5 an d .5 .  I  use d those .  Fo r  m ,  whic h i s a  n e w paramete r  fo r  C C ,  I  relie d o n 

Knap p an d Anderson' s (1984 )  experienc e wit h thei r  o w n theor y tha t  containe d a  do t  matchin g 

functio n ver y simila r  t o Equatio n (2) .  Thei r  experienc e point s t o a  valu e o f  m o f  abou t  .05 .  I  use d 

that .  T o reduc e th e computationa l  cos t  further ,  withou t  sacrificin g psychologica l  plausibility ,  C C 

was allowe d t o creat e n e w chunk s onl y o n thos e trainin g trial s w h e n i t  m a d e a n incorrec t 

classification .  O n testin g trials ,  th e chun k creatio n proces s w a s completel y turne d off ,  althoug h 

th e strengthenin g an d strengt h deca y processe s continue d t o operate .  Tim e w a s increase d b y 

on e uni t  wit h ever y trial . 
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Figur e 3  plot s th e averag e classificatio n performanc e o f  5 0 simulate d subjects .  Clearly ,  th e 

qualitativ e patter n o f  result s reporte d b y Knap p an d Anderso n (1984 )  i s reproduced .  A s th e 

number  o f  differen t  exemplar s o f  a  categor y see n durin g trainin g increases ,  th e classificatio n o f 

O LD pattem s suffers ,  whil e tha t  o f  N E W an d P R O pattern s i s enhanced .  A t  th e sam e time ,  th e 

P RO pattem s ar e alway s mor e easil y classifie d tha n th e N E W pattems . 

100 

number  o f  learne d exemplar s 

FIgur *  3 .  Percentage s o f  correc t  classification s o f  OLD,  NEW,  an d PR O pattern s i n eac h o f  th e thre e 

categorie s A  ( 1 learne d exemplar) ,  B  ( 6 learne d exemplars) ,  an d C  (2 4 learne d exemplars) .  Th e value s o f 

CC's parameter s £ ,  d ,  an d m ,  i n thi s experiment ,  wer e .5 ,  .5 ,  an d .0 5 respectively . 

Conclusion 

CC alread y offer s a  precis e an d comprehensiv e theor y o f  ho w subject s acquir e artificia l 

grammars ,  i n th e laboratory ,  throug h th e simpl e memorizatio n o f  exempla r  sentences .  Th e 

researc h I  repor t  her e i s CC' s firs t  fora y int o th e classi c proble m o f  abstractin g visua l  categorie s 

fro m exemplars .  Th e result s o f  a  limite d experimen t  ar e encouraging ,  an d cal l  fo r  mor e 

experimentatio n wit h th e theory .  Ther e i s als o independen t  evidenc e tha t  th e classificatio n o f  do t 

pattem s i s likel y a  fertil e groun d fo r  a  theor y o f  perceptio n an d learnin g base d o n chunl<ing .  Hock , 

Tromley ,  an d Polman n (1988 )  repor t  that ,  i n th e proces s o f  encodin g do t  patterns ,  peopl e ar e 

ver y sensitiv e t o configurationa l  cue s encode d int o wha t  the y cal l  "perceptua l  units "  Evidentl y a 

synony m fo r  "chunk" .  C C ha s th e potentia l  t o provid e a  unifie d explanatio n o f  ho w peopl e 

abstrac t  categor y information ,  throug h th e chunkin g o f  exemplars ,  i n bot h verba l  an d visua l 

domains . 
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