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Abst rac t 

Constan t  interactio n wit h a  dynami c environmen t  — 
from  ridin g a  bicycl e t o segmentin g speec h — make s 
sensitivit y t o th e sequentia l  structur e o f  th e worl d a 
crucia l  dimensio n o f  th e cognitiv e system .  Account s o f 
sequenc e learnin g var y widely ,  wit h som e author s 
arguin g tha t  parsin g an d segmentatio n processe s ar e 
central ,  an d other s defendin g th e notio n tha t  sequenc e 
learnin g involve s mer e memorization .  I n thi s paper ,  w e 
argu e tha t  sequenc e knowledg e i s  essentiall y  statistica l 
i n natur e an d tha t  sequenc e learnin g involve s simpl e 
associativ e predictio n mechanisms .  W e focu s o n a  choic e 
reactio n situatio n introduce d b y Le e (1997) ,  i n whic h 
participant s wer e expose d t o materia l  tha t  follow s a n 
extremel y simpl e rule ,  namel y tha t  stimul i  ar e selecte d 
randoml y bu t  neve r  appea r  mor e tha n onc e i n a  lega l 
sequence .  Perhap s surprisingly ,  peopl e ca n lear n thi s rul e 
ver y well .  O r  d o they ? W e offe r  a  conceptua l  replicatio n 
of  th e origina l  finding,  bu t  a  ver y differen t  interpretatio n 
of  th e results ,  a s wel l  a s simulatio n wor k tha t  make s i t 
clea r  ho w highl y abstrac t  dimension s o f  th e stimulu s 
materia l  ca n i n fac t  b e learne d base d o n elementar y 
associativ e mechanisms . 

Introduction 

Sequenc e learnin g i s a  fundamenta l  proces s involve d i n th e 
m a ny differen t  cognitiv e skill s  require d fo r  successfu l 
interactio n wit h a n intensel y dynami c environment . 
A m o ng thos e skills ,  languag e i s  probabl y th e mos t 
complex ,  an d th e rol e tha t  elementar y associativ e sequenc e 
learnin g processe s m a y pla y i n it s  developmen t  hav e 
recentl y begu n t o b e explore d anew .  Fo r  instance ,  Saf&a n 
et  al .  (Saffran ,  J.R. ,  Newport ,  E.L. ,  Aslin ,  R.N. ,  Tunick , 
R.A. ,  &  Barrueco ,  S. ,  1997 )  recentl y showe d h o w 
incidenta l  exposur e t o artificia l  language-lik e auditor y 
materia l  (e.g. ,  bupadapatubitutibu... )  w a s sufficien t  t o 
enabl e participant s t o segmen t  th e continuou s sequenc e o f 
sound s the y ha d hear d int o th e artificia l  word s (e.g. , 
bupada ,  patubi ,  etc. )  tha t  i t  consiste d of ,  a s evidaice d b y 
thei r  performanc e i n a  subsequen t  recognitio n test .  Base d 
on thes e data ,  Saf&a n e t  al .  (1997 )  suggeste d tha t  wor d 
segmentatio n abilitie s develo p base d o n mechanism s tha t 
exploi t  th e statistica l  regularitie s presen t  i n sequence s o f 
events ,  suc h a s fo r  instanc e th e fac t  tha t  th e transitiona l 
probabilitie s o f  successiv e syllable s ar e highe r  withi n 
word s tha n betwee n words .  Interestingly ,  Safl&a n e t  al . 

(1997 )  roote d thei r  interpretatio n o f  thei r  fmding s i n th e 
apparend y remot e literatur e dedicate d t o implici t  learning . 
TTi e connectio n i s obviou s a s soo n a s on e recognize s tha t 
languag e acquisition ,  lik e implici t  learnin g (se e Berr y & 
Dienes ,  1993 ;  Cleeremans ,  199 3 fo r  reviews) ,  i s  likel y t o 
involve ,  a t  leas t  i n part ,  incidenta l  learnin g o f  comple x 
informatio n organize d a t  differen t  levels .  I n particular , 
researc h o n sequenc e learnin g has ,  ove r  th e pas t  decad e o r 
so provide d a  stead y strea m o f  relevan t  evidenc e suggestin g 
tha t  participant s exhibi t  detaile d sensitivit y t o th e 
sequentia l  structur e throug h difference s i n thei r  reactio n 
tim e t o stimul i  tha t  ar e o r  ar e no t  predictabl e base d o n th e 
tempora l  context .  I n typica l  sequenc e learnin g situations , 
participant s ar e aske d t o reac t  t o eac h elemen t  o f 
sequentiall y  structure d an d typicall y visua l  sequence s o f 
event s (e.g. ,  Nisse n &  Bullemer ,  1987) .  Severa l  version s 
of  thi s basi c paradig m ca n b e distinguished .  I n rule-base d 
paradigms ,  sequence s eithe r  confor m o r  fai l  t o confor m t o 
an abstrac t  rul e tha t  describe s permissibl e transition s 
betwee n successiv e stimuli .  Rule-base d paradigm s ca n i n 
tur n involv e eithe r  deterministi c (e.g. ,  Lewicki ,  Hill ,  & 
Bizot ,  1988 )  o r  probabilisti c  rules ,  a s w h e n th e stimulu s 
materia l  i s  generate d base d o n th e outpu t  o f  finite-stat e 
grammar s (e.g. ,  Cleeremans ,  1993) .  B y contrast ,  i n th e 
mor e c o m m o n simpl e repeatin g sequenc e paradigm ,  a 
singl e sequenc e containin g fixe d regularitie s i s  rqjeate d 
m a ny time s t o produc e th e trainin g se t  (e.g. ,  Nisse n & 
Bullemer ,  1987) . 

A perennia l  questio n i n thi s contex t  i s  t o detennin e 
exactl y wha t  peopl e lear n abou t  w h e n expose d t o 
sequentiall y  structure d stimulu s material .  Perhap s 
unsurprisingly ,  i t  i s  ofte n th e cas e tha t  severa l  differen t 
accoimt s ar e partiall y o r  completel y consisten t  wit h th e 
data .  Conside r  fo r  instanc e a  sequenc e learnin g situatio n i n 
whic h th e stimulu s materia l  consist s o f  a  simpl e repeatin g 
sequenc e suc h a s " A B C D B A " .  W h e n expose d t o thi s 
materia l  i n th e contex t  o f  a  choic e reactio n situation , 
participant s coul d eithe r  (1 )  lear n somethin g abou t  th e 
generatio n rules ,  (2 )  memoriz e th e entir e sequence ,  (3 ) 
become sensitiv e t o th e frequency  o f  specifi c  repeatin g 
fragment s o f  th e sequence ,  (4 )  lear n somethin g abou t  th e 
conditiona l  probabilit y o f  occurrenc e o f  eac h elemen t  i n 
th e contex t  o f  th e previou s elements ,  (5 )  lear n abou t  othe r 
aspect s o f  th e materia l  suc h a s specifi c  m o v e m e n t  pattern s 
(e.g. ,  alternations ,  trills ,  o r  mor e abstrac t  patterns) . 
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Cleereman s an d Jimene z (1998 )  suggeste d tha t  thes e 
differen t  account s m a y i n fac t  ofte n tur n ou t  t o b e 

descriptivel y equivalent ,  an d conclude d tha t  th e cor e 
processe s involve d i n sequenc e learnin g ar e bes t  though t  o f 
as involvin g elementar y associativ e learnin g processe s tha t 

resul t  i n a  progressivel y developin g sensitivit y t o th e 
statistica l  constraint s containe d i n th e materia l  (se e als o 
Stadler ,  1992) .  Suc h processe s ar e wel l  instantiate d b y th e 

Simpl e Recurren t  Networ k (henceforth ,  S R N ;  se e Elman , 
1990 ;  Cleereman s &  McClelland ,  1991) ,  whic h w e 
describ e late r  i n thi s paper . 

I n thi s context ,  Le e (1997 )  describe d a n interestin g 
sequenc e learnin g situatio n which ,  a t  firs t  sight ,  seem s t o 
challeng e traditiona l  account s o f  sequenc e learning .  Indeed , 
th e stimulu s se t  use d b y Le e consiste d o f  a  rando m 
selectio n o f  th e 72 0 (6! )  sequence s o f  si x element s tha t  ar e 
consisten t  wit h th e followin g simpl e constraint :  Eac h o f 
si x differen t  element s ca n onl y appea r  onc e i n eac h six -
element s sequence .  Fo r  instance ,  th e sequence s "123456 " 
or  "236145 "  ar e bot h lega l  becaus e eac h stimulu s appear s 
onl y once .  Th e sequenc e "235451" ,  however ,  doe s no t 
follo w th e rul e becaus e elemen t  '5 '  appear s twic e an d 
elemen t  '6 '  i s  missing .  Thi s rul e thu s result s i n a 
probabilit y  gradien t  acros s th e si x position s withi n eac h 
sequence ,  suc h tha t  th e firs t  elemen t  o f  an y lega l  sequenc e 
i s alway s completel y unpredictable ,  an d suc h tha t  th e 
subsequen t  element s becom e increasingl y predictabl e base d 
on th e contex t  se t  b y th e previoxi s elements .  Th e fma l 
elemen t  o f  eac h lega l  sequenc e i s thu s alway s completel y 
predictabl e base d o n th e first  five  elements .  Lee' s materia l 
thu s contain s almos t  n o structur e bu t  fo r  th e singl e highl y 
abstrac t  structura l  propert y describe d b y th e generatio n 
rule .  Nevertheless ,  Le e showe d tha t  participant s traine d o n 
thi s materia l  ten d t o respon d faste r  t o stimul i  tha t  occu r  i n 
seria l  positio n 6  tha n t o stimul i  tha t  appea r  i n seria l 
positio n 1 ,  thereb y indicatin g tha t  the y ha d learne d 
somethin g abou t  th e structur e o f  th e material .  Le e als o 
suggeste d tha t  learnin g involve d a  combinatio n o f  implici t 
and explici t  learning ,  t o th e exten t  tha t  peopl e wer e unabl e 
t o projec t  thei r  knowledg e i n variou s direc t  test s (e.g. , 
recognitio n o r  prediction) ,  bu t  nevertheles s exhibite d bette r 
learnin g whe n informe d o f  th e natur e o f  th e rule . 

As Le e (1997 )  indicated ,  traditiona l  theorie s o f  sequenc e 
learnin g m a y hav e a  har d tim e accoimtin g fo r  th e data . 
Indeed ,  theorie s tha t  rel y o n th e notio n tha t  peopl e 
memoriz e entir e instance s woul d hav e difficult y i n thi s 
cas e becaus e th e stimulu s materia l  simpl y doe s no t  consis t 
of  a  fe w repeatin g sequences .  Fragment-base d account s 
als o appea r  implausibl e becaus e eve n three-element s 
fiagments  fai l  t o conve y muc h informatio n abou t  th e 
relevan t  regularities .  Fo r  instance ,  th e fiagment  '123 '  ma y 
end i n an y o f  th e 6  seria l  position s an d b e followe d b y an y 
of  th e 6  possibl e element s bu t  '3 '  (stimulu s repetition s 
wer e forbidden) .  Le e conclude d tha t  "bot h parsin g an d 
short-ter m memor y mechanism s mus t  b e involved "  (p . 
428) ,  an d tha t  model s base d o n simpl e associativ e learnin g 
mechanisms ,  suc h a s th e S R N model ,  wer e probabl y 
incapabl e o f  learnin g thi s stimulu s material . 

I n th e following ,  w e fu^ t  repor t  o n th e result s o f  a 
conceptua l  replicatio n o f  Le e (1997)' s experiment .  Next , 
and i n contras t  t o Lee' s conclusions ,  w e sho w tha t 
participants '  sensitivit y t o th e rul e use d t o generat e th e 

stimulu s materia l  ca n actuall y b e understoo d base d o n th e 
operatio n o f  elementar y associativ e mechanism s tha t  d o 

not  involv e an y parsin g o f  th e material .  Mor e 
importantly ,  w e als o challeng e th e ide a tha t  an y learnin g 
i s involve d i n thi s situation .  Finally ,  w e explor e h o w wel l 
th e S R N mode l  ca n accoun t  fo r  ou r  data . 

Experimental Design 

Participants 

Twelv e participant s too k par t  i n th e experiment .  The y 
wer e pai d a  fla t  fe e o f  abou t  $1 4 an d coul d ear n a n 

additiona l  bonu s o f  u p t o $ 9 base d o n performanc e a t  th e 
tas k (se e below) . 

Apparatus and Display 

The experimen t  wa s ru n o n PowerP C Macintos h 

computers .  Th e displa y consiste d o f  si x dot s arrange d i n a 
horizonta l  lin e o n th e computer' s scree n an d separate d b y 
interval s o f  3  cm .  Eac h scree n positio n corresponde d t o a 
ke y o n th e computer' s keyboard .  Th e spatia l  configuratio n 
of  th e key s wa s full y compatibl e wit h th e scree n 
positions .  Th e stimulu s wa s a  smal l  blac k circl e 0.3 5 c m 
i n diamete r  tha t  appeare d o n a  whit e scree n background , 
centere d 1  c m belo w on e o f  th e si x dots .  Th e RS I  wa s 12 0 
msec. 

Procedure 

The experimen t  consiste d o f  2 4 trainin g block s durin g 
whic h subject s wer e expose d t o a  seria l  six-choic e R T 
task .  Eac h bloc k consiste d o f  18 0 trials ,  fo r  a  tota l  o f 
432 0 trials .  O n eac h trial ,  a  stimulu s appeare d a t  on e o f 
th e possibl e si x positions .  Participant s wer e instructe d t o 
respon d a s fas t  an d a s accuratel y a s possibl e b y pressin g 
on th e correspondin g key .  Th e targe t  wa s remove d a s soo n 
as a  ke y ha d bee n pressed ,  an d th e nex t  stimulu s  ̂ jpeare d 
afte r  a  12 0 mse c interval .  Erroneou s response s wer e 
signale d t o participant s b y mean s o f  a  tone . 

Al l  participant s wer e expose d t o tw o practic e block s o f 
18 trial s eac h befor e th e onse t  o f  th e experiment .  Shor t 
res t  break s occurre d betwee n an y tw o experimenta l  blocks . 
Durin g thes e breaks ,  participant s wer e give n feedbac k 
abou t  thei r  performanc e durin g th e previou s block ,  an d 
informe d abou t  h o w muc h bonu s mone y the y ha d earne d 
so far .  Thi s amoun t  wa s compute d fo r  eac h bloc k base d o n 
bot h accurac y an d speed .  A  longe r  res t  brea k o f  abou t  7 
minute s occurre d afte r  1 2 experimenta l  blocks . 

Al l  participant s wer e subsequentl y aske d t o perfor m a 
continuou s generatio n tas k durin g whic h the y w a « 
require d t o predic t  th e locatio n a t  whic h th e nex t  stimulu s 
woul d appear .  Thi s generatio n tas k consiste d o f  54 0 trial s 
presente d ove r  3  block s o f  18 0 trial s each .  Fo r  eac h 
participant ,  th e stimulu s materia l  presente d durin g 
generatio n wa s identica l  wit h th e materia l  the y ha d bee n 
expose d t o durin g block s 1 3 t o 1 5 o f  th e R T task ,  thereb y 
ensurin g tha t  th e R T an d generatio n task s wer e a s 
comparabl e a s possible .  N o explici t  feedbac k wa s provide d 
durin g th e generatio n task .  However ,  participant s coul d 
obtai n feedbac k merel y b y comparin g thei r  predictio n 
response s wit h th e actua l  locatio n a t  whic h th e nex t 
stimulu s appeared . 
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Stimulu s materia l 

The materia l  use d i n thi s experimen t  wa s th e sam e a s 
describe d b y Le e (1997) .  Th e stimulu s se t  consiste d o f  th e 
72 0 (6! )  sequence s o f  si x element s tha t  wer e consisten t 
wit h th e followin g simpl e constraint :  Eac h elemen t  coul d 
onl y appjea r  onc e i n eac h sequence ,  a s describe d i n th e 
introduction .  Eac h o f  th e 2 4 trainin g block s wa s produce d 
by randoml y selectin g (withou t  replacement )  3 0 lega l 
sequence s an d b y concatenatin g the m i n rando m orde r  wit h 
th e onl y constrain t  tha t  th e las t  elemen t  o f  an y sequenc e 
coul d no t  b e identica l  wit h th e first  elemen t  o f  th e nex t 
sequence .  Thi s procedur e ensure d tha t  th e materia l  wa s 

altogethe r  free  o f  repetitions ,  whic h ar e k n o w n t o elici t 
fas t  reactio n time s regardles s o f  thei r  probability .  Eac h 
participan t  wa s expose d t o a  differen t  rando m orde r  o f  th e 
2 4 trainin g blocks .  I n contras t  t o Le e (1997 )  then , 
participant s i n thi s stud y wer e expose d t o th e entir e 
trainin g se t  rathe r  tha n t o a  subse t  o f  al l  lega l  sequences . 

Results 

We firs t  repor t  o n overal l  performanc e i n th e R T task . 

Choice Reaction Time Performance 

To asses s whethe r  participant s wer e sensitiv e t o th e 
sequentia l  structur e o f  th e material ,  w e first  examine d 
whethe r  thei r  reactio n time s reflecte d th e seria l  positio n 
effec t  describe d b y Le e (1997) .  Recal l  tha t  th e stimulu s 
materia l  wa s suc h tha t  stimul i  appearin g a s th e first 
elemen t  o f  a  sequenc e wer e completel y rando m accordin g 
t o th e generatio n rules ,  an d tha t  stimul i  appearin g a t 
subsequen t  seria l  position s wer e increasingl y predictable , 
up t o seria l  positio n 6  wher e th e stimulu s wa s completel y 
determined .  Figur e 1  show s th e averag e reactio n time s 
obtaine d ove r  th e entir e experiment ,  plotte d separatel y fo r 
eac h o f  th e 6  seria l  positions .  Th e figure  make s i t  clea r 
tha t  participants '  response s ar e strongl y influence d b y th e 
seria l  positio n withi n eac h sequence :  Th e reactio n time s 
indee d decreas e linearl y fro m th e firs t  t o th e sixt h seria l 
position ,  wit h a  differenc e o f  abou t  3 0 mse c betwee n th e 
first  an d las t  seria l  positions .  Thes e impression s wer e 
confinne d b y a  two-wa y A N O V A wit h bloc k [2 4 levels ] 
and seria l  positio n [si x  levels ]  a s repeate d measure s 
factors .  Thi s analysi s revealed  a  significan t  mai n effec t  o f 
block ,  F(23 ,  253 )  =  48.14 ,  p<.0001 ,  M s e =  2997. 7 an d o f 
seria l  position ,  F(5 ,  55 )  =  22.26 ,  p<.0001 ,  M s e =  1554.3 . 
The interactio n als o reache d significance ,  F(115 ,  1265 )  = 
1.26 ,  p<.05 ,  M s e =  754.4 ,  albei t  mor e detaile d analyse s 
(se e below )  d o no t  confir m tha t  i s shoul d b e take n a s a n 
indicatio n o f  learning .  Further ,  a  tren d analysi s appUe d t o 
th e averag e reactio n time s collapse d ove r  seria l  position s 1 
t o 6  confirme d thei r  linearity ,  F(5 ,  55 )  =  22.26 ,  p<.0001 , 
M s e = 1554. 3 (R^ = 0.96) . 

Learning 

Figur e 2  (lef t  panel )  show s h o w th e seria l  positio n effec t 
describe d abov e change s ove r  training .  Th e figure  indicate s 
tha t  th e effec t  i s akead y presen t  earl y i n training ,  an d tha t 
th e slop e o f  th e curve s correspondin g t o differen t  moment s 
durin g trainin g doe s no t  appea r  t o chang e much .  Thes e 
impression s wer e confirme d b y a n A N O V A wit h bloc k [ 4 
levels ]  an d seria l  positio n [ 6 levels ]  applie d o n thi s 

Reactio n tim e Mean percentag e o f  correc t  prediction s 

positio n positio n 

Figur e 1 :  Lef t  panel :  M e a n reactio n time s a s a  functio n 
of  seria l  positio n ove r  th e entir e experiment .  Righ t 
panel :  M e a n percentag e o f  correc t  predictio n response s 
produce d i n th e continuou s generatio n task ,  plotte d 
separatel y fo r  stimul i  associate d wit h seria l  position s 1 
t o 6 . 

aggregate data, and which again produced a significant 
interactio n betwee n block s an d positions ,  F(I5 ,  165 )  = 
1.77 ,  p<.05 ,  M s e =  185.3 .  However ,  thi s significan t 
interactio n doesn' t  see m t o reflec t  learning .  Indeed ,  planne d 
comparison s showe d tha t  th e differenc e betwee n reactio n 
time s t o positio n 1  an d positio n 6  stimul i  (3 0 msec )  i s 
alread y significan t  ove r  th e first  tw o block s [F(l,ll )  = 
16.87 ,  p<.001 ,  M s e =  309.5] ,  an d tha t  i t  stay s relativel y 
constan t  u p unti l  th e las t  tw o blocks ,  fo r  whic h i t 
average s 4 1 mse c [F(l,ll )  =  23.56 ,  p<.001 ,  M s e = 
443.74] .  I n short ,  ther e i s i n fac t  ver y littl e evidenc e tha t 
ther e i s an y learnin g i n thi s situation ,  shor t  o f  unspecifi c 
practic e effects :  Th e seria l  positio n effec t  emerge s ver y 
earl y i n trainin g an d remain s quit e constan t  ove r  th e entir e 
experiment . 

Generation task performance 

Afte r  th e mai n R T task ,  participant s wer e aske d t o perfor m 
a continuou s generatio n tas k durin g whic h the y wer e t o 
predic t  wher e th e stimulu s woul d appea r  next . 

Figur e 1  (righ t  panel )  show s th e averag e percentage s o f 
correc t  prediction s plotte d separatel y fo r  eac h o f  th e 6 
seria l  position s an d average d ove r  th e 3  blocks .  Planne d 
comparison s showe d tha t  th e percentage s o f  correc t 
response s fo r  eac h positio n faile d t o diffe r  from  chanc e 
(18% )  (p>.10) ,  thu s suggestin g tha t  participant s wer e 
unabl e t o projec t  thei r  knowledg e i n thi s direc t  test . 
However ,  fiirther  analysi s showe d tha t  participant s wer e 
nevertheles s mor e successfu l  i n predictin g th e locatio n a t 
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Figur e 2 :  Lef t  panel :  M e a n reactio n time s a s a 

functio n o f  seria l  position ,  plotte d separatel y fo r  bloc s 1 -

6,  7-12 ,  13-18 ,  an d 19-24 .  Righ t  panel :  M e a n S R N 

response s plotte d separatel y fo r  epoch s 1 ,  3 ,  5 ,  an d 7 . 



whic h seria l  positio n 6  stimul i  coul d appea r  tha n fo r 

positio n 1  stimuli ,  (t(12 )  =  3.8 ,  p < .005) . 
Finally ,  participant s wer e als o aske d question s abou t 

whethe r  the y ha d notice d anythin g abou t  th e structur e o f 
th e stimulu s materia l  i n eithe r  task .  Al l  participant s 

indicate d tha t  the y though t  tha t  th e stimulu s materia l  wa s 
completel y random . 

Discussion 

Take n a t  fece  value ,  th e dat a w e obtaine d replicat e th e 
result s reporte d b y Le e (1997) :  Participant s see m t o b e 
abl e t o s o m e h o w segmen t  th e stimulu s materia l  i n chunk s 
of  6  elements .  Thi s i s wha t  prompte d Le e t o conclud e tha t 
parsin g mechanism s wer e necessar y t o understan d 
performance .  I n addition ,  an d somewha t  surprisingly ,  ou r 
dat a als o indicat e tha t  n o o r  littl e sequentia l  learnin g too k 
plac e i n thi s situation .  A  reexaminatio n o f  Le e (1997)' s 
result s likewis e seem s t o sugges t  tha t  th e seria l  positio n 
effec t  i s  alread y presen t  ver y earl y durin g training .  I n th e 
following ,  w e wil l  (1 )  sho w tha t  parsin g mechanism s o f 
an y kin d tur n ou t  t o b e uimecessar y t o accoun t  fo r 
performance ,  an d (2 )  sugges t  a n accoun t  o f  h o w 
participant' s sensitivit y t o th e sequentia l  structur e m a y 
develo p befor e the y ar e firs t  expose d t o th e task . 

The position effect is emergent. Lee (1997)'s 
analysi s rest s o n th e assumptio n tha t  i t  i s  necessar y fo r 
participant s t o encod e th e seria l  positio n fo r  the m t o 
exhibi t  faste r  reactio n time s t o seria l  positio n 6  stimul i 
tha n t o othe r  positions ,  an d therefor e t o someho w pars e 
th e materia l  i n successiv e chunk s o f  6  element s wit h th e 
correc t  boxmdaries .  This ,  however ,  need s no t  b e th e case : 
Participant s i n fac t  merel y nee d t o b e sensitiv e t o th e la g 
tha t  separate s tw o occurrence s o f  th e sam e stimulus ,  an d 
t o produc e faste r  response s t o stimul i  associate d wit h a 
lon g lag .  T o se e this ,  conside r  th e fac t  tha t  an y stimulu s 
tha t  occur s o n seria l  positio n 6 ,  tha t  is ,  a s th e fma l 
elemen t  o f  a n experimenter-generate d sequence ,  i s 
necessaril y  associate d wit h a  la g o f  a t  leas t  lengt h 5 ,  i n 
that ,  b y construction ,  th e sam e stimulu s coul d no t  hav e 
occurre d withi n th e sam e experimenter-generate d sequence . 
I n contrast ,  stimul i  tha t  occu r  o n seria l  positio n 1  coul d 
hav e previousl y occurre d a s recentl y a s tw o trial s ag o (i n 
th e previou s sequence) ,  an d thu s b e associate d wit h a  la g 
o f  lengt h 1 .  Thi s stat e o f  affair s i s depicte d i n Figur e 3  A , 
whic h clearl y show s tha t  th e differen t  seria l  position s ar e 
associate d wit h range s o f  lag s o f  increasin g length .  Fo r 
instance ,  positio n 1  i s associate d wit h lag s o f  lengt h 1-5 , 
and positio n 6  wit h lag s o f  lengt h 5-10 .  F ro m thi s 
perspective ,  then ,  th e positio n effec t  describe d b y Le e 
(1997 )  an d rephcate d i n thi s experiment ,  merel y emerge s 
out  o f  mor e elementar y feature s o f  th e material ,  namel y 
(1 )  tha t  o n eac h trial ,  th e probabilit y  o f  an y stimulu s 
increase s linearl y wit h th e la g tha t  separate s th e curren t 
tria l  fro m th e stimulus' s previou s occurrence ,  an d (2 )  tha t 
differen t  seria l  position s i n th e experimenter-generate d 
sequence s are ,  b y construction ,  associate d wit h 
distribution s o f  increasin g lags . 

I f  ou r  accoun t  i s correct ,  the n on e shoul d observ e a  la g 
effec t  i n th e data .  Figur e 3 B show s tiiat  suc h a  la g effec t  i s 
indee d present :  Reactio n time s decreas e linearl y wit h th e 
lag ,  a s confirme d b y a n A N O V A wit h la g [1 0 levels] . 
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Figur e 3 :  Th e la g effect .  A :  Distributio n o f  lag s fo r 
eac h seria l  position .  B :  M e a n reactio n time s (fille d 
symbols )  an d mea n S R N response s (ope n symbols )  fo r 
eac h o f  1 0 la g levels .  C :  M e a n reactio n times ,  an d D : 
M e an S R N response s plotte d separatel y fo r  th e 1 0 la g 
level s an d fo r  eac h seria l  position .  Se e tex t  fo r  additiona l 
details . 

F(9,99) = 25,45, p<.0001. Figure 3C further shows that 
position ,  b y itself ,  seem s t o hav e littl e impac t  o n 
performance :  Eac h curv e (correspondin g t o stimul i  wit h a 
give n la g lengt h a s i n Figur e 3 A )  i s relativel y fla t  acros s 
seria l  positions .  A n A N O V A wit h positio n [si x levels ] 
applie d t o thes e dat a an d restricte d t o stimul i  wit h a  la g o f 
lengt h 5  (th e onl y cas e wher e positio n an d la g ar e 
completel y crossed )  confirme d thi s impressio n an d showe d 
no significan t  effec t  o f  positio n (p=.09) .  Henc e i t  shoul d 
be clea r  tha t  participant s d o no t  nee d to ,  an d i n fac t  d o not , 
pars e th e materia l  i n orde r  t o exhibi t  th e observe d seria l 
positio n effect .  Combine d wit h th e furthe r  fac t  tha t  w e 
faile d t o observ e learnin g i n thi s situation ,  i t  woul d appea r 
tha t  sensitivit y t o th e seria l  position ,  fa r  fro m indicatin g 
learnin g o f  th e sequentia l  regularities ,  m a y i n fac t  reflec t 
knowledg e tha t  participant s alread y posses s befor e bein g 
expose d t o th e task .  Thi s knowledg e m a y consis t  o f  a 
tendenc y t o prepar e response s tha t  hav e no t  bee n use d 
recently ,  i n a  wa y simila r  t o th e well-knov m fac t  tha t 
spontaneousl y generate d rando m sequence s ar e i n fac t 
m u ch mor e unifor m tha n tru e rando m distributions .  H o w 
migh t  thi s knowledg e b e established ? Thi s i s th e issu e w e 
focu s o n i n th e res t  o f  thi s paper . 

Simulations 

T o fm d ou t  whethe r  simpl e associativ e learnin g 
mechanism s ar e i n fac t  sufficien t  t o accoun t  fo r  th e data , 
we explore d h o w wel l  th e S R N mode l  (Figur e 4 )  coul d 
lea m Le e (1997)' s material .  Th e networ k use s back -
propagatio n t o lea m t o cr̂ Jifi t  th e next  elemen t  o f  a 
sequenc e base d onl y o n th e curren t  elemen t  an d o n a 
representatio n o f  th e tempora l  contex t  tha t  th e networ k ha s 
elaborate d itsel f  T o d o so ,  i t  use s informatio n provide d b y 
so-calle d contex t  unit s which ,  o n ever y step ,  contai n a 
cop y o f  th e network' s hidde n uni t  activatio n vecto r  a t  th e 
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Figur e 4 :  Th e simpl e recurren t  networ k (SRN) .  Se e 
tex t  fo r  details . 

previous time step. Over training, the relative activation 
of  th e outpu t  imit s representin g eac h possibl e successo r 
come t o approximat e th e optima l  conditiona l  probabilitie s 
associate d wit h thei r  appearanc e i n th e curren t  context ,  an d 
ca n thu s b e interprete d a s representin g implici t  preparatio n 
fo r  th e nex t  elemen t  w h e n th e networ k i s use d a s a  mode l 
of  huma n sequenc e learnin g performance .  Previou s wor k 
(se e Cleereman s &  McClelland ,  1991 ;  Cleeremans ,  1993 ) 
has show n tha t  th e S R N i s abl e t o accoun t  fo r  abou t  8 0 % 
of  th e varianc e i n sequentia l  choic e reactio n tim e data . 

Simulation parameters and procedure 

To asses s h o w wel l  th e S R N coul d captur e R T 
performanc e i n thi s experiment ,  w e traine d th e mode l  o n 
th e sam e materia l  a s h u m a n subjects .  Th e networ k 
consiste d o f  8 0 hidde n imit s an d loca l  representation s o n 
bot h th e inpu t  an d outpu t  pool s (i.e. ,  eac h uni t 
corresponde d t o on e o f  th e 6  stimuli) .  Th e networ k wa s 
traine d t o predic t  eac h elemen t  o f  a  continuou s sequenc e o f 
stimul i  generate d i n exactl y th e sam e condition s a s fo r 
human subjects .  O n eac h step ,  a  stimulu s wa s generate d 
accordin g t o th e generatio n rule s an d presente d t o th e 
networ k b y settin g th e activatio n o f  th e correspondin g 
inpu t  uni t  t o 1.0 .  Activatio n wa s the n allowe d t o sprea d t o 
th e othe r  unit s o f  th e network ,  an d th e erro r  betwee n it s 
respons e an d th e actua l  successo r  o f  th e curren t  stimulu s 
was use d t o modif y th e connectio n weights .  Durin g 
training ,  th e activatio n o f  eac h outpu t  uni t  wa s recorde d o n 
ever y tria l  an d transforme d int o Luc e ratios  t o normaliz e 
th e responses .  Fo r  th e purpos e o f  comparin g simulate d an d 
observe d responses ,  w e assume d (1 )  tha t  th e normaUze d 
activation s o f  th e outpu t  unit s represen t  respons e 
tendencies ,  an d (2 )  tha t  ther e i s a  linea r  reductio n i n R T 
proportiona l  t o th e relativ e strengt h o f  th e uni t 
correspondin g t o th e correc t  response .  Th e network' s 
response s wer e finally  subtracte d fro m 1. 0 t o mak e 
increase s i n respons e strengt h compatibl e wit h reductio n 
i n R T . 

We conducte d extensiv e exploratio n o f  th e paramete r 
spac e usin g thi s an d othe r  closel y relate d architectures . 
Becaus e i t  appear s tha t  huma n participant s d o no t  lear n 
m u ch beyon d unspecifi c  practic e effect s i n thi s 
experiment ,  w e di d no t  attemp t  t o matc h th e numbe r  o f 
experimenta l  an d simulate d trials .  Th e result s presente d 
belo w provide d th e bes t  fit  w e coul d obtai n wit h th e 
human data ,  an d the y involve d 7  epoch s o f  trainin g o n th e 
entir e trainin g set ,  a  leamin g rate  o f  0.0 4 an d a 
m o m e n t u m o f  0.9 .  Te n network s initialize d wit h differen t 
rando m weight s selecte d i n th e -0.5 ,  0. 5 rang e wer e traine d 

on a  tota l  o f  3024 0 (72 0 sequence s x  6  element s x  7 
epochs )  trials ,  an d thei r  responses ,  assesse d a s describe d 
above ,  wer e average d together . 

Simulation results 

Over  7  epochs ,  th e networ k i s abl e t o maste r  th e trainin g 
set  ahnos t  perfectly ,  a s illustrate d i n Figur e 5 .  Th e 
network ,  lik e h u m a n participants ,  exhibit s a  linea r  seria l 
positio n effec t  (Figur e 5 ,  lef t  panel) .  Further ,  Figur e 3 B 
show s tha t  th e networ k als o exhibit s a  linea r  la g effec t 
tha t  i s  no t  onl y ver y simila r  t o th e h u m a n data ,  bu t  als o 
remarkabl y simila r  t o — an d indee d almos t  identica l  wit h 
— th e actua l  distributio n o f  lag s ove r  th e 6  seria l 
position s withi n th e stimulu s materia l  (con^ar e Figure s 
3 A an d 3D) .  A  regressio n analysi s usin g th e simulate d 
dat a depicte d i n Figur e 3 D an d tfie  correspondin g h u m a n 
dat a show n i n Figur e 3 C indicate d tha t  th e mode l  explain s 
abou t  7 0 % o f  th e varianc e (se e Figur e 5 ,  right  panel )  o f 
h u m an reactio n times .  Thu s i n al l  respects ,  th e networ k 
provide s a n excellen t  descriptiv e accoun t  o f  th e h u m a n 
data .  I n th e nex t  section ,  w e examin e h o w th e networ k 
learn s th e stimulu s material . 

Learning .  A s show n i n Figur e 2  (righ t  panel) ,  ove r  th e 
cours e o f  training ,  th e networ k progressivel y start s 
exhibitin g (afte r  3  epochs )  th e seria l  positio n effec t  tha t 
h u m an participant s alread y produc e a t  th e onse t  o f  th e 
experiment .  Not e tha t  th e networ k doe s no t  captur e 
unspecifi c  practic e effect s — a  knovr a limitatio n o f  th e 
S RN a s a  mode l  o f  choic e reactio n tim e performance . 
Figur e 6  provide s a  mor e detaile d vie w o f  th e network' s 
performanc e a s i t  change s ove r  training ,  an d show s tha t 
th e networ k become s progressivel y abl e t o predic t 
perfectl y whic h element s ar e possibl e a t  eac h seria l 
positio n (botto m row) .  Fo r  instance ,  th e networ k perfectl y 
predict s tha t  '6 '  i s th e onl y possibl e successo r  o f  "12345 " 
As describe d i n Servan-Schreiber ,  Cleereman s & 
McClelland ,  (1991) ,  th e developmen t  o f  sequenc e 
knowledg e i n th e S R N involve s a  graduall y increasin g 
sensitivit y t o th e sequentia l  constraint s containe d i n a n 
increasingl y larg e an d self-develope d representatio n o f  th e 
tempora l  contex t  define d b y previou s element s o f  th e 
sequence .  Initially ,  th e networ k learn s t o associat e eac h 
elemen t  wit h th e distributio n o f  it s  possibl e successors , 
and essentiall y  ignore s th e contex t  information .  I n thi s 
material ,  eac h elemen t  i s associate d wit h a  imiqu e 

650 Raadio n Tiir a 

625 -

o -  SB N 
HumwiDat a H u m an Dat a 

positio n 

SRN r 2 .  0.70 4 

Figur e 5 :  Compariso n betwee n simulate d an d h u m a n 

performance .  Lef t  panel :  Bot h himia n participant s an d th e 

model  exhibi t  a  linea r  seria l  positio n effect .  Righ t  Panel : 

Th e mode l  accotmt s fo r  abou t  7 0 % o f  th e varianc e i n th e 

distributio n o f  h u m a n reactio n times . 
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Figur e 6 :  Mode l  predictio n response s o n th e sequenc e 
12345 6 a t  differen t  point s i n training .  Eac h ba r 
represent s th e strengt h o f  th e outpu t  uni t  correspondin g 

t o eac h o f  th e 6  possibl e elements . 

distribution of successors because, by construction, an 
elemen t  caimo t  b e followe d b y itself .  Henc e afte r  on e 
epoc h o f  trainin g (se e Figur e 6 ,  to p row) ,  th e networi c 

tend s t o predic t  tha t  al l  th e element s bu t  th e inpu t  elemen t 
ar e possibl e successors ,  an d th e pattern s o f  activatio n ove r 
it s hidde n unit s n o w represent  thes e associations .  W h e n 
fe d bac k ont o th e contex t  units ,  thes e pattern s ca n n o w b e 
use d b y th e networ k a s a  representatio n o f  th e previou s 
element ,  an d i t  ca n the n star t  basin g it s prediction s o n tw o 
elements .  I t  i s  whe n th e networ k ha s becom e sensitiv e t o 
thre e element s tha t  th e material' s  structur e start s 
conveyin g informatio n abou t  th e la g tha t  separate s 
occurrence s o f  th e sam e stimulus .  Conside r  fo r  instanc e 
th e fragment  '123' .  I t  ca n neve r  b e followe d b y 3  b y 
construction ,  bu t  i t  i s  als o mor e ofte n associate d wit h '1 ' 
as a  successo r  tha n i t  i s  wit h '2' ,  regardless  o f  th e seria l 
positio n a t  whic h i t  ends .  Thi s i s simpl y becaus e ther e ar e 
mor e way s fo r  '1231 '  t o occu r  i n th e stimulu s se t  tha n 
ther e ar e way s fo r  '  1232 '  t o occur .  Indeed ,  wherea s neithe r 
'1231 '  an d '1232 '  ca n occu r  withi n an y lega l  sequence , 
'  1231 '  ca n spa n tw o lega l  sequence s i n thre e differen t  way s 
('1-231' ,  '12-31' ,  an d '123-1') ,  wherea s '1232 '  ca n onl y 
do s o i n tw o differen t  way s ('12-32' ,  an d '123-2') .  Hence , 
th e la g effec t  emerge s ou t  o f  th e network' s prediction -
base d sensitivit y t o th e statistica l  structur e o f  th e material , 
and th e la g effec t  i s itsel f  th e basi s fo r  th e emergin g seria l 
positio n effec t  characteristi c o f  huma n performance . 
Finally ,  furthe r  simulatio n wor k tha t  w e canno t  presen t 
due t o lac k o f  spac e indicate d tha t  th e network' s 
representation s o f  th e materia l  ar e sufficientl y abstrac t  t o 
enabl e i t  t o generaliz e flawlessl y afte r  trainin g o n onl y a 
subse t  o f  th e 72 0 lega l  sequences . 

General Discussion 

I n thi s paper ,  w e suggeste d tha t  th e cor e mechanis m 
involve d i n sequenc e learnin g i s  statistica l  i n nature ,  an d 
roote d i n th e developmen t  o f  distribute d representation s o f 
th e tempora l  contex t  acquire d throug h elementar y 
associativ e learnin g processe s tha t  operat e o n exemplars . 
We showe d h o w suc h mechanism s ar e i n fac t  sufficien t  t o 
understan d h o w sensitivit y t o ver y abstrac t  feature s o f  th e 
material ,  suc h th e seria l  positio n effec t  describe d b y Le e 
(1997 )  ca n emerg e ou t  o f  a  sensitivit y t o mor e elementar y 
feature s o f  th e material ,  suc h a s th e la g tha t  separate s 

successiv e occurrence s o f  th e sam e stimulus .  Parsin g 
mechanism s o f  an y kin d ar e thu s clearl y unnecessary . 

Mor e surprisingly ,  perhaps ,  ou r  result s sugges t  tha t  Le e 
(1997)' s findings  d o no t  involv e learnin g o f  th e sequentia l 

regularities ,  bu t  merel y reflec t  knowledg e tha t  participant s 
alread y posses s befor e bein g expose d t o th e task .  Thi s 
knowledge ,  perhap s gaine d throug h experienc e i n th e rea l 

world ,  m a y consis t  o f  a  tendenc y t o preferentiall y  prepar e 
response s tha t  hav e no t  bee n produce d recently .  Th e 
structur e o f  Le e (1997)' s materia l  woul d the n simpl y b e 

congruen t  wit h thi s bia s an d reinforc e it .  Thi s bia s doe s 
appea r  t o b e implicit ,  althoug h furthe r  research  i s 
necessar y t o clarif y thi s issue .  I n conclusion ,  i t  appear s 
tha t  performanc e i n thi s tas k migh t  b e mor e o f  matte r  o f 
knowin g withou t  learnin g tha n a  matte r  o f  learnin g 
withou t  knowing . 
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