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Abstrac t 
We repor t  o n a n experimen t  i n whic h subject s wer e aske d 
t o predic t  th e locatio n o f  a  stimulu s base d o n observatio n 
of  a  serie s o f  fiv e events .  Unbeknowns t  t o subjects ,  th e 
locatio n o f  th e sixt h even t  wa s deternoine d b y a  doubl e 
contingenc y betwee n th e secon d an d fourt h event s i n th e 
sequence .  Thi s materia l  i s  therefor e highl y complex ,  sinc e 
th e relevan t  event s ar e embedde d i n a  larg e numbe r  o f 
irrelevan t  contexts .  Th e result s indicate d tha t  subject s 
improve d thei r  predictio n performanc e ove r  1 0 session s 
encompassin g ove r  240 0 trial s o f  training ,  despit e th e fac t 
tha t  the y remaine d completel y unawar e o f  th e existenc e o f 
th e rule ,  an d unabl e t o verbaliz e thei r  knowledg e o f  th e 
contingencie s i n th e material .  W e propos e a  mode l  o f 
performanc e i n thi s task ,  i n th e for m o f  a  PD P mode l  o f 
sequenc e processing .  Th e mode l  successfull y account s fo r 
performanc e an d illustrate s ho w knowledg e abou t  th e 
tempora l  contex t  ma y develo p i n a  wa y tha t  doe s no t 
necessaril y  yiel d decomposabl e representations . 
Interestingly ,  th e mode l  als o predict s tha t  performanc e 
woul d b e wors e i f  subject s wer e require d t o predic t 
successiv e event s rathe r  tha n simpl y observ e them . 

Introduction 

Imphci t  leamin g i s th e proces s whereb y knowledg e abou t 
complex ,  rule-governe d stimulu s environment s i s acquire d 
withou t  specifi c  intention s t o lear n an d largel y independentl y 
of  consciou s knowledg e abou t  wha t  wa s learne d (Reber , 
1989) .  Thi s proces s ha s bee n explore d i n a  wid e variet y o f 
experimenta l  context s includin g artificia l  gramma r  leamin g 
(Rebe r  1967 ,  1989) ,  patterne d sequenc e learnin g (Lewicki , 
Hill ,  &  Bizot ,  1988 ;  Nisse n &  BuUemer ,  1987 ;  Cleereman s 
& McClelland ,  i n press) ,  concep t  formatio n (Brooks ,  1978) , 
probabilit y  leamin g (Rebe r  &  Millward ,  1968 ,  1971) ,  and 
proces s contro l  o f  simulate d manufacturin g plant s (Berr y & 
Broadbent ,  1984) .  I n al l  case s subject s lear n t o mak e 
decisions ,  classif y nove l  stimuli ,  anticipat e events ,  an d solv e 
problem s tha t  require d knowledg e o f  th e regularitie s i n th e 
stimulu s environmen t  whil e showin g littl e o r  n o explicit , 
reportabl e knowledg e abou t  thos e regularities . 

Thi s researc h wa s supporte d b y Gran t  BNS-89-0794 6 fro m th e 
Nationa l  Scienc e Foundatio n an d b y a  PSC-CUNY Gran t  fro m th e 
Cit y Universit y  o f  Ne w Yor k t o Arthu r  S .  Reber . 

As ha s bee n argue d elsewher e (Reber ,  1989 ;  Cleereman s 
& McClelland ,  i n press) ,  thes e experiment s al l  hav e i n 
common th e propert y tha t  th e underlyin g knowledg e bas e 
tha t  subject s extrac t  fro m thei r  interacdon s wit h th e 
stimulu s environment s ca n b e capture d b y th e notio n o f 
covariation .  Tha t  is ,  subjects '  behavio r  i n al l  o f  thes e 
experiment s appear s t o reflec t  a  singl e process :  th e detectio n 
of  covariation s amon g event s a s the y ar e instantiate d i n th e 
stimulu s display .  Th e generalit y o f  thi s proces s i s 
considerabl e an d i t  ha s bee n observe d acros s a  wid e rang e o f 
stimulu s material s (se e Reber ,  1989 ,  fo r  a  review) . 

I n thi s pape r  w e explor e thi s notio n o f  th e detectio n o f 
covariatio n furthe r  b y introducin g a  stimulu s environmen t 
tha t  i s base d o n a  comple x arra y o f  event s whos e underlyin g 
structur e i s characterize d b y a  remote ,  double -  dependenc y 
rul e tha t  i s  fa r  mor e comple x tha n anythin g tha t  ha s bee n 
studie d t o date .  I f  implici t  leamin g i s a s robus t  a  proces s a s 
some hav e suggeste d (Lewicki ,  1986 ;  Lewick i  &  Hill ,  1989 ; 
Reber ,  1989) ,  the n w e ough t  t o b e abl e t o observ e thi s 
proces s emergin g i n situation s wher e th e associativ e link s 
betwee n event s ar e comple x an d non-salient . 

The procedur e use d i n thi s stud y i s a  relativel y simpl e 
predictio n experimen t  i n whic h subject s ha d t o "guess "  th e 
successo r  o f  a  sequenc e o f  simila r  events .  Subject s wer e 
expose d t o a  serie s o f  five  stimul i  presente d successivel y o n 
a compute r  monito r  and  wer e aske d t o predic t  th e locatio n o f 
th e sixt h stimulus .  Ther e wer e thre e possibl e locations , 
arrange d a s th e vertice s o f  a  triangle ,  a t  whic h th e stimul i 
coul d appear .  Th e firs t  fiv e stimul i  alway s appeare d a t 
rando m locations ;  th e locatio n o f  th e sixt h stimulu s wa s 
determine d o n th e basi s o f  th e relationshi p betwee n th e 
location s o f  th e 2n d and  4t h stimuli .  Th e 1st ,  3rd ,  an d 5t h 
stimul i  wer e alway s irrelevant . 

Ther e ar e a t  leas t  tw o reason s wh y thi s tas k ma y b e quit e 
hard .  First ,  ther e ar e mor e irrelevan t  event s tha n usefu l  ones . 
Second ,  th e rul e tha t  define s th e locatio n o f  th e targe t 
sfimulu s i s  comple x i n tha t  i t  involve s a  relationshi p 
betwee n event s rathe r  tha n th e particula r  event s themselves . 
Thi s result s i n eac h componen t  o f  th e rul e bein g instantiate d 
by differen t  pair s o f  events ,  eac h o f  whic h ma y i n tur n b e 
embedded i n a  larg e numbe r  o f  differen t  irrelevan t  contexts . 
Nevertheless ,  w e sho w tha t  subject s d o lear n doubl e 
dependencie s o f  thi s kind ,  an d tha t  the y d o s o independentl y 
of  an y explici t  knowledg e o f  th e rules .  W e als o sho w tha t 
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onc e th e patter n ha s bee n picke d u p subject s ar e capabl e of 
transferrin g thei r  knowledg e t o a  "shifted "  rul e despit e th e 
fac t  tha t  the y wer e unawar e of  th e rul e change . 

Finally ,  w e presen t  a  simulatio n o f  th e huma n dat a usin g 
a Paralle l  Distribute d Processin g (PDP )  mode l  base d o n th e 
simpl e recurren t  networ k ("SRN" )  architectur e firs t 
introduce d b y Elma n (1990) .  Cleereman s an d McClellan d (i n 
press )  showe d tha t  thi s mode l  coul d successfull y accoun t  fo r 
implici t  learnin g o f  sequentia l  materia l  i n a  choic e reactio n 
situatio n wher e th e sequence s wer e generate d fro m a n 
artificia l  grammar .  Thi s mode l  therefor e appear s t o b e a 
natura l  candidat e fo r  modelin g implici t  learnin g processe s i n 
predictio n task s suc h a s th e on e w e describ e i n thi s paper . 
We sho w tha t  th e mode l  i s successfu l  i n accountin g fo r 
some (bu t  no t  all )  aspect s of  performanc e i n ou r  situation . 
The mode l  illustrate s h o w successfu l  predictio n performanc e 
m ay emerg e fro m representation s tha t  ar e no t  easil y 
decomposable ,  an d thu s possibl y har d t o verbalize .  Th e 
model  als o predict s tha t  th e particula r  trainin g condition s 
use d i n thi s experimen t  ar e critica l  fo r  successfu l 
performance .  W e conclud e tha t  th e S R N mode l  ha s th e 
potentia l  of  givin g a  reasonabl e characterizatio n o f  implici t 
learnin g i n a  variet y of  stimulu s environments . 

A complex sequence prediction task 

Method 

Subjects. Six Brooklyn College undergraduates 
participate d i n th e experiment .  The y wer e pai d $40 ,  an d 
receive d a  bonu s of  on e cen t  pe r  correc t  predictio n beyon d 
chanc e level . 

Apparatus and display. The experiment was run on an 
I B M microcomputer .  Th e displa y consiste d of  thre e 
numbere d boxe s locate d a t  th e vertice s o f  a n invisibl e 
inverte d triangle ,  an d measurin g 6. 5 c m X  7.5 .  c m each .  A 
tria l  consiste d o f  five  successiv e events .  Eac h even t  consiste d 
of  th e appearanc e o f  a  squar e stimulu s (2. 5 c m wide )  i n on e 
of  th e boxes .  Th e stimulu s remaine d o n scree n fo r  25 0 msec . 
The inter-stimulu s interva l  wa s 25 0 msec .  Durin g a  serie s of 
5 events ,  th e stimulu s move d fro m on e bo x t o another .  Afte r 
th e fifth  even t  ha d occurred ,  subject s wer e aske d t o predic t  i n 
whic h bo x th e stimulu s woul d appea r  next .  The y entere d 
thei r  predictio n b y typin g a  numbe r  betwee n 1  an d 3  o n th e 
keyboard .  Th e con^ute r  the n displaye d th e correc t  respons e 
by presentin g th e stimulu s i n th e correc t  bo x fo r  200 0 msec . 
Subject s initiate d th e nex t  tria l  b y pressin g th e spac e bar . 

Design and stimulus generation. We constructed 18 
differen t  rando m order s o f  th e se t  of  24 3 (3^ )  possibl e 
sequence s of  5  stimuli .  Eac h o f  thes e 1 8 set s of  24 3 
sequence s wa s the n blocke d i n 3  group s of  8 1 trials ,  fo r  a 
tota l  of  5 4 blocks .  Subject s wer e expose d t o a  tota l  o f  437 4 
trial s ove r  6  days .  Ther e wa s a  shor t  paus e betwee n an y tw o 
blocks .  Al l  subject s wer e expose d t o th e sam e 1 8 rando m 
orders .  Intentionall y vagu e instruction s describe d th e 
experimen t  a s bein g abou t  "predictio n behavior" . 

Th e entir e experimen t  wa s broke n dow n i n thre e phase s 
(th e existenc e o f  whic h subject s wer e naturall y kep t 
unaware) .  Phas e I  (th e "training "  phase )  consiste d of  243 0 

trial s (i.e. ,  3 0 block s o f  8 1 trials) .  Durin g thi s phase ,  th e 
locatio n of  th e sixt h even t  coul d b e predicte d perfectl y base d 
on th e relationshi p betwee n th e location s a t  whic h th e 
secon d an d fourt h stimul i  of  th e curren t  tria l  ha d appeared .  I f 
thes e stimul i  ha d appeare d a t  th e sam e scree n location ,  the n 
th e sixt h stimulu s appeare d i n Bo x 1 .  I f  the y ha d bee n i n a 
clockwis e relationship ,  th e sixt h stimulu s appeare d i n Bo x 
2.  Th e sixt h stimulu s appeare d i n Bo x 3  i f  th e secon d an d 
fourt h stimul i  ha d bee n i n a  counter-clockwis e relationship . 

I n Phas e I I  (th e "transfer "  phase) ,  th e rul e wa s 
surreptitiousl y modifie d b y shiftin g th e locatio n o f  th e sixt h 
stimulu s b y on e bo x fo r  eac h componen t  of  th e rule .  Fo r 
instance ,  sixt h event s whic h ha d appeare d i n Bo x 1  durin g 
Phase I  n o w appeare d i n Bo x 2 .  Similarly ,  sixt h event s 
whic h shoul d hav e appeare d i n Bo x 2  no w appeare d i n Bo x 
3,  an d thos e whic h shoul d hav e appeare d i n Bo x 3  no w 
appeare d i n Bo x 1 .  Subject s wer e aske d t o mak e 97 2 
prediction s (i.e. ,  1 2 block s of  8 1 trials )  i n thi s phase . 

Durin g Phas e H I  (th e "random "  phase) ,  th e rul e wa s agai n 
modified :  th e locatio n a t  whic h th e sixt h stimulu s ma y 
appea r  wa s no w simpl y determine d a t  rando m Subject s wer e 
agai n aske d t o mak e 97 2 prediction s (i.e. ,  1 2 block s o f  8 1 
trials )  i n thi s phas e o f  th e experiment . 

Finally ,  w e conducte d extensiv e interview s wit h eac h 
subjec t  immediatel y afte r  completio n o f  th e experiment . 

Results 

For  eac h sessio n o f  th e experiment ,  w e compute d th e averag e 
proportio n o f  correc t  prediction s abou t  th e locatio n o f  th e 
sixt h stimulus .  Th e result s o f  thi s analysi s ar e illustrate d i n 
Figur e 1 .  Subject s becom e increasingl y bette r  a t  makin g 
accurat e prediction s ove r  th e firs t  1 0 session s o f  training ,  an d 
end u p reachin g abou t  4 5 % correc t  response s i n th e 10t h 
session .  Thi s i s significantl y abov e chanc e leve l  ( 3 3 % ) ^  an d 
clearl y indicate s tha t  subject s hav e acquire d knowledg e abou t 
th e relevan t  regularitie s embedde d i n th e material .  Th e secon d 
phas e begin s wit h a  dramati c dro p i n performanc e (t o chanc e 
level) ,  bu t  ther e i s agai n evidenc e o f  learnin g ove r  th e nex t 
thre e session s ( p <  .01) .  Thi s suggest s tha t  subject s ar e abl e 
t o transfe r  relativel y easil y fro m on e stimulus-respons e se t 
t o anothe r  one .  A s expected ,  performanc e i n th e third , 
random ,  phas e i s lo w an d fail s t o b e significantl y ove r 
chanc e level . 

Despit e thi s clea r  sensitivit y t o th e comple x regularitie s 
embedded i n th e material ,  non e o f  th e subject s exhibite d 
explici t  knowledg e of  th e sequentia l  structur e whe n aske d 
afte r  th e task .  Post-experimenta l  interview s reveale d tha t 
subject s fel t  frustrate d i n thei r  attempt s t o "lear n th e rule " 
tha t  determine d th e locatio n o f  th e sixt h stimulus .  Al l 
subject s reporte d tha t  the y eventuall y abandone d th e searc h 
fo r  rules ,  an d starte d predictin g accordin g t o thei r  "hunches " 
or  accordin g t o "wha t  fel t  right".  Subject s wer e unabl e t o 
specif y whic h covariation s wer e crucia l  i n th e sequenc e o f 
five  stimuli ,  no t  eve n i n a  genera l  for m suc h a s "whe n th e 
nt h stimulu s wa s i n bo x X ,  th e correc t  answe r  wa s usuall y 

'  Al l  statistica l  test s reporte d i n thi s sectio n wer e conducte d b y 
usin g a  norma l  approximatio n t o th e binomia l  distribution ,  a t 
th e .0 1 level . 
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Y" .  N o subjec t  reporte d awarenes s o f  th e rul e shift s betwee n 
th e thre e phase s o f  th e experiment . 

0.5 

0.2 

r 

TRAININ G SHIFT RANDOM 

8 1 0 1 2 
Sessio n 

14 1 6 18 

Figur e 1 :  Mea n proportio n o f  correc t  predictions ,  ove r  th e 1 8 
session s o f  training ,  an d fo r  th e thre e phase s o f  th e experimen t 
('Training" ,  "Shift" ,  &  "Random") . 

Subjects '  poo r  knowledg e o f  th e constraint s embedde d i n th e 
materia l  wa s als o confirme d b y thei r  performanc e o n a 
rankin g task ,  i n whic h the y wer e aske d t o rat e eac h o f  th e 
fiv e stimul i  i n term s o f  thei r  relevanc e i n predictin g th e 
locatio n o f  th e sixt h stimulus .  Th e result s faile d t o revea l 
sensitivit y t o th e crucia l  events :  O n a  scal e o f  1  (ver y 
important )  t o 5  (no t  important) ,  th e crucia l  event s receive d 
averag e rank s o f  3. 5 (2n d event )  an d 2.6 7 (4t h event) , 
wherea s th e first ,  thir d an d fifth  event s wer e ranke d 3.33 , 
3.6 7 an d 1.8 3 respectively .  However ,  ther e wa s som e 
evidenc e tha t  particularl y salien t  sequence s whic h wer e 
reporte d b y subject s als o elicite d ver y goo d predictions .  Fo r 
instance ,  sequence s i n whic h th e firs t  fiv e stimul i  ha d 
appeare d a t  th e sam e locatio n alway s predicte d Bo x 1  a s th e 
locatio n o f  th e sixt h trial ,  (i.e. ,  "1111 1 ̂  1" ,  "2222 2 ^ 
1" .  "3333 3 - ^  1") .  Similarly ,  alternatin g sequence s suc h a s 
"12121 "  alway s predicte d Bo x 1  a s well .  Subject s coul d 
correctl y predic t  th e successo r  o f  repeatin g sequence s i n 
abou t  6 1 % o f  th e case s o f  Phas e I  (49 % fo r  th e alternatin g 
sequences )  — considerabl y bette r  tha n average .  Thi s resul t 
clearl y indicate s that ,  a t  leas t  i n som e specifi c  case s lik e 
this ,  subject s hav e becom e awar e o f  som e o f  th e regularitie s 
embedded i n th e material .  Subjects '  successfu l  predictio n 
performanc e i s fa r  fro m bein g base d onl y o n thes e salien t 
patterns ,  however :  Th e averag e predictio n scor e durin g Phas e 
I  onl y droppe d b y .004 6 percentag e point s whe n th e 3 
possibl e "repeating "  an d 6  possibl e "singl e alternating " 
sequence s wer e eliminate d fro m th e analysis .  Clearly , 
subject s hav e becom e sensitiv e t o contingencie s abou t  whic h 
the y ar e unabl e t o report . 

A s imu la t io n o f  h u m a n pred ic t io n 

p e r f o r m a n c e 

Thi s stud y i s a  natura l  candidat e fo r  explorin g h o w wel l  a 
model  o f  sequenc e processin g firs t  inti"oduce d b y Elma n 
(1990 )  m a y b e use d t o simulat e h u m a n predictio n 
performance .  Cleereman s &  McClellan d (i n press )  use d th e 
"Simpl e Recurren t  Network" ,  o r  "SRN" ,  t o mode l  implici t 
learnin g processe s i n a  choic e reactio n situation .  Th e S R N 
(Figur e 2 )  i s a  standar d full y connecte d three-layer s back -
propagatio n networ k (se e Rumelhart ,  Hinto n &  Williams , 
1986) ,  wit h tiie  adde d propert y tha t  th e hidde n uni t  laye r  i s 
allowe d t o fee d bac k o n itsel f  wit h a  dela y o f  on e time  step , 
so tha t  th e intermediat e result s o f  processin g a t  time  t- 1 ca n 
influenc e tiie  intermediat e result s o f  processin g a t  time  t .  I n 
practice ,  th e S R N i s implemente d b y copyin g th e patter n o f 
activatio n o n th e hidde n unit s ont o a  se t  o f  "contex t  units" , 
whic h fee d bac k int o th e hidde n laye r  alon g wit h th e nex t 
input .  Al l  th e forward-goin g connection s i n tiiis  architectur e 
ar e modifie d b y back-propagation .  Th e recurren t  connection s 
fro m th e hidde n laye r  t o th e contex t  laye r  implemen t  a 
simpl e cop y operatio n an d ar e no t  subjec t  t o training . 

As reporte d elsewher e (Cleeremans ,  Servan-Schreibe r  & 
McClelland ,  1989 ,  i n press) ,  w e hav e explore d th e 
computationa l  aspect s o f  thi s architectur e i n considerabl e 
detail .  Followin g Elma n (1990) ,  w e hav e show n tha t  a n 
S RN ti-ained  t o predic t  th e successo r  o f  eac h elemen t  o f  a 
sequenc e presente d on e elemen t  a t  a  tim e ca n lear n t o 
perfor m thi s "predictio n task "  perfectl y o n moderatel y 
comple x material .  Fo r  instance ,  Ui e S R N ca n lear n t o predic t 
optimall y eac h elemen t  o f  a  continuou s sequenc e generate d 
fro m smal l  finite-state  grammar s suc h a s thos e use d b y 
Reber  (1989) .  Afte r  training ,  th e networ k produce s response s 
tha t  closel y approximat e th e optima l  conditiona l 
probabilitie s o f  presentatio n o f  al l  possibl e successor s o f  th e 
sequenc e a t  eac h step .  Not e tha t  th e networ k i s neve r 
presente d wit h mor e tha n on e elemen t  o f  th e sequenc e a t  a 
time .  Thus ,  i t  ha s t o elaborat e it s o w n interna l 
representation s o f  a s muc h tempora l  contex t  a s neede d t o 
achiev e optima l  predictions .  Throug h ti-aining,  th e networ k 
progressivel y come s t o discove r  whic h feature s o f  th e 
previou s sequenc e ar e relevan t  t o tiie  predictio n task . 

OUTPUT UNIT S :  Elemen t  t+ 1 

HIDDEN UNIT S 

CONTEXT UNIT S INPLTT UNITS :  Elemen t  t 

Figur e 2 :  Th e simpl e recurren t  networ k (SRN) .  Adapte d fro m 
Qeeremans &  McClellan d (i n press) . 
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Thi s architectur e — a s wel l  a s othe r  connectionis t 
architecture s wit h whic h th e S R N share s severa l  basi c 
feature s — appear s t o b e a  goo d candidat e fo r  modelin g 
implici t  learnin g phenomena .  Fo r  instance ,  becaus e al l  th e 
knowledg e o f  th e syste m i s store d i n it s connections ,  thi s 
knowledg e m a y onl y b e expresse d throug h performance . 
Further ,  th e back-propagatio n learnin g procedur e implement s 
th e kin d o f  elementar y associativ e learnin g tha t  seem s 
characteristi c o f  m a n y implici t  learnin g processes .  However , 
ther e i s als o substantia l  evidenc e tha t  knowledg e acquire d 
implicitl y  i s  ver y comple x an d structure d (Reber ,  1989 )  — 
not  th e kin d o f  knowledg e on e think s woul d emerg e fro m 
associativ e learnin g processes .  Th e wor k o f  Elma n (1990) , 
i n whic h th e S R N architectur e wa s applie d t o languag e 
processing ,  ha s demonstrate d tha t  th e representation s 
develope d b y th e networ k ar e highl y structure d an d accuratel y 
reflec t  subtl e contingencies ,  suc h a s thos e entaile d b y 
pronomina l  referenc e i n comple x sentences .  Thus ,  i t  appear s 
tha t  th e S R N embodie s tw o importan t  aspect s o f  implici t 
learnin g performance :  elementar y learnin g mechanism s tha t 
yiel d comple x an d structure d knowledge .  Th e S R N mode l 
share s thes e characteristic s wit h m a n y othe r  connectionis t 
models ,  bu t  it s specifi c  architectur e make s i t  particularl y 
suitabl e fo r  processin g sequentia l  material . 

T o mode l  ou r  experimenta l  situation ,  w e m a d e th e 
followin g assun^tions :  First ,  eac h o f  th e thre e possibl e 
location s a t  whic h th e stimulu s m a y appea r  wa s represente d 
b y activatin g a  singl e uni t  i n eithe r  th e inpu t  poo l  o r  th e 
outpu t  pool .  Second ,  w e assume d tha t  th e activation s o f  th e 
outpu t  unit s represen t  th e network' s prediction s abou t  th e 
locatio n o f  th e nex t  stimulus .  Third ,  sinc e n o prediction s 
wer e require d fro m subject s durin g presentatio n o f  th e first 
five  trial s o f  a  series ,  learnin g wa s turne d of f  fo r  thos e trials . 
Th e networ k wa s therefor e merel y storin g successiv e event s 
durin g presentatio n o f  th e first  fou r  trials .  W h e n th e fifth 
tria l  wa s presente d a s inpu t  t o th e network ,  learnin g wa s 
turne d on ,  an d th e networ k wa s traine d t o activat e th e outpu t 
uni t  correspondin g t o th e locatio n a t  whic h th e sixt h 
stimulu s woul d appear .  Finally ,  sinc e trial s (i.e .  block s o f 
five  events )  wer e totall y independen t  fro m eac h other ,  th e 
contex t  unit s wer e rese t  t o zer o a t  th e beginnin g o f  eac h 
trial .  Thus ,  th e tempora l  contex t  coul d influenc e processin g 
withi n a  bloc k o f  five  events ,  bu t  i t  wa s prevente d fro m 
carryin g ove r  t o th e nex t  block . 

Procedure. Three SRNs with 15 hidden units were trained 
i n exactl y th e sam e condition s a s h u m a n subjects .  Eac h 
networ k use d a  differen t  se t  o f  initia l  rando m weights ,  an d 
th e learnin g rat e wa s se t  t o 0.5 .  (th e m o m e n t u m paramete r 
was no t  use d i n thes e simulations) .  O n eac h o f  th e 1 8 
session s o f  trainin g (1 0 durin g Phas e I ,  an d 4  eac h durin g 
Phase s I I  an d III) ,  eac h networ k wa s expose d t o 24 3 
sequence s o f  five  events .  O n eac h trial ,  th e networ k wa s 
expose d t o on e o f  thes e sequence s b y activatin g th e inpu t 
uni t  correspondin g t o eac h even t  i n turn .  Not e tha t  th e 
networ k wa s no t  traine d a t  thi s point ;  i t  merel y processe d th e 
sequenc e o f  events .  W h e n th e fifth  even t  wa s presented , 
however ,  learnin g w a s turne d on ,  an d th e networ k wa s 
traine d t o activat e th e uni t  correspondin g t o th e sixt h even t 
on it s outpu t  layer .  Th e erro r  betwee n it s predictio n an d th e 
actua l  sixt h even t  (a s specifie d b y th e rule s appropriat e fo r 
di e curren t  phas e o f  training )  wa s the n con^)ute d an d back -

propagate d t o modif y th e weights .  T o evaluat e th e model' s 
performance ,  w e recorde d th e activado n o f  th e outpu t  units , 
and determine d whic h uni t  wa s mos t  active .  A  predictio n 
respons e wa s considere d correc t  i f  th e activatio n o f  th e uni t 
correspondin g t o th e actua l  sixt h even t  wa s highe r  tha n th e 
activatio n o f  th e tw o othe r  units .  O n th e nex t  trial ,  th e 
contex t  unit s wer e rese t  t o zero ,  learnin g wa s turne d off ,  an d 
th e networ k wa s presente d wit h anothe r  sequenc e o f  five 
events . 
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Figur e 3 :  Mea n proportio n o f  correc t  prediction s ove r  th e 1 8 
session s o f  training ,  an d fo r  th e thre e phase s o f  th e experiment . 
Fille d symbol s represen t  huma n data ;  ope n symbol s represen t 
simulate d dat a (epsilo n =  0.5) . 

Figur e 3  compare s th e h u m a n dat a wit h th e averag e 
proportio n o f  correc t  predictio n response s produce d b y th e 
networks ,  fo r  eac h o f  th e 18  session s o f  training .  I t  i s  clea r 
tha t  th e mode l  i s  learnin g th e regularit y i n Phas e I .  Ther e ar e 
othe r  aspect s o f  th e dat a fo r  whic h th e correspondenc e wit h 
th e simulation s wa s fa r  fro m perfect .  I n particular ,  th e mai n 
discrepanc y i s locate d i n Phas e 11 :  th e mode l  isn' t  nearl y a s 
goo d a s th e huma n subject s t o readjus t  it s  performanc e t o th e 
n e w rule .  Thi s i s interestin g becaus e i t  point s t o a 
shortcomin g share d b y mos t  curren t  simulatio n model s o f 
implici t  phenomena :  thei r  relativ e inabilit y  t o transfe r  t o a 
differen t  se t  o f  stimul i  an d response s whic h i s structurall y 
identica l  t o th e original ,  bu t  instantiate d b y differen t  tokens . 
We wil l  retur n t o thi s poin t  i n th e discussion . 

Figur e 4 a contrast s th e model' s performanc e i n predictin g 
th e sixt h even t  wit h it s averag e performanc e i n predictin g 
event s 2-5 .  Recal l  tha t  th e networ k wa s no t  traine d t o predic t 
successiv e event s durin g presentatio n o f  th e first  fou r  events . 
However ,  i t  stil l  produce d responses ,  whic h m a y b e use d t o 
comput e a  baseUn e "prediction "  scor e agains t  whic h t o 
compar e actua l  predictio n response s o f  th e sixt h event . 
Figur e 4 a show s tha t  thi s baselin e curv e remain s flat  an d a t 
abou t  chanc e leve l  throughou t  ti-aining,  thereb y confirmin g 
tha t  di e networ k i s indee d acquirin g informatio n whic h i s 
specifi c  t o predictin g di e sixt h event . 
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Figur e 4 :  Proportio n o f  correc t  predictio n response s plotte d 
separatel y fo r  Event s 2- 5 (ope n symbols )  an d fo r  Even t  6  (fille d 
symbols) ,  [a] :  Dat a fro m a n S R N traine d onl y o n presentatio n o f 
th e 5t h event ,  [b] :  Dat a fro m a n S R N traine d o n al l  events . 

This analysis is most useful when con^aring its results 
wit h thos e o f  th e sam e analysi s conducte d o n th e response s 
of  a n S R N traine d t o predic t  th e successo r  o f  eac h event . 
Figur e 4 b represent s thes e data .  Interestingly ,  th e model' s 
performanc e i s muc h wors e unde r  thes e condition s tha n whe n 
i t  i s  traine d t o predic t  onl y th e sixt h event .  Indeed ,  ther e i s 
almos t  n o differenc e betwee n th e curve s correspondin g t o 
prediction s o f  event s 2- 5 an d t o even t  6 :  bot h curve s remai n 
fla t  an d a t  abou t  chanc e leve l  throughou t  training.Thi s i s 
becaus e th e networ k i s traine d t o predic t  rando m event s 
(event s 2  t o 5 )  fou r  time s a s m u c h a s i t  i s  traine d t o predic t 
structure d event s (even t  6) .  Becaus e o f  th e erro r 
minimizatio n resultin g fro m back-propagation ,  th e response s 
of  th e networ k ten d t o represen t  th e averag e probabiht y o f 
eac h outpu t  uni t  t o b e activ e i n th e entir e trainin g set .  Sinc e 
th e probabilit y  o f  a n outpu t  uni t  t o b e o n i n th e entir e 
trainin g se t  i s abou t  0.33 ,  th e response s o f  th e S R N ar e 
essentiall y  rando m whe n i t  i s  traine d unde r  thes e conditions . 
Thus ,  th e S R N mode l  make s th e somewha t  counter-intuitiv e 

predictio n tha t  subject s woul d fai l  t o lear n th e contingencie s 
embedded i n th e materia l  i f  th e tas k wa s suc h tha t  the y wer e 
require d t o gues s th e natur e o f  eac h successiv e event . 

Discussion 

Subject s wer e ru n o n a  comple x tas k i n whic h the y wer e 
require d t o predic t  wher e th e sixt h even t  o f  a  serie s woul d 
appear .  Unbeknowns t  t o them ,  th e locatio n o f  th e sixt h 
stimulu s wa s determine d base d o n th e relationshi p betwee n 
th e secon d an d fourt h event s o f  a  sequence .  Subjects ' 
predictio n performanc e improve d wit h training ,  despit e th e 
fac t  tha t  the y remaine d unabl e t o specif y whic h event s wer e 
relevant ,  o r  eve n tha t  ther e wa s an y kin d o f  structur e presen t 
i n th e material .  Further ,  subject s coul d successfull y transfe r 
th e knowledg e acquire d durin g trainin g t o a  different , 
"shifted" ,  rule . 

T h e simulatio n wor k reporte d i n thi s pape r  ha s 
demonstrate d h o w th e S R N mode l  m a y b e applie d t o thi s 
experimenta l  situation .  Ther e ar e severa l  interestin g issue s 
her e wort h commentin g on : 

First ,  th e result s sho w tha t  th e mode l  i s capabl e o f 
learnin g th e comple x rul e instantiate d i n th e trainin g 
material ,  an d t o d o s o a t  abou t  th e sam e rat e a s h u m a n 
subjects^ .  W h a t  ar e th e mechanism s underlyin g thi s 
sensitivity ? Durin g th e firs t  fiv e event s o f  eac h trial ,  th e 
model  i s  merel y storin g informatio n abou t  eac h event ,  i n th e 
for m o f  a  time-varyin g patter n o f  activatio n ove r  th e hidde n 
units .  W h e n th e fifth  tria l  i s  presente d t o th e network ,  thi s 
patter n o f  activatio n n o w represent s th e entir e sequenc e o f 
five  events .  Differen t  sequence s wil l  resul t  i n differen t  suc h 
representations ,  eve n i n th e absenc e o f  an y trainin g .  Thi s i s 
simpl y th e resul t  o f  th e recurren t  natur e o f  th e architectur e 
(se e Cleeremans ,  Servan-Schreibe r  &  McClelland ,  i n press , 
fo r  a  discussio n o f  thi s point) .  I t  i s  o n th e basi s o f  th e 
difference s an d similaritie s betwee n thes e interna l 
representation s tha t  th e networ k become s capabl e o f 
predictin g th e sixt h event .  T o d o so ,  however ,  i t  ha s t o lear n 
h o w t o m a p cluster s o f  interna l  representation s 
correspondin g t o sequence s resultin g i n th e sam e predictio n 
ont o th e outpu t  unit s correspondin g t o thes e predictions . 

Another ,  mor e interestin g point ,  i s  th e observatio n tha t 
th e representation s develope d b y th e networ k ar e completel y 
opaque ,  i n th e sens e tha t  th e informatio n encode d b y th e 
networ k allow s successfu l  performance ,  bu t  i s no t  readil y 
decomposabl e int o critica l  features .  Indeed ,  i t  woul d tak e 
sophisticate d analysi s method s (suc h a s hierarchica l 
clustering ,  se e Cleeremans ,  Servan-Schreibe r  &  McClelland , 
1990 )  t o uncove r  th e regularitie s embedde d i n th e interna l 
representation s develope d b y th e network .  Thi s characteristi c 
of  th e representationa l  syste m o f  th e S R N ,  an d o f  P D F 
network s i n general ,  provide s a  natura l  explanatio n fo r  th e 
fac t  tha t  h u m a n subject s ar e unabl e t o describ e wha t 

2 Obviously ,  th e learnin g rat e i s a  fre e paramete r  i n thi s model . 
We conducte d a  larg e numbe r  o f  simulations ,  eac h wit h differen t 
parameters .  I n som e cases ,  th e networ k faile d t o learn .  I n som e 
othe r  cases ,  performanc e wa s bette r  tha n i n th e huma n data .  Th e 
simulation s discusse d i n thi s pape r  yielde d th e bes t  fits  wit h th e 
human data . 
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element s o f  thei r  knowledg e ar e responsibl e fo r  successfu l 
performance .  Whethe r  model s ar e t o b e take n literall y i s 
arguable ,  particularl y w h e n i t  come s t o thei r  representationa l 
system ,  bu t  thi s provocativ e interpretatio n o f  th e S R N ' s 
behavio r  i s quit e compelling . 

A furthe r  poin t  i s relate d t o training .  Th e result s reveale d 
tha t  th e networ k i s unabl e t o lear n th e tas k whe n traine d o n 
eac h even t  o f  a  series .  Th e correspondin g experimen t  wit h 
h u m an subject s remain s t o b e done ,  bu t  i t  i s  interestin g t o 
speculat e o n th e reason s fo r  thi s interference .  A  typica l  resul t 
i n inq)lici t  learnin g experiment s i s tha t  askin g subject s t o 
loo k fo r  structur e wher e ther e i s non e result s i n wors e 
performanc e (se e fo r  instanc e Reber ,  1976) .  I n ou r  situation , 
askin g th e networ k t o predic t  successiv e event s rathe r  tha n 
simpl y observ e the m appear s t o hav e th e sam e effects ,  an d 
fo r  th e s a m e reasons :  th e mode l  tend s t o elaborat e 
representation s tha t  fai l  t o captur e th e relevan t  covariations , 
becaus e th e structur e i s deepl y embedde d i n m a n y irrelevan t 
contexts . 

O ne aspec t  o f  th e S R N ' s performanc e i n thi s tas k seem s 
t o sugges t  tha t  i t  i s  no t  ye t  a  complet e mode l  o f  th e huma n 
data ,  however .  Indeed ,  th e lac k o f  transfe r  t o th e new ,  shifted , 
rul e syste m use d i n Phas e I I  o f  th e experimen t  m a y b e 
incompatibl e wit h th e ide a tha t  performanc e i s base d onl y o n 
th e kin d o f  mechanism s instantiate d b y th e S R N .  W h y i s i t 
har d fo r  th e S R N mode l  t o adjus t  it s  response s t o th e n e w 
rule ? T h e answe r  Ue s i n a n examinatio n o f  h o w th e S R N 
model  store s an d processe s knowledg e abou t  sequences . 
Basically ,  i n th e cas e o f  thi s particula r  task ,  th e connection s 
betwee n th e inpu t  unit s an d th e hidde n unit s implemen t  a 
mappin g betwee n set s o f  sequence s o f  event s an d distinc t 
interna l  representations .  Optimally ,  eac h se t  o f  sequence s 
whic h result s i n th e sam e predictio n abou t  th e sixt h even t 
shoul d b e associate d t o a  uniqu e cod e o n th e hidde n units . 
M o r e likely ,  ther e i s a  numbe r  o f  distinc t  cluster s o f  interna l 
representations ,  wit h eac h cluste r  groupin g thos e interna l 
representation s whic h resul t  i n th e sam e response .  Th e 
connection s betwee n th e hidde n unit s an d th e outpu t  units , 
i n turn ,  m a p thes e cluster s o f  interna l  representation s ont o 
th e responses .  Th e rul e shif t  introduce d i n th e experimen t  i s 
i n effec t  a  chang e i n thi s latte r  mapping .  Indeed ,  i t  doe s no t 
resul t  i n an y chang e i n whic h event s ar e important ,  o r  i n th e 
number  o f  possibl e responses ,  etc .  A s a  result ,  al l  th e 
networ k reall y need s t o d o i n orde r  t o produc e th e shifte d 
response s i s t o adjus t  th e connection s fro m th e hidde n unit s 
t o th e outpu t  units .  But ,  eve n thoug h weigh t  adjustment s ar e 
k n o w n t o b e m u c h faste r  i n th e las t  laye r  o f  connection s 
tha n i n th e others ,  thi s proces s o f  remappin g th e interna l 
representation s appear s t o b e quit e a  slo w one :  eve n thoug h 
i t  woul d eventuall y lear n th e correc t  ne w mapping ,  i t  appear s 
unabl e t o d o s o withi n th e limite d amoun t  o f  trainin g 
availabl e durin g Phas e U . 

Thi s difficult y i n dealin g wit h "shifted "  materia l  exhibite d 
b y th e S R N mode l  i s a  ver y interestin g shortcoming . 
Subject s d o indee d see m t o b e abl e t o readjus t  thei r  response s 
t o th e n e w shifte d rul e rathe r  quickly .  Another ,  similarl y 
intriguin g transfe r  resul t  ha s bee n repeatedl y describe d i n 
g rammar  learnin g experiments .  Fo r  instance ,  Rebe r  (1969 ) 
reporte d tha t  transfe r  performanc e wa s significantl y ove r 
chanc e wit h materia l  generate d fro m a  gramma r  whic h ha d 
th e sam e structura l  propertie s a s th e gramma r  use d durin g 

training ,  bu t  use d a  differen t  se t  o f  letters .  B y contras t  (bu t 
not  surprisingly) ,  transfe r  performanc e wa s muc h wors e i n a 
contro l  conditio n i n whic h th e sam e se t  o f  letter s bu t  a 
differen t  gramma r  wer e used .  Ther e appear s t o b e n o simpl e 
way o f  accountin g fo r  thi s kin d o f  result .  Th e basi c proble m 
i s tha t  successfu l  model s o f  implici t  learning ,  includin g th e 
S R N,  bas e thei r  performanc e o n th e processin g o f 
exemplars .  I f  th e representation s tha t  thes e model s develo p 
encod e th e relevan t  structura l  propertie s o f  th e material ,  the y 
ar e nevertheles s expresse d i n term s o f  th e exemplar s 
themselves ,  an d no t  a s mor e abstrac t  characterization s o f 
thes e structura l  properties .  Th e fac t  tha t  subject s d o transfe r 
successfull y i n thi s situatio n suggest s tha t  som e additiona l 
mechanism s m a y pla y a n importan t  rol e i n implici t  learnin g 
performance .  Ther e i s n o doub t  tha t  th e curren t  generatio n o f 
simulatio n model s o f  implici t  learnin g phenomen a wil l  hav e 
t o addres s thi s issu e i n th e future . 
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