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A b s t r a c t 

How does implicit learning interact with the availability of 
explici t  information ? I n a  recen t  serie s o f  experiments , 
Curra n &  Keel e (1992 )  demonstrate d tha t  sequenc e learnin g 
i n a  choic e reactio n settin g involve s a t  leas t  tw o differen t 
processes ,  tha t  resul t  i n differin g availabilit y  o f  th e acquire d 
knowledg e t o consciou s inspection ,  an d tha t  ar e differentiall y 
affecte d b y th e availabilit y  o f  attentiona l  resources .  I n thi s 
paper ,  I  propos e a  ne w information-processin g mode l  o f 
sequenc e learnin g an d explor e ho w wel l  i t  ca n accoun t  fo r 
thes e data .  Th e mode l  i s base d o n th e Simpl e Recurren t 
Networ k (Elman ,  1990 ;  Cleereman s &  McClelland ,  1991 ; 
Qeeiemans ,  1993) ,  whic h i t  extend s b y allowin g additiona l 
informatio n t o modulat e processing .  Th e mode l  implement s 
th e notio n tha t  awarenes s o f  sequenc e structur e change s th e 
tas k fro m on e o f  anticipatin g th e nex t  even t  base d o n 
tempora l  contex t  t o on e o f  retrievin g th e nex t  even t  fro m 
short-ter m memory .  Thi s latte r  proces s i s sensitiv e t o th e 
availabilit y o f  attentiona l  resources .  W h e n th e latte r  ar e 
available ,  performanc e i s enhanced .  However ,  relianc e o n 
representation s tha t  depen d o n attentiona l  resource s als o 
result s i n seriou s performanc e degradatio n whe n thes e 
representation s becom e les s reliable ,  a s whe n a  secondar y 
tas k i s performe d concurrentl y wit h th e sequenc e learnin g 
task . 

I n t r o d u c t i o n 

In recent years, sequence learning in choice reaction 
setting s ha s elicite d considerabl e interes t  a s a  vehicl e t o 
stud y inq)lici t  informatio n processin g (e.g. ,  Qeereman s 
& McClelland ,  1991 ;  Lewicki ,  Hill ,  &  Bizot ,  1988 ; 
Nisse n an d Bullemer ,  1987 ;  Perruchet ,  &  A m o r i m , 
1992) .  I n suc h tasks ,  subject s ar e presente d wit h a 
visuo-spatia l  choic e reactio n task ,  but ,  u n k n o w n t o 
them ,  th e sequenc e o f  successiv e stimul i  i s  structured , 
so tha t  th e uncertaint y abou t  th e nex t  even t  m a y b e 
reduce d base d o n th e constraint s se t  b y previou s 
events .  Typically ,  subject s exhibi t  detaile d sensitivit y 
abou t  thes e sequentia l  constraints ,  ye t  thei r  explici t 
knowledg e o f  th e sequenc e remain s ver y limited .  Thi s 
kin d o f  outcome ,  wher e detectabl e performanc e 
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improvement s ar e no t  accompanie d b y correlate d 
improvement s i n explicit ,  reportabl e knowledge ,  i s 
referre d t o a s implici t  learnin g (Reber ,  1989) .  In l̂ici t 
learnin g contrast s wit h explici t  learnin g (exhibite d fo r 
instanc e b y subject s engage d i n problem-solvin g 
behavior) ,  i n whic h processin g i s usuall y goal-directe d 
and full y availabl e t o consciou s inspection .  Thi s notio n 
of  tw o "mode s o f  learning "  ha s le d m a n y t o formulat e 
dichotomou s theorie s o f  cognitio n i n whic h implici t 
an d explici t  processin g ar e generall y though t  t o b e 
complementar y (i n th e sens e o f  on e m o d e bein g mos t 
efficien t  i n th e exac t  condition s wher e th e othe r  i s leas t 
efficient )  an d independen t  (se e Haye s an d Broadbent , 
1988 ,  Reber ,  1989 .  fo r  examples) . 

Howeve r ,  i t  seem s reasonabl e t o assum e tha t 
learnin g i n genera l  i s  neve r  purel y implici t  o r  purel y 
explicit .  O n th e contrary ,  i t  i s  likel y tha t  mos t  task s tha t 
hav e bee n dubbe d "implicit "  d o i n fac t  involve—t o 
variou s degrees—explici t  strategie s an d knowledge . 
Goal-directed ,  intentiona l  processin g canno t  simpl y b e 
"turne d off* .  M a n y recen t  studie s (Curra n &  Keele , 
1993 ;  Perruche t  &  A m o r i m ,  1992 ,  Howard ,  Mutter ,  & 
Howard ,  1992 )  hav e begu n t o explor e th e effect s o f 
variou s factor s relevan t  t o th e implicit/explici t 
distinctio n o n performanc e i n implici t  learnin g tasks . 
Thes e factor s ar e m a y b e bes t  describe d a s 
characteristic s o f  explici t  learning ,  tha t  is ,  (1 ) 
awarenes s o f  th e material ,  (2 )  intentionality ,  an d (3 ) 
sensitivit y t o th e availabilit y  o f  attentiona l  resources . 
Th e pictur e tha t  emerge s fro m thes e studie s i s fa r  to o 
comple x t o b e discusse d i n detai l  here ,  bu t  i n a 
nutshell ,  al l  thre e factor s m a y facilitat e o r  interfer e 
wit h performanc e i n implici t  learnin g tasks ,  dependin g 
on othe r  factor s suc h a s stimulu s salienc e o r  materia l 
complexity .  Thus ,  ther e seem s t o b e reasonabl e 
enpirica l  ground s fo r  distinguishin g betwee n learnin g 
processe s tha t  ar e differentiall y  affecte d b y th e 
variable s liste d above . 

Takin g suc h a n implicit/explici t  dichotom y fo r 
granted ,  i f  onl y i n a  purel y functiona l  sense ,  on e m a y 
hav e differen t  theorie s abou t  th e natur e o f  th e 
representation s an d mechanism s tha t  produc e thi s 
dichotomy .  Thre e position s hav e bee n expresse d i n th e 
implici t  learnin g literature .  First ,  som e author s (e.g. , 
Perruche t  &  Amor im .  1992 )  argu e tha t  performanc e i n 
implici t  learnin g task s doe s no t  necessaril y  reflec t  th e 
operatio n o f  a n independen t  inplici t  learnin g system . 
Rather ,  performanc e woul d b e mostl y base d o n explici t 
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processing ,  bu t  th e resultin g knowledg e i s fragmente d 
enoug h tha t  verba l  report s probin g fo r  genera l 
informatio n ar e unlikel y t o revea l  th e exten t  o f 
subjects '  knowledge .  Othe r  author s (e.g. ,  Knowlton , 
R a m us &  Squire ,  1992 )  assum e tha t  implici l  an d 
explici t  learnin g ar e supporte d b y differen t  memor y 
systems ,  an d tha t  thes e system s ar e completel y 
independen t  fro m eac h other .  Implici t  an d explici t 
learnin g woul d thu s procee d i n parallel ,  bu t  withou t 
interacting .  The y produc e differen t  kind s o f 
knowledge ,  an d ar e mos t  likel y t o operat e efficientl y i n 
contraste d settings .  Finally ,  ther e m a y b e a n 
intermediat e positio n wher e on e assume s tha t  implici t 
and explici t  processin g indee d rel y o n distinc t  memor y 
systems ,  bu t  i n whic h som e interaction s betwee n th e 
tw o system s ar e allowed ,  an d i n whic h som e 
processin g resource s ar e shared . 

I n thi s paper ,  I  woul d lik e t o explor e h o w on e ma y 
star t  thinkin g abou t  thes e issue s b y proposin g a  ne w 
information-processin g mode l  o f  learnin g o f  sequentia l 
materia l  i n choic e reactio n settings .  Th e mode l  i s  base d 
on th e simpl e recurren t  networ k ( S R N )  connectionis t 
architectur e first  propose d b y Elma n (1990) ,  an d 
subsequenU y applie d t o implici t  learnin g phenomen a 
by Cleereman s an d McClellan d (1991) .  B y contras t 
wit h th e S R N an d othe r  model s o f  sequenc e 
processing ,  thi s mode l  use s differen t  source s o f 
knowledg e t o produc e it s responses .  Thus ,  i t 
instantiate s th e thir d theoretica l  positio n describe d 
above .  T o star t  explorin g h o w wel l  thi s kin d o f  mode l 
i s  abl e t o accoun t  fo r  relevan t  sequence-learnin g data ,  I 
compare d it s performanc e wit h tha t  o f  huma n subject s 
i n thre e experiment s conducte d b y Curra n an d Keel e 
(1993) .  I n th e nex t  section ,  I  describ e thes e 
experiment s an d provid e a n en:q)irica l  contex t  fo r  th e 
simulatio n wor k describe d i n th e res t  o f  thi s article . 

T h e C u r r a n a n d K e e l e Studie s 

Curran and Keele (1993) conducted four experiments 
tha t  explor e h o w inplici t  an d explici t  learnin g interac t 
i n a  sequence-learnin g task .  Fo r  lac k o f  space ,  an d 
becaus e Experimen t  4  i s somewha t  differen t  fro m th e 
others ,  I  wil l  no t  discus s i t  i n thi s paper .  I n th e first 
thre e experiments ,  subject s wer e expose d t o a  four -
choic e reactio n tim e tas k divide d i n block s o f  12 0 trial s 
each .  Curra n an d Keel e manipulate d thre e factors . 
First ,  th e materia l  coul d eithe r  b e rando m o r  sequential . 
W h en sequential ,  th e target' s movemen t  followe d a 
repeatin g sequenc e o f  lengt h si x (e.g. ,  1-2-3-2-4-3) . 
Positiv e difference s betwee n R T s elicite d b y rando m 
block s an d R T s elicite d b y sequentia l  block s woul d 
indicat e tha t  subject s ar e learnin g abou t  th e sequence . 
Second ,  a n attention-demandin g secondar y tas k coul d 
eithe r  b e presen t  o r  absent .  W h e n present ,  eithe r  a  low -
pitche d o r  a  high-pitche d ton e appeare d betwee n an y 
tw o R T trials .  Subject s wer e t o coun t  th e numbe r  o f 
high-pitche d tone s an d repor t  thei r  coun t  a t  th e en d o f 
th e block .  Third ,  subject s coul d eithe r  receiv e typica l 

implici t  learnin g instruction s ("incidenta l  subjects") ,  o r 
coul d b e tol d tha t  th e materia l  woul d sometime s follo w 
a sequence ,  an d tha t  knowin g th e sequenc e woul d b e 
helpfu l  i n carryin g ou t  th e mai n R T tas k ("intentiona l 
subjects") .  Thes e latte r  subject s wer e als o give n a 
minut e t o stud y th e actua l  sequence . 

Al l  thre e experiment s starte d wit h 2  block s o f 
practic e o n rando m materia l  i n dual-tas k conditions .  I n 
Experimen t  1  (se e Figur e 2 ,  to p panel) ,  a  grou p o f 
intentiona l  subject s an d a  grou p o f  incidenta l  subject s 
wer e first  expose d t o 4  single-task ,  sequentia l  blocks . 
Next ,  the y receive d on e bloc k o f  rando m materia l 
followe d b y anothe r  sequentia l  block ,  agai n i n single -
tas k conditions .  Learnin g wa s assesse d b y averagin g 
performanc e o n th e las t  tw o sequentia l  block s an d b y 
subtractin g thi s averag e fro m performanc e o n th e 
intermediat e rando m block .  I n a  second ,  dual-task , 
phas e o f  th e experiment ,  subject s wer e expose d t o 2 
block s o f  rando m material ,  followe d b y on e bloc k o f 
sequentia l  materia l  an d a  final  bloc k o f  rando m 
material .  Learnin g i n thi s secon d phas e wa s agai n 
assesse d b y computin g th e R T differenc e betwee n th e 
tw o rando m block s an d th e intermediat e sequentia l 
block .  Base d o n awarenes s report s obtaine d afte r  th e 
first,  single-tas k phas e o f  th e experiment ,  incidenta l 
subject s wer e classifie d a s "Mor e aware "  o r  "Les s 
aware "  accordin g t o h o w m u c h knowledg e o f  th e 
sequenc e the y wer e abl e t o report .  Th e result s showe d 
tha t  al l  thre e group s o f  subject s differe d i n thei r 
performanc e o n th e first,  single-task ,  phase .  Intentiona l 
subject s exhibite d th e larges t  facilitation ,  followe d b y 
"Mor e aware "  an d "Les s aware "  subjects .  However , 
thes e difference s disappeare d i n th e second ,  dual-tas k 
phase ,  wit h al l  thre e group s exhibitin g comparabl e an d 
smal l  facilitatio n effect s o n th e sequenc e material . 
Thus ,  larg e between-group s performanc e difference s 
tha t  ca n b e attribute d t o intentionalit y an d awarenes s 
disappea r  whe n attentiona l  resource s ar e n o longe r 
available .  Lac k o f  attentiona l  resource s block s th e 
expressio n o f  explici t  knowledge . 

I n Experimen t  2  (se e Figur e 3 ,  to p panel) ,  a  grou p o f 
intentiona l  subject s an d a  grou p o f  incidenta l  subject s 
wer e first  expose d t o 8  sequentia l  blocks .  Further , 
incidenta l  subject s wer e learnin g unde r  dual-tas k 
conditions ,  wherea s intentiona l  subject s wer e learnin g 
unde r  single-tas k conditions .  Al l  subject s the n 
transferre d t o a  secon d phas e identica l  wit h tha t  use d i n 
Experimen t  1 .  Bot h group s showe d a  smal l  sequenc e 
learnin g effec t  i n thi s secon d phase ,  bu t  faile d t o differ , 
despit e th e fac t  tha t  intentiona l  subject s exhibite d 
considerabl y mor e sequenc e learnin g tha n incidenta l 
subject s i n th e first  phas e o f  th e experiment .  Here ,  then , 
th e lac k o f  attentiona l  resource s i s show n t o bloc k th e 
acquisitio n o f  explici t  knowledge . 

Experimen t  3  (se e Figur e 3 ,  botto m panel )  assesse d 
whethe r  th e smal l  sequenc e learnin g effect s observe d 
i n th e dual-tas k phase s o f  Experiment s 1  an d 2  m a y b e 
an artifac t  resultin g fro m reaction s time s bein g nea r  th e 
ceiling .  A  singl e grou p o f  incidenta l  subject s wa s first 
exposed ,  unde r  dual-tas k conditions ,  t o 8  block s o f 
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sequentia l  materia l  followe d b y on e rando m an d on e 
sequentia l  block .  Next ,  subject s transferre d t o a  second , 
single-tas k phas e consistin g o f  tw o rando m blocks ,  on e 
sequenc e block ,  an d a  fina l  rando m block .  I f  th e 
acquisitio n o f  explici t  knowledg e i s blocke d b y th e lac k 
of  attentiona l  resource s i n th e firs t  phas e o f  th e 
experiment ,  on e woul d expec t  equivalent ,  implicit , 
sequenc e learnin g i n bot h phases ,  a t  leas t  unti l  explici t 
knowledg e ha s ha d tim e t o develo p i n th e single-tas k 
phase .  T h e result s conflrme d th e hypothesis . 

W h at  kin d o f  mechanis m m a y accoun t  fo r  thes e 
effects ? I  addres s thi s questio n i n th e nex t  section . 

The DSRN model 

The Dual SRN (DSRN, for lack of a better name) 
model  i s  base d o n th e simpl e recurren t  networ k ( S R N ) 
introduce d b y E lma n (1990) .  Th e S R N (se e Figur e 1 , 
boxe d area )  i s  abl e t o predic t  successiv e element s o f 
sequence s presente d on e elemen t  a t  a  time .  Thus ,  o n 
eac h tim e step ,  th e networ k receive s elemen t  t  o f  a 
sequenc e a s input ,  an d i s  traine d (usin g th e back -
propagatio n algorithm )  t o produc e elemen t  t+ 1 o n it s 
outpu t  units .  T o perfor m thi s predictio n task ,  th e S R N 
ha s a  three-layer s architecture .  Fixe d recurren t 
connection s fro m th e hidde n unit s t o a  poo l  o f  contex t 
unit s enabl e th e networ k t o develo p a  representatio n o f 
it s o w n pas t  activity ,  an d t o becom e graduall y sensitiv e 
t o th e tempora l  constraint s se t  b y previou s element s o f 
a sequenc e i n predictin g th e nex t  on e (se e Servan -
Schreiber ,  Cleereman s &  McClelland ,  1991 ;  fo r  a 
detaile d analysi s o f  learning.) .  Cleereman s an d 
McCleUan d (1991 )  showe d h o w th e S R N coul d b e use d 
as a  mode l  o f  h u m a n implici t  learnin g o f  sequentia l 
materia l  i n choic e reactio n settings .  W e considere d th e 
activation s o f  th e S R N ' s outpu t  unit s t o represen t 
respons e strength ,  an d assume d tha t  h u m a n subject s 
prepar e implicitl y fo r  th e nex t  element .  Wit h thes e 
assumption s i n place ,  th e S R N mode l  i s  abl e t o accoun t 
i n substantia l  detai l  fo r  th e result s o f  severa l  sequence -
learnin g experiments ,  suc h a s thos e reporte d b y 
Cle«-eman s (1993) ,  b y Lewicki ,  Hill ,  an d Bizo t  (1988) . 
an d b y Cohen ,  Ivry .  an d Keel e (1990) .  T h e mode l 
implement s a  serie s o f  principle s centra l  t o implici t 
learnin g performance ,  suc h a s elementary ,  gradual . 
associativ e learning ,  processin g tha t  i s  loca l  an d result s 
i n fragmentary  knowledge ,  an d sensitivit y t o contex t 
information . 

A s i t  stands ,  however ,  th e S R N mode l  i s incapabl e 
of  accountin g fo r  th e effect s reporte d b y Curra n an d 
Keel e (1993) .  essentiall y  becaus e it s architectur e doe s 
not  allo w differen t  source s o f  knowledg e abou t 
sequenc e structur e t o influenc e processing .  I n th e 
followin g sections .  I  describ e h o w th e S R N wa s 
extende d t o incorporat e mechanism s relevan t  t o 
implementatio n o f  thre e assumption s abou t  (1 )  th e 
effect s o f  explici t  knowledge .  (2 )  th e effect s o f 
intentionalit y an d awareness ,  an d (3 )  th e effect s o f 
attentiona l  demands . 

Effect s o f  explici t  Icnovledg e 

The central assumption upon which the DSRN model is 
base d i s tha t  subject s w h o ar e awar e o f  th e sequenc e 
(eithe r  becaus e the y hav e memorize d i t  befor e th e task , 
or  becaus e the y hav e manage d t o memoriz e i t  whil e 
performin g th e task )  us e thei r  explici t  m e m o r y o f  th e 
sequenc e t o tel l  themselve s wha t  th e nex t  stimulu s wil l 
be.  Thus ,  awarenes s o f  sequenc e structur e change s th e 
tas k fro m on e o f  (Implicitly )  anticipatin g th e nex t  even t 
base d o n tempora l  contex t  t o on e o f  (explicitly ) 
retrievin g th e nex t  even t  fro m short-ter m memory .  I n 
th e model ,  thi s i s  implemente d b y augmentin g th e basi c 
S RN wit h a n additiona l  poo l  o f  inpu t  unit s tha t  hol d a 
representatio n o f  th e nex t  elemen t  o f  th e sequence .  Th e 
S RN ha s therefor e tw o differen t  way s o f  producin g th e 
nex t  element .  I t  ca n eithe r  develo p it s o w n 
representatio n o f  th e tempora l  context ,  b y learnin g h o w 
t o represen t  successiv e element s a s a n activatio n vecto r 
ove r  it s  contex t  units ,  o r  i t  ca n ac t  essentiall y a s a n 
encode r  o n th e informatio n i n th e poo l  o f  inpu t  unit s 
representin g th e nex t  element . 

H o w ar e thes e representation s o f  th e nex t  elemen t 
learned ? Essentially ,  som e othe r  par t  o f  th e syste m ha s 
t o produc e thes e representations .  I n th e cas e o f  huma n 
subjects ,  thi s informatio n i s  presumabl y store d an d 
retrieve d fro m short-ter m memory ,  usin g mechanism s 
tha t  ar e outsid e th e scop e o f  thi s model .  Fo r  modelin g 
purposes .  I  assume d tha t  thes e representation s ar e 
produce d b y a  buffe r  networ k (se e Figur e 1) . 

SRN [  NEXT ELEMEKT j 

SRN CONTEXT > K HIDDEN UNIT S > K 

CURRENT ELBIBI T 

NEXT ELEMENT 

I 
NEXT ELEMENT 

> - K HIDDEN UNIT S 

B U F F ER [  BUFFER ] 

Figur e 1 .  Th e DSRN model .  A n SR N an d a  buffe r  networ k 
ar e bot h assigne d th e tas k o f  predictin g th e nex t  elemen t  o f  a 
sequenc e presente d on e elemen t  a t  a  time .  Th e S R N ma y us e 
informatio n comin g fro m it s ow n mechanism s fo r 
maintainin g th e tempora l  contex t  (direc t  pathway )  t o produc e 
th e nex t  element ,  o r  i t  ma y bas e it s  performanc e o n 
informatio n produce d b y th e buffe r  networ k (indirec t 
pathway) .  Gray-colore d connection s represen t  cop y 
operation s wit h th e indicate d tim e delay ,  an d ar e no t  subjec t 
t o modificatio n b y back-propagation .  Se e th e tex t  fo r 
additiona l  details . 
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The tas k o f  thi s networ k i s identica l  wit h tha t  o f  th e 
S R N:  T o predic t  wha t  th e nex t  elemen t  o f  a  sequenc e 
wil l  be .  T o d o this ,  th e buffe r  networ k ha s severa l  pool s 
of  inpu t  units ,  eac h correspondin g t o th e sequenc e 
elemen t  tha t  occurre d o n a  particula r  tim e slop . 
Informatio n shift s dow n th e buffe r  a s eac h ne w elemen t 
i s presented .  Th e buffe r  networ k i s traine d concunentl y 
wit h th e S R N .  bu t  independentl y so :  Erro r  informatio n 
i s no t  back-propagate d fro m th e S R N t o th e buffe r 
network . 

I n short ,  th e mode l  consist s o f  tw o mai n processin g 
pathways :  A  direc t  pathway ,  tha t  involve s connection s 
fro m th e "curren t  element "  an d "context "  pool s o f 
inpu t  unit s t o th e SRN' s hidde n units ,  an d a n indirec t 
pathwa y involvin g th e entir e buffe r  networ k a s wel l  a s 
connection s fro m th e "nex t  element "  poo l  o f  inpu t  unit s 
t o th e SRN' s hidde n units .  Processin g wil l  ten d t o b e 
distribute d amon g thes e tw o pathway s a s a  functio n o f 
th e reliabilit y  o f  th e informatio n flowin g throug h eac h 
of  them .  Fo r  instance ,  i f  th e informatio n comin g 
throug h th e indirec t  pathwa y i s unreliable ,  th e mode l 
wil l  ten d t o rel y mor e o n informatio n comin g fro m th e 
direc t  pathway . 

Effects of awareness and intentionality 

"Intentional" subjects in Curran and Keele's 
experiment s wer e expose d t o th e sequenc e befor e 
startin g th e experiment .  Subject s wer e tol d tha t  th e 
movement  o f  th e targe t  woul d ofte n follo w a  pattern , 
and wer e the n give n on e minut e t o stud y th e pattern .  I 
assume d tha t  th e effect s o f  thi s exposur e t o th e 
stimulu s materia l  ar e (1 )  t o stor e th e sequenc e i n 
memory,  an d (2 )  t o bia s subject s int o usin g thi s 
knowledg e durin g th e task .  T o implemen t  thes e 
assumption s i n th e model ,  th e indirec t  pathwa y wa s 
traine d befor e th e actua l  tas k started .  Th e buffe r 
networ k wa s traine d a s i f  performin g th e actua l 
experiment .  I n th e S R N ,  th e onl y trainabl e connection s 
wer e (1 )  th e connection s fro m th e "nex t  event "  poo l  o f 
inpu t  unit s t o th e hidde n units ,  an d (2 )  th e connection s 
fro m th e hidde n unit s t o th e outpu t  units .  Th e effect s o f 
thi s pre-trainin g ar e t o bia s th e S R N t o us e th e 
informatio n produce d b y th e buffe r  network ,  a t  th e 
expens e o f  informatio n comin g fro m th e direc t 
pathway .  I t  ma y see m inconsisten t  t o assum e tha t  mer e 
exposur e t o th e sequenc e result s i n learnin g i n som e 
connection s o f  th e S R N ,  bu t  thi s assumptio n i s backe d 
by recen t  dat a b y Howard ,  Mutter ,  an d Howar d (1992) , 
w ho showe d tha t  observatio n result s i n a s goo d 
subsequen t  choic e R T performanc e tha n actuall y 
performin g th e task . 

Subject s m a y als o becom e spontaneousl y awar e o f 
th e sequenc e t o varyin g degrees ,  dependin g 
presumably  o n factor s suc h a s individua l  difference s i n 
th e allocatio n o f  attentiona l  resource s an d short-ter m 
memory capacity .  I n th e model ,  I  agai n assume d tha t 
suc h difference s coul d b e represente d b y th e degre e t o 
whic h th e SRN ' s hidde n unit s ar e sensitiv e t o 

informatio n comin g fro m th e indirec t  pathway .  Th e 
model  wa s thu s pre-traine d i n th e manne r  describe d 
above ,  bu t  o n rando m material .  Thi s ha s th e effec t  o f 
strengthenin g th e indirec t  pathwa y withou t  givin g th e 
networ k informatio n abou t  th e actua l  sequence . 

Effects of attentional demands 

Cleeremans and McClelland (1991) showed how 
attentiona l  effect s i n sequenc e learnin g coul d b e 
simulate d b y interferin g wit h processing ,  b y mean s o f 
addin g normall y distribute d rando m nois e t o a 
network' s hidde n units .  Becaus e o f  it s  auditor y nature , 
th e tone-countin g tas k use d i n thes e experiment s i s 
likel y t o interfer e mor e wit h th e storag e an d retrieva l  o f 
trace s i n short-ter m m e m o r y tha n wit h respons e 
executio n o r  othe r  processes .  T o represen t  thi s 
asymmetr y i n th e simulations ,  nois e wa s adde d t o th e 
net  inpu t  o f  bot h networks '  hidde n units ,  bu t  t o a  large r 
exten t  i n th e buffe r  networ k tha n i n th e S R N . 

S imu la t ion s 

M e t h o d a n d parameter s 

Each set of simulated results was obtained by 
averagin g th e performanc e o f  te n identica l  network s 
performin g th e task .  Sequenc e element s wer e 
represente d i n a  localis t  w a y i n al l  inpu t  an d outpu t 
modules .  Eac h networ k wa s initialize d wit h a  differen t 
set  o f  rando m weights ,  wit h th e constrain t  tha t  initia l 
weight s b e th e sam e i n differen t  condition s o f  eac h 
simulate d experiment .  Th e network s wer e traine d 
concurrentl y fo r  exactl y th e sam e numbe r  o f  trial s a s 
human subject s i n Curra n an d Keele' s correspondin g 
experiments .  Fo r  simplicity ,  trace s represente d i n th e 
buffe r  wer e no t  decayed .  Th e value s o f  parameter s tha t 
remaine d constan t  acros s al l  experiment s wer e a s 
follows :  slo w learnin g rat e =  0.25 ,  fas t  learnin g rat e = 
0.45 ,  activatio n deca y =  0.5 ,  fas t  weigh t  deca y =  0.5 .  I n 
case s wher e th e simulate d conditio n involve d th e 
secondar y task ,  normall y distribute d rando m nois e wa s 
adde d t o th e ne t  inpu t  o f  th e SRN' s hidde n unit s ( a = 
2)  an d t o th e ne t  inpu t  o f  th e buffe r  network' s hidde n 
unit s ( a =  8) .  Th e value s fo r  thes e parameter s wer e 
obtaine d b y searchin g th e paramete r  spac e b y hand . 
The search ,  i f  extensive ,  wa s thu s no t  exhaustive ,  an d i t 
canno t  b e exclude d tha t  othe r  parameter s woul d 
produc e bette r  results .  However ,  thes e value s ar e wel l 
i n th e rang e o f  thos e use d i n previou s successfu l 
simulation s o f  simila r  dat a (se e Oeeremans ,  i n press) . 
Durin g training ,  th e activatio n o f  th e SRN' s outpu t 
unit s wa s recorded .  Afte r  trainin g o f  a  se t  o f  network s 
was completed ,  th e response s correspondin g t o th e 
stimul i  tha t  wer e actuall y presente d wer e transforme d 
int o Luc e ratio s an d average d ove r  th e te n replication s 
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of  eac h simulation ,  t o yiel d a  singl e dat a poin t  fo r  eac h 
bloc k i n ever y condition .  Thes e average s wer e the n 
subtracte d fro m on e (becaus e stronge r  predictio n 
response s correspon d t o faste r  reactio n times) .  T o 
facilitat e compariso n betwee n huma n an d simulate d 
dat a sets ,  bot h wer e the n transforme d int o standar d 
score s wit h respec t  t o th e entir e distribution ,  i.e. ,  ove r 
al l  thre e experiments . 

Results 

Figure 2 shows human (top) and simulated (bottom) 
dat a fo r  Experimen t  1 .  Bot h huma n an d simulate d 
subject s exhibi t  larg e performanc e difference s i n th e 
single-tas k phas e (u p t o bloc k 8) .  Thes e differences , 
tha t  resul t  fro m differen t  degree s o f  explici t  knowledg e 
of  th e sequenc e i n th e differen t  groups ,  vanis h i n th e 
second ,  dual-tas k phase . 
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Figur e 2 .  H u m a n (top )  an d simulate d (bottom )  performanc e 
i n Experimen t  1  o f  Curra n an d Keel e (1993) .  Letter s 
followin g bloc k number s o n X  axi s indicat e typ e o f  materia l 
(Rando m o r  Sequence) . 

Th i s patter n o f  result s als o obtain s i n th e simulatio n 
b e c a u s e n e t w o r k s tha t  w e r e m o s t  sensitiv e t o 
informatio n c o m i n g f r o m th e indirec t  p a t h w a y suffe r 
m o st  w h e n thi s in format io n b e c o m e s unreliabl e 
becaus e o f  th e noise .  A n analysi s o f  th e qualit y o f  th e 
informatio n p roduce d b y th e buffe r  ne twor k i n eac h 
g rou p reveale d difference s i n th e expecte d directions . 
T h e simulation s ar e fa r  f r o m perfect ,  h o w e v e r .  O n e 
ma jo r  discrepanc y wit h th e dat a concern s th e siz e o f 
th e effect s i n th e "Intentional "  a n d " M o r e a w a r e " 
groups .  A l t houg h th e fi t  ca n b e i m p r o v e d b y choosin g 
differen t  parameter s an d b y limitin g th e standar d scor e 
transformatio n t o a  singl e exper iment ,  " M o r e a w a r e " 
n e t w o r k s tende d t o systematicall y resembl e "Les s 
a w a r e "  network s m o r e tha n "Intentional "  networks . 

Figur e 3  (top )  s h o w s result s fo r  bot h h u m a n an d 
simulate d subject s i n Expe r imen t  2 .  H e r e ,  intentiona l 
subject s lear n u n d e r  single-tas k condit ions ,  an d 
incidenta l  subject s lear n unde r  dual-tas k conditions . 
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Figur e 3 .  H u m a n an d simulate d performanc e i n Experiment s 
2 (top )  an d 3  (bottom )  o f  Curra n an d Keel e (1993) .  Letter s 
followin g bloc k n u m b e r s o n X  axi s indicat e materia l 
( R a n d o m o r  Sequence) .  Int: :  Intentiona l  subjects ;  Inc : 
Incidenta l  subjects ;  Sin :  Single-tas k condition ;  Dual :  Dual -
tas k condition . 
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Bot h group s transfe r  t o a  dua l  task-phase ,  wher e th e 
larg e initia l  difference s betwee n th e group s agai n 
disappear .  Simila r  effect s ar e exhibite d b y th e model . 
Finally ,  th e result s fro m Experimen t  3 ,  show n i n th e 
botto m pane l  o f  Figur e 3 ,  indicat e tha t  incidenta l 
subject s wh o fu-s t  lear n unde r  dual-tas k condition s an d 
the n transfe r  t o a  single-tas k phas e exhibi t  abou t  th e 
same facilitatio n i n bot h phases .  Th e mode l  tend s t o 
exhibi t  a  slightl y large r  effec t  i n single -  tha n i n dual -
tas k conditions ,  bu t  thi s wa s no t  systemati c ove r 
differen t  set s o f  parameters .  Th e larg e discrepanc y 
betwee n th e simulatio n an d huma n dat a i n earl y 
trainin g block s (als o presen t  t o a  lesse r  exten t  i n th e 
othe r  simulations )  result s fro m unspecifi c  practic e 
effect s tha t  th e mode l  fail s  t o simulat e (se e 
Cleeremans .  1993) .  Ove r  al l  thre e experiments ,  th e 
model  account s fo r  abou t  7 5 % o f  th e varianc e i n th e 
dat a usin g a  linea r  fi t  (r 2 =  0.743) ,  an d fo r  abou t  8 8 % 
when usin g a n exponentia l  fit  (r 2 =  0.876 )  tha t  bette r 
reflect s th e somewha t  curvilinea r  relationshi p betwee n 
th e model' s response s an d huma n RTs .  Othe r  factors , 
suc h a s unspecifi c  practic e effect s an d strategi c 
adjustment s resultin g fro m subject' s adaptatio n t o thei r 
own change s i n performance ,  ar e no t  represente d i n th e 
model  an d woul d al l  ten d t o lowe r  th e fi t  eve n i f  th e 
model  wa s i n fac t  perfec t  i n simulatin g sequenc e 
learning . 

Discussio n 

In this article, I introduced a new model of sequence 
processin g tha t  implement s th e notio n tha t  learnin g o f 
sequentia l  materia l  i n choic e reactio n task s ma y ta p o n 
tw o differen t  source s o f  knowledge :  Knowledg e base d 
on th e tempora l  contex t  establishe d b y previou s 
element s o f  th e sequence ,  an d knowledg e base d o n a n 
encodin g o f  th e nex t  elemen t  i n som e othe r  par t  o f  th e 
system .  Th e mode l  wa s foun d t o b e abl e t o accoun t  fo r 
th e majo r  effect s reporte d b y Curra n an d Keel e (1993) . 
Thei r  experimenta l  dat a sugges t  (1 )  tha t  explici t 
knowledg e ma y facilitat e inqjlici t  learning ,  (2 )  tha t 
subject s wil l  ten d t o develo p an d us e explici t 
knowledg e o f  th e materia l  wheneve r  possible ,  an d (3 ) 
tha t  bot h acquisitio n an d expressio n o f  suc h knowledg e 
depen d o n th e availabilit y  o f  attentiona l  resources . 
Othe r  factor s ma y als o b e involved .  On e suc h facto r  i s 
sequenc e complexity .  Fo r  instance ,  i n shar p contras t 
wit h th e simpl e repeatin g six-element s sequence s use d 
here ,  Cleereman s an d McClellan d (1991 )  use d 
probabilisti c  materia l  tha t  wa s generate d fro m a  nois y 
finite-state  grammar .  Memorizin g thi s kin d o f  materia l 
i s impossible ,  becaus e i t  i s no t  base d o n th e repetitio n 
of  a  specifi c  pattern .  Thus ,  althoug h som e simpl e 
pattern s tende d t o recur ,  subject s coul d presumabl y no t 
use a n explici t  trac e o f  th e sequenc e t o tel l  themselve s 
what  th e nex t  elemen t  woul d be ,  an d indee d exhibite d 
ver y littl e explici t  knowledg e o f  th e sequence .  Thi s 
outcom e i s predicte d b y th e D S R N model ,  becaus e 
ther e woul d littl e benefi t  o f  usin g informatio n comin g 
fro m th e indirec t  pathwa y (relativ e t o informatio n 
comin g fro m th e direc t  pathway )  whe n th e materia l  i s 

probabilisti c  i n nature .  Furthe r  researc h wil l  explor e th e 
impac t  o f  suc h factor s o n th e relationshi p betwee n 
explici t  an d implici t  performanc e i n sequenc e learnin g 
situations . 
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