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Abstrac t 

It is a classic result in cognitive science that chess masters 
can recal l  briefl y presente d position s bette r  tha n weake r 
player s whe n thes e position s ar e meaningful ,  bu t  tha t  thei r 
superiorit y disappear s wit h rando m positions .  However , 
Gobet  an d Simo n (1996a )  hav e recentl y show n tha t  ther e i s 
a skil l  effec t  wit h rando m ches s position s a s well .  Th e im -
pact  o f  thi s resul t  fo r  theorie s o f  exper t  memor y i s  dis -
cussed .  C H R E S T,  a  computational ,  chunkin g mode l  o f 
ches s expertis e base d o n E P A M (Feigenbau m &  Simon , 
1984 )  account s fo r  thi s skil l  difference .  Th e mode l  i s als o 
compare d wit h huma n dat a fro m a n experimen t  wher e th e 
rol e o f  presentatio n tim e fo r  rando m position s wa s sys -
tematicall y varie d fro m 1  secon d t o 6 0 seconds . 
Simulation s sho w tha t  th e mode l  capture s th e mai n feature s 
of  th e huma n data ,  thu s addin g suppor t  t o th e E P A M 
theory .  The y als o corroborat e eariie r  estimate s tha t  visua l 
short-ter m memor y ma y contai n thre e o r  fou r  chunks . 

Introduction 

E P AM (Elementar y Perceive r  A n d Memorizer )  i s a  cognitiv e 
architectur e first  develope d b y Feigenbau m an d Simo n i n th e 
earl y sixties .  A t  it s  cor e li e mechanism s fo r  encodin g 
chunk s int o long-ter m m e m o r y ( L T M )  throug h th e 
constructio n o f  a  discriminatio n ne t  an d mechanism s fo r 
handlin g informatio n i n short-ter m memor y (STM) .  E P A M 
was originall y buil t  t o provid e a  unifyin g theor y o f  verba l 
behavio r  (Feigenbau m &  Simon ,  1962 ,  1984) ,  wa s late r 
use d fo r  simulatin g ches s m e m o r y (Simo n &  Gilmarti n 
1973) ,  an d ha s recentl y bee n applie d t o lette r  perceptio n an d 

exper t  digit-spa n m e m o r y (Richma n &  Simon ,  1989 ; 
Richman ,  Staszewsk i  &  Simo n 1995) .  Althoug h no t  ye t  a s 
influentia l  a s Soa r  (Newell ,  1990 )  o r  A C T - R (Anderson , 
1993) ,  E P A M remain s attractiv e a s a  parsimonious ,  chunk -
base d explanatio n fo r  perceptua l  an d memor y phenomena . 
As adde d value ,  E P A M addresse s phenomen a tha t  ar e no t  ye t 
accounte d fo r  b y Soa r  an d A C T - R an d ma y offe r  a  usefu l  ex -
tensio n o f  thes e theories . 

I n thi s paper ,  I  focu s o n ches s memor y an d us e C H R E ST 
(fo r  Chun k Hierarch y an d REtrieva l  STructure ;  se e D e Groo t 
& Gobet ,  1996 ,  and ,  Gobet ,  1993a ,  b ,  fo r  earlie r  account s o f 
th e model) ,  a n expansio n o f  Simo n an d Gilmartin' s (1973 ) 
M A PP program ,  itsel f  a  progra m inspire d b y E P A M.  Afte r 
discussin g th e advantage s o f  ches s a s a  researc h domain ,  I 
presen t  som e dat a fro m ches s memor y experiments ,  wit h a 
specia l  emphasi s o n th e recal l  o f  rando m positions .  Thes e 
dat a ar e use d t o compar e som e leadin g theorie s i n th e field  o f 
expertise .  I  the n describ e C H R E ST i n som e detai l  an d com -

par e it s behavio r  wit h tha t  o f  human s i n experiment s wher e 
rando m position s ar e presente d fo r  duration s betwee n on e an d 
sixt y seconds .  Finally ,  I  discus s t o wha t  exten t  th e E P A M 
architectur e ca n b e use d wit h visuo-spatia l  tasks . 

Chess as a Research Domain 

Historically ,  ches s ha s bee n a n importan t  researc h domai n i n 
cognitiv e science .  Severa l  concept s an d technique s i n th e 
fiel d com e directl y fro m thi s domain ,  suc h a s progressiv e 
deepening ,  protoco l  analysi s a s a  too l  fo r  studyin g proble m 
solvin g behavior ,  an d D e Groot' s recal l  paradigm ,  whic h 
consist s o f  a  brie f  presentatio n o f  domain-specifi c  materia l 
followe d b y a  recal l  test .  A s a  consequence ,  ches s i s ofte n 
describe d a s a  ke y domai n i n researc h o n expertise ,  a n 
increasingl y influentia l  subfiel d o f  cognitiv e scienc e 
(Charness ,  1992 ;  Ericsso n &  Lehmann ,  1996) . 

H ow ca n w e explai n thi s popularity ? A s argue d elsewher e 
(Gobet ,  1993b) ,  severa l  factor s spea k i n favo r  o f  chess .  T o 
begi n with ,  ches s i s a  comple x an d challengin g domain , 
while ,  a t  th e sam e time ,  allowin g a  clea n forma l  descriptio n 
tha t  make s i t  relativel y eas y t o develo p mathematica l  an d 
computationa l  models .  I n addition ,  ches s ha s goo d ecologi -
cal  validit y (Neisser ,  1976) ,  allowin g on e t o stud y expert s i n 
thei r  usua l  environment .  A s a  consequence ,  man y exper -
imenta l  manipulation s ar e possibl e whic h ar e stil l  clos e 
enoug h t o th e "rea l  thing "  t o ensur e tha t  ches s player s ar e 
highl y motivated .  Moreover ,  th e El o rating '  (Elo ,  1978 )  of -
fer s a  quantitativ e scal e o f  measuremen t  widel y use d i n th e 
ches s communit y tha t  provide s th e researche r  wit h a  fine-
graine d classification .  Thi s make s i t  possibl e bot h t o us e 
statistica l  technique s lik e regressio n analysi s an d t o mean -
ingfull y compar e sample s fro m differen t  studies .  Jus t  thin k 
of  domain s suc h a s medica l  o r  physic s expertise ,  wher e par -
ticipant s ar e typicall y classifie d int o thre e group s (novices , 
intermediates ,  an d experts) ,  whic h ar e har d t o compar e fro m 
one stud y t o another ,  an d yo u wil l  readil y realiz e th e advan -
tag e offere d b y ches s an d it s ratin g system .  Finally ,  ches s i s 
a natura l  domai n t o conside r  fo r  developin g a  computationa l 

The El o ratin g scal e i s a n interva l  scal e rankin g competitiv e 
ches s players ,  wit h a  standar d deviatio n o f  200 .  Skil l  level s 
hav e standar d names ,  whic h ar e use d consistentl y i n thi s pape r 
(i n parentheses ,  th e correspondin g rang e i n El o points) : 
grandmaste r  (abov e 2500) ,  internationa l  maste r  (2400-2500) , 
maste r  (2200-2400) ,  exper t  (2000-2200) ,  clas s A  player s 
(1800-2000) ,  clas s B  player s (1600-1800) ,  an d s o on . 
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model  o f  cognition ,  becaus e a  larg e bod y o f  empirica l  dat a 
on ches s expertis e alread y exist s (se e Holding ,  1985 ,  o r 
Gobet ,  1993b ,  fo r  reviews) . 

A Short History of Random Positions 

M u ch o f  wha t  i s know n abou t  ches s expertis e goe s bac k t o 
De Groot' s semina l  wor k (1946/1978) .  On e o f  D e Groot' s 
importan t  finding s wa s tha t  ther e ar e clea r  difference s i n a 
memory tas k consistin g i n th e brie f  presentatio n o f  a 
positio n take n fro m a  tournamen t  game .  Typically ,  player s 
at  an d abov e maste r  leve l  recal l  th e entir e positio n almos t 
perfectly ,  whil e weake r  player s ar e overwhelme d b y th e tas k 
(se e Figur e 2  below) .  A  natura l  extensio n o f  D e Groot' s 
wor k wa s t o as k chessplayer s t o recal l  meaningles s 
position s (se e Figur e 1  fo r  example s o f  gam e an d rando m 
position) .  Thi s wa s firs t  carrie d ou t  i n 196 4 i n Amsterda m 
by D e Groo t  an d hi s students ,  w h o foun d tha t  player s o f  al l 
skil l  level s wer e identicall y poo r  a t  recallin g meaningles s 
positions .  Interestingly ,  the y considere d thi s resul t  s o 
obviou s an d trivia l  tha t  i t  di d no t  deserv e publicatio n 
(Vicent e &  D e Groot ,  1990) .  I t  wa s onl y i n 197 3 tha t  a 
replicatio n wa s carrie d ou t  (an d published )  b y Chas e an d 
Simon ,  w h o extende d th e Amste rda m wor k bot h 
experimentally ,  b y addin g a  cop y tas k t o th e memor y task , 
and theoretically ,  b y developpin g wha t  i s commonl y know n 
as th e "chunkin g theory "  (Chas e &  Simon ,  1973 ;  Simo n & 
Chase ,  1973) . 

Figur e 1 :  Type s o f  position s typicall y use d i n ches s researc h 
on memory .  O n th e left ,  a  gam e positio n take n fro m a  tour -
nament  game .  O n th e right ,  a  rando m positio n obtaine d b y 

shufflin g th e piec e location s o f  a  gam e position . 

The use of meaningless material had two functions. First, 
it  serve d a s a  contro l  conditio n fo r  rulin g ou t  th e possibilit y 
tha t  ches s master s wer e performin g bette r  jus t  becaus e o f 
superio r  menta l  abilities .  Second ,  i t  addresse d on e o f  th e 
challenge s o f  cognitiv e science ,  whic h is ,  t o pu t  i t  simply , 
t o teas e apar t  architectura l  component s (th e "hardware" )  fro m 
knowledg e component s (th e "software") .  Th e ide a i s that , 
becaus e knowledg e structure s ar e o f  littl e us e i n th e cas e o f 
rando m positions ,  thi s typ e o f  materia l  offer s a  baselin e 
conditio n wit h whic h knowledge-ric h stimul i  m a y b e 
compared .  A s i s clea r  fro m researc h i n neuropsycholog y an d 
i n developmenta l  psychology ,  thi s approac h contain s man y 
pitfalls ,  includin g th e fac t  tha t  th e hardware/softwar e 
dichotom y ma y represen t  quit e a  simplificatio n an d m a y 
collaps e severa l  level s o f  processing . 

Lik e th e unpublishe d dat a collecte d b y D e Groo t  an d hi s 
colleagues ,  th e dat a obtaine d b y Chas e an d Simo n wit h ran -
d o m position s wer e reassuring :  ther e wa s n o differenc e i n re -
cal l  betwee n thei r  thre e subjects ,  a  master ,  a  clas s A  player , 
and a  novice .  Take n togethe r  wit h grandmasters '  an d mas -
ters '  massiv e recal l  superiorit y wit h g a m e position s ove r 
weake r  players ,  th e unifor m poo r  recal l  wit h rando m posi -
tion s wa s suc h a  vivi d illustratio n o f  th e principl e tha t 
knowledg e i s th e ke y t o expertis e tha t  i t  ha s becom e a  clas -
si c finding,  widel y cite d i n textbook s o f  cognitiv e psychol -
ogy an d i n paper s o n expertise .  Ther e i s n o doub t  tha t  th e 
rando m positio n experimen t  contribute d t o makin g Chas e 
and Simon' s paper s "classics "  i n th e field  (Charness ,  1992) . 

As usual ,  thing s ar e mor e complicate d tha n th e textboo k 
account .  W h e n Her b S imo n an d I  wer e workin g o n 
C H R E S T,  a  re-implementatio n an d extensio n o f  M A P P 
(Simo n &  Gilmarti n 1973) ,  a  progra m aime d a t  simulatin g 
ches s memory ,  i t  occurre d t o u s tha t  th e mode l  wa s makin g 
prediction s abou t  th e recal l  o f  rando m position s tha t  wer e a t 
varianc e wit h th e classica l  no-skill-differenc e result .  A s wil l 
be describe d late r  i n mor e detail ,  C H R E ST construct s a  dis -
criminatio n ne t  o f  chunk s b y scannin g position s fro m a 
databas e o f  maste r  game s an d identifyin g pattern s o f  piece s 
i n thes e positions .  A s expected ,  th e mode l  wa s gettin g bet -
te r  an d bette r  a t  rememberin g gam e position s a s th e numbe r 
and th e averag e siz e o f  it s  chunk s increased .  However ,  th e 
model  wa s als o showin g a  small ,  bu t  robus t  increas e i n re -
cal l  wit h rando m positions .  Thi s wa s a  matte r  o f  seriou s 
concern ,  fo r  i t  wa s clea r  tha t  th e simulation s wer e correc t 
and tha t  th e skil l  difference s i n recal l  wer e du e t o a  simpl e 
mechanism :  jus t  b y chance ,  i t  i s  mor e likel y fo r  a  larg e dis -
criminatio n ne t  tha n fo r  a  smal l  on e tha t  chunk s coul d b e 
foun d i n rando m positions .  W e therefor e decide d t o d o a  sys -
temati c revie w o f  experiment s usin g rando m positions . 
Altogether ,  w e foun d 1 3 studie s (Gobe t  &  Simon ,  1996a) . 
I n 1 2 o f  them ,  master s di d maintai n som e advantage ,  eve n i f 
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Figure 2: Mean number (averaged over 13 studies) of pieces 
place d correctl y a s a  functio n o f  positio n typ e (gam e o r  ran -

d o m)  an d skil l  level .  Position s ha d 2 5 piece s o n average ,  an d 
th e presentatio n tim e wa s <  1 0 s .  Erro r  bar s indicat e standar d 

error s o f  th e means .  Afte r  Gobe t  an d Simon ,  1996a . 
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i t  wa s les s impressiv e tha n wit h gam e positions .  Th e onl y 

exceptio n wa s Chas e an d Simon' s (1973 )  study ,  wher e th e 
maste r  actuall y di d wors e tha n th e novice !  Whil e th e skil l 
difference s wer e no t  significan t  i n mos t  studie s becaus e o f 
lac k o f  statistica l  power ,  i t  becam e clea r  tha t  th e effec t  wa s 
genuin e whe n th e variou s studie s wer e poole d togethe r  (se e 
Figur e 2) . 

Random Positions as a Litmus Test for 
Theorie s o f  Exper t  M e m o r y 

Our  firs t  reactio n wa s t o conclud e tha t  rando m position s d o 
not  offe r  th e kin d o f  contro l  stimul i  hope d for .  Thi s i s cer -
tainl y a n annoyanc e fo r  th e field,  bu t  no t  a s ba d a s migh t  b e 
feared ,  a s independen t  evidenc e show s tha t  ther e i s n o corre -
latio n betwee n ches s skil l  an d genera l  cognitiv e abilities , 
includin g visua l  memor y fo r  non-domain-specifi c  materia l 
(Gobe t  &  Simon ,  1996a ;  Holding ,  1985) .  Ou r  secon d reac -
tio n wa s t o realiz e tha t  rando m position s offe r  a  powerfu l 
way o f  teasin g apar t  curren t  theorie s o f  ches s expertise .  A 
compariso n o f  fou r  theorie s o f  ches s skil l  (Gobet ,  i n press) , 
shows tha t  tw o o f  them ,  th e chunkin g theor y (Chas e & 
Simon ,  1973) ,  an d th e templat e theor y (Gobe t  &  Simon , 
1996b) ,  a n extensio n o f  th e chunkin g theory ,  predic t  mas -
ters '  superiorit y wit h rando m positions .  I t  als o show s tha t 
tw o othe r  approaches ,  th e long-ter m workin g memor y the -
or y (Ericsso n &  Kintsch ,  1995 )  an d Holding' s (1985 )  S E E K 
theor y d o no t  accoun t  fo r  th e result ,  th e forme r  becaus e i t 
overestimate s recal l  performanc e wit h rando m positions ,  an d 
th e latter ,  whic h emphasize s th e rol e o f  high-level ,  con -
cepmal  knowledge ,  becaus e i t  underestimate s performance . 

As mentione d above ,  th e chunkin g theor y propose s tha t 
expertis e i n a  domai n develop s b y th e creatio n o f  a  discrimi -
natio n net ,  throug h whic h stimul i  ca n b e rapidl y recognized . 
Wit h learning ,  individua l  feature s o r  part s o f  stimul i  ar e 
chunked ,  whic h allow s a  mor e efficien t  storag e o f  th e in -
formatio n i n short-ter m memor y (STM) .  N o w an d then , 
master s adventitiousl y recogniz e chunk s i n rando m posi -
tions ,  whic h explain s thei r  superiorit y wit h thi s typ e o f  ma -
terial .  Th e templat e theor y add s t o thi s vie w th e ide a tha t 
chunk s tha t  recu r  ofte n i n th e domai n o f  expertis e develo p 
int o large r  an d mor e comple x structure s (templates) ,  whic h 
hav e slot s tha t  allo w value s o f  variable s t o b e store d rapidly . 
Template s ar e relate d t o retrieva l  structures ,  whic h pla y a n 
importan t  rol e i n th e skille d memor y theor y (Chas e & 
Ericsson ,  1982 )  an d i n it s extension ,  th e long-ter m workin g 
memory theor y (Ericsso n &  Kintsch ,  1995) .  Th e differenc e 
i s tha t  th e latte r  theorie s propos e a  general ,  multi-purpos e 
retrieva l  structure ,  whil e th e templat e theor y propose s sev -
eral ,  specifi c  structure s tha t  ma y b e use d onl y afte r  the y 
hav e bee n accesse d b y recognitio n processes .  Sinc e tem -
plate s contai n larg e chunks ,  thei r  acces s condition s ar e un -
likel y t o b e me t  i n rando m positions .  O n th e othe r  hand ,  th e 
retrieva l  structur e propose d b y Ericsso n an d Kintsc h ca n b e 
use d eve n wit h rando m positions ;  henc e thei r  incorrec t 
prediction s tha t  master s ca n stor e informatio n fro m rando m 
position s rapidly . 

The skil l  differenc e i n recallin g rando m position s indicate s 
tha t  thi s materia l  doe s no t  ta p hardwar e variable s alone . 
However ,  becaus e th e amoun t  o f  knowledg e use d i s low , 
thi s materia l  stil l  offer s a  reasonabl e solutio n fo r  reachin g 

tentativ e conclusion s abou t  th e hardwar e o f  th e cognitiv e 
syste m and ,  therefore ,  fo r  testin g som e o f  th e syste m con -
stant s propose d i n th e E P A M theor y (Feigenbau m & 
Simon ,  1984) ,  fro m whic h bot h th e chunkin g an d templat e 
theorie s stem .  Th e templat e theor y ha s bee n implemente d i n 
th e lates t  versio n o f  C H R E S T.  Simulation s sho w tha t 
template s ar e almos t  neve r  accesse d wit h rando m positions , 
becaus e th e condition s o f  thei r  evocatio n ar e no t  met . 
Withou t  templates ,  th e curren t  implementatio n i s  clos e 
enoug h t o th e specification s o f  th e chunkin g theor y t o allo w 

us t o stud y th e templat e an d chunkin g theorie s together . 

Description of CHREST 

The mode l  consist s o f  th e followin g components :  recogni -
tio n LTM ,  semanti c LTM ,  an d STM.  ST M i s mad e o f  2- 5 
visua l  chunk s (simulation s presente d late r  wil l  explor e th e 
effec t  o f  varyin g S T M size) .  S T M i s a  queue ,  wit h th e ex -
ceptio n o f  th e larges t  chun k me t  a t  an y poin t  i n tim e (th e 
"hypothesis") ,  whic h i s kep t  i n S T M unti l  a  large r  chun k i s 

met .  Figur e 3  present s a n overvie w o f  th e model . 

iscdminatlo n 

^ 

' *  dlKTlmlMdo n 
nat 

/iCnjhc.dir^rtll^ j  S e m a n t i c 

Figur e 3 :  Overvie w o f  C H R E ST (#C h stand s fo r  Chunk) . 

Attention is modeled by eye movements (see Chapter 8 of 
De Groo t  &  Gobet ,  1996 ,  fo r  mor e abou t  mechanism s di -
rectin g ey e movements) .  Fo r  eac h ne w fixation,  th e mode l 
sort s th e piece s foun d i n th e visua l  spac e throug h th e dis -
criminatio n net .  (Th e visua l  spac e i s define d a s th e square s 
locate d a t  mos t  tw o square s awa y fro m th e fixation  point. ) 
Learnin g ne w chunk s essentiall y  occur s i n th e sam e wa y a s 
i n th e E P A M model ,  wit h th e qualificatio n tha t  onl y on e 
typ e o f  (implicit )  tes t  i s  carrie d ou t  i n C H R E S T:  "Wha t  i s 
th e nex t  ite m i n th e visua l  space?" ,  whil e E P A M allow s fo r 
testin g variou s feature s o f  objects .  Th e uniformit y o f  test s 
has bee n adopte d i n orde r  t o gro w larg e nets ;  i t  i s assume d 
tha t  othe r  test s i n additio n t o th e locatio n o f  piece s ar e car -
rie d ou t  b y huma n players ,  suc h a s test s dealin g wit h 
threats ,  plans ,  an d othe r  concepts . 

The ne t  i s grow n b y tw o learnin g mechanisms,/ami/jar -
izatio n an d discrimination .  W h e n a  ne w objec t  i s presente d 
t o th e model ,  i t  i s  sorte d throug h th e discriminatio n net . 
W h en a  nod e i s reached ,  th e objec t  i s compare d wit h th e im -
age o f  th e node ,  whic h i s th e interna l  representatio n o f  th e 
object .  I f  th e imag e under-represent s th e object ,  ne w feature s 
ar e adde d t o th e imag e (familiarization) .  I f  th e informatio n i n 
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th e imag e an d th e objec t  diffe r  o n s o m e featur e o r  s o m e sub -
element ,  a  n e w nod e i s create d (discrimination) . 

T w o othe r  learnin g mechan i sm s (on e fo r  creatin g tem -
plate s an d th e othe r  fo r  creatin g link s betwee n nodes )  wil l 
not  b e describe d here ,  sinc e thes e feature s o f  th e progra m ar e 
almos t  neve r  relevan t  wit h rando m positions . 

Role of Presentation Time: Human Data 

I n orde r  t o tes t  th e plausibilit y  o f  th e parameter s use d i n 
CHREST,  Gobe t  an d Simo n (1995 )  collecte d dat a fro m ran -
dom an d gam e position s wher e th e presentatio n tim e wa s 
systematicall y varie d fro m 1  s  t o 6 0 s .  Dat a ar e base d o n 2 0 
subjects :  5  gran d o r  internationa l  master s (mea n Elo=2498) , 
8 expert s (mea n E lo=212 I ) ,  an d 7  clas s A  player s (mea n 
Elo=1879) .  Position s fo r  th e r ando m conditio n wer e create d 
by randoml y placin g piece s fro m a  g a m e positio n o n th e 
chessboard ,  an d wer e presente d t o subject s o n a  compute r 
screen .  Fo r  th e r ando m condition ,  i n whic h w e ar e intereste d 
here ,  on e positio n w a s presente d fo r  eac h o f  th e followin g 
times :  1 ,  2 ,  3 ,  4 ,  5 ,  10 ,  20 ,  30 ,  an d 6 0 s .  T h e result s ar e 
give n i n Figure s 4  t o 6  (thic k lines) . 

Simulations 

Learnin g Plias e 

Thre e nets ,  havin g 1,000 ,  10,000 ,  an d 100,00 0 node s 
(referre d t o belo w as ,  respectively ,  Ik ,  10 k an d 100 k nets ) 
were create d b y lettin g th e progra m sca n a  databas e o f  sev -
era l  thousan d positions .  Th e size s o f  th e thre e net s wer e 
chose n i n orde r  t o hav e net s o f  thre e differen t  order s o f 
magnitude .  Th e matchin g betwee n th e thre e net s an d level s 
of  expertis e (clas s A  players ,  experts ,  an d master s 
respectively )  wa s rathe r  loos e an d base d o n earlie r 
simulations .  Fo r  eas e o f  exposition ,  I  wil l  directl y compar e 
thes e Ik ,  I  Ok ,  an d 100 k program s wit h clas s A ,  experts ,  an d 
masters ,  respectively .  Th e reade r  should ,  however ,  kee p i n 
mind tha t  thi s  i s onl y a n approximation . 

Performance Phase 

Twent y rando m position s wer e presente d fo r  eac h o f  th e pre -
sentatio n times .  Fo r  eac h position ,  C H R E ST move d it s 
simulate d eye s aroun d th e board ,  storin g recognize d chunk s 
int o STM,  and ,  whe n applicable ,  usin g th e followin g learn -
in g mechanisms .  First ,  a s describe d before ,  C H R E ST 
chunk s tw o chunk s togethe r  (tha t  is ,  add s a  chun k a s a  tes t 
t o anothe r  chunk) .  I t  take s 8  second s t o carr y ou t  thi s dis -
criminatio n operation ,  a s i n th e E P A M theor y (se e Simon , 
1976,  fo r  a  discussio n o f  thi s parameter) .  Typically ,  a  ne w 
tes t  i s  adde d t o th e hypothesis .  Second ,  chunk s tha t  hav e 
been i n S T M fo r  a t  leas t  4  second s ar e "flagged, "  whic h 
means tha t  episodi c cue s tha t  permi t  th e acces s t o thi s nod e 
ar e adde d t o th e discriminatio n net .  Flaggin g i s a  typ e o f  fa -
miliarization .  Littl e i s sai d i n th e E P A M theor y abou t  th e 
tim e neede d t o familiariz e a  node ,  excep t  tha t  thi s operatio n 
i s faste r  tha n discrimination .  Thi s valu e ha s arbitraril y  bee n 
set  t o 4  s  i n C H R E S T.  Flagge d node s ca n b e recalle d durin g 
th e reconstructio n phas e eve n i f  the y ar e n o longe r  i n S T M . 
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Figur e 4 :  Percentag e correc t  a s a  functio n o f  presentatio n 
time .  Thic k line s represen t  h u m a n data .  Dotte d line s 

represen t  C H R E S T simulation s wit h I k node s (uppe r 
panel) ,  10 k node s (middl e panel) ,  an d 100 k node s (lowe r 

panel )  wit h S T M span s rangin g fro m 2  t o 5 . 

The following parameters were used during the simula-
tion s (se e D e Groo t  &  Gobet ,  1996 ,  fo r  th e parameter s re -
late d t o ey e movements ) : 

• time to create a chunk in LTM 8 s 
•  tim e t o fla g a  nod e 4  s 
•  tim e t o plac e a  symbo l  int o S T M 5 0 m s 
•  tim e t o compar e tw o symbol s 5 0 m s 
•  tim e t o carr y ou t  a  tes t  i n th e ne t  1 0 m s 

The three versions of the program were used with 4 differ-
ent  S T M capacit y parameter s (fro m 2  t o 5  slots) . 
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Figur e 6 :  Siz e o f  th e larges t  chun k a s a  functio n o f  pre -
sentatio n time.  Thic k line s represen t  huma n data .  Dotte d 

line s represen t  C H R E ST simulation s wit h I k node s (uppe r 
panel) ,  10 k node s (middl e panel) ,  an d 100 k node s (lowe r 

panel )  wit h S T M span s fro m 2  t o 5 . 

Recal l  o f  R a n d o m Position s a s a  Functio n o f  Skil l 

When presentatio n time s equa l  o r  les s tha n 1 0 second s ar e 
pooled ,  Gobe t  an d Simon' s (1995 )  recal l  percentage s (Clas s 
A:  11.7% ,  experts :  17.0% ,  masters :  23.7% )  sho w th e sam e 
patter n illustrate d i n Figur e 2 .  Ru n o n th e position s use d b y 
Gobet  an d Simo n (1995) ,  C H R E ST simulate s th e skil l  ef -
fec t  wit h rando m positions ,  thoug h th e percentag e o f  recal l 
i s somewha t  les s tha n wit h humans .  Wit h a  S T M spa n o f  4 
slots ,  th e Ik ,  10 k an d 100 k net s obtaine d performanc e o f 
10.5% ,  15.6% ,  an d 20.3% ,  respectively . 

Role of Presentation Time 

Percentag e Correc t  Th e result s o n percentag e correc t  ar e 

illustrate d i n Figur e 4 .  Large r  span s allo w bette r  recall , 
thoug h th e effec t  i s no t  a s larg e a s on e migh t  hav e expected . 
Thi s i s du e t o th e fac t  tha t  chunk s store d i n S T M o r  LT M 
overlap ,  and ,  a s a  consequence ,  additiona l  chunk s brin g les s 
and les s ne w information .  Th e mode l  matche s th e huma n 
dat a wel l  fo r  th e thre e skil l  levels .  Th e clas s A  an d exper t 
program s ar e slightl y belo w huma n performanc e wit h on e 
and tw o seconds .  I t  i s possibl e tha t  human s perceiv e config -
uration s accordin g t o Gestal t  rule s tha t  ar e no t  capture d b y 
th e wa y chunk s ar e store d i n th e program .  Additiona l  tim e 
allow s mor e chunk s t o b e foun d an d compensate s fo r  this . 

Number of Chunks With humans, chunks are defmed 
as sequence s o f  piece s havin g latencie s o f  les s tha n 2  sec -
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onds betwee n successiv e pieces .  Piece s place d individuall y 
ar e no t  counte d a s chunks ,  a s the y ar e ofte n du e mor e t o 
guessin g tha n t o memory .  (Th e numbe r  o f  chunk s fo r  hu -
mans i s thu s slightl y underestimated. )  A s fo r  CHREST,  i t 
sequentiall y  replace s th e piece s containe d i n th e node s hel d 
i n ST M o r  accessibl e fro m L T M throug h episodi c cues . 
Such node s ar e counte d a s chunk s onl y i f  the y contai n a t 
leas t  on e piec e no t  alread y replaced .  Obviously ,  th e numbe r 
of  chunk s store d increase s wit h S T M span .  Overall ,  th e 
program s wit h a  smal l  S T M spa n obtai n a  numbe r  o f 
chunk s simila r  t o tha t  o f  huma n player s (Figur e 5) . 

Size of the Largest Chunk In general, the largest 
chun k outpu t  b y th e progra m i s slightl y smalle r  tha n huma n 
players '  (Figur e 6) ,  thoug h th e fi t  get s bette r  wit h th e 
maste r  version .  Th e correlatio n betwee n S T M spa n an d siz e 
of  th e larges t  chun k i s rathe r  lo w (0.20 ,  0.27 ,  0.03 ,  fo r  th e 
Ik ,  10k ,  an d 100 k version s o f  th e program) . 

Conclusion 

I n summary ,  th e simulation s sho w tha t  CHREST,  usin g 
severa l  parameter s fro m th e E P A M theory ,  successfull y ac -
count s fo r  th e rol e o f  presentatio n tim e i n th e recal l  o f  ran -
dom ches s positions .  Give n tha t  mos t  o f  th e E P A M appli -
cation s wer e don e wit h verba l  materia l  (se e Feigenbau m & 
Simon ,  1984) ,  i t  wa s importan t  t o sho w tha t  E P A M pa -
rameter s ar e plausibl e wit h visuo-spatia l  materia l  a s well . 

Thre e set s o f  mechanism s wer e crucia l  fo r  th e succes s o f 
th e simulations :  (a )  mechanism s allowin g chunk s t o b e 
rapidl y recognize d an d sorte d b y th e discriminatio n net ;  (b ) 
mechanism s allowin g chunk s t o b e create d o r  tagge d whe n 
th e presentatio n tim e i s sufficientl y long ;  an d (c ) 
mechanism s directin g th e attentio n o f  th e program .  Finally , 
th e result s ar e consisten t  wit h th e estimat e tha t  visuo-spatia l 
STM contain s 3  o r  4  chunk s (Zhan g &  Simon ,  1985) . 

I n spit e o f  it s checkere d history ,  th e techniqu e o f  usin g 
rando m ches s position s ha s provide d a  powerfu l  too l  fo r  test -
in g theorie s o f  ches s memory .  I t  remain s t o b e see n whethe r 
simila r  technique s ca n sho w suc h a  discriminativ e powe r  i n 
othe r  domain s o f  expertis e a s well . 
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