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Abs t rac t 

As linguisti c competenc e s o clearl y illustrates ,  processin g 
sequence s o f  event s i s a  fundamenta l  aspec t  o f  huma n cognition . 
For  thi s reaso n perhaps ,  sequenc e learnin g behavio r  currentl y 
attract s considerabl e attentio n i n bot h cognitiv e psycholog y 
and computationa l  theory .  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 visua l  sequence s o f  events .  A n importan t 
issu e i n thi s contex t  i s  t o determin e whethe r  essentiall y 
associativ e processe s ar e sufficien t  t o understan d huma n 
performance ,  o r  whethe r  mor e powerfu l  learnin g mechanism s 
ar e necessary .  T o addres s thi s issue ,  w e explor e ho w wel l  huma n 
participant s an d connectionis t  model s ar e capabl e o f  learnin g 
sequentia l  materia l  tha t  involve s complex ,  disjoint ,  long -
distanc e contingencies .  W e sho w tha t  th e popula r  Simpl e 
Recurren t  Networ k mode l  (Elman ,  1990) ,  whic h ha s otherwis e 
been show n t o accoun t  fo r  a  variet y o f  empirica l  findings 
(Cleeremans ,  1993) ,  fail s  t o accoun t  fo r  huma n performanc e i n 
severa l  experimenta l  situation s mean t  t o tes t  th e model' s 
specifi c  predictions .  I n previou s researc h (Cleeremans ,  1993 ) 
briefl y describe d i n thi s paper ,  th e structur e o f  center-embedde d 
sequentia l  structure s wa s manipulate d t o b e strictl y identica l  o r 
probabilisticall y differen t  a s a  functio n o f  th e element s 
surroundin g th e embedding .  Whil e th e S R N coul d onl y lear n i n 
th e secon d case ,  huma n subject s wer e foun d t o b e insensitiv e t o 
th e manipulation .  I n th e ne w experimen t  describe d i n thi s 
paper ,  w e teste d th e ide a tha t  performanc e benefit s fro m 
"startin g smal l  effects "  (Elman ,  1993 )  b y contrastin g tw o 
condition s i n whic h th e trainin g regime n wa s eithe r  incrementa l 
or  not .  Again ,  whil e th e S R N i s onl y capabl e o f  learnin g i n th e 
first  case ,  huma n subject s wer e abl e t o lear n i n both .  W e sugges t 
an alternativ e mode l  base d o n Maskar a &  Noetzel' s (1991 ) 
Auto-Associativ e Recurren t  Networ k a s a  wa y t o overcom e th e 
S RN model' s failur e t o accoun t  fo r  th e empirica l  findings. 

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

Over  th e pas t  fe w years ,  sequenc e learnin g ha s becom e on e 
of  th e majo r  paradigm s throug h whic h t o stud y elementar y 
learnin g processes ,  particularl y i n th e contex t  o f  implici t 
learnin g researc h (se e Berr y &  Dienes ,  1993 ;  Cleeremans , 
199 3 fo r  reviews) .  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 visua l  sequence s o f  event s (e.g. ,  Nisse n & 
Bullemer ,  1987) .  Ther e i s n o w a  larg e literatur e showin g 
tha t  h u m a n subject s ca n exhibi t  ver y detaile d sensitivit y t o 

th e sequentia l  constraint s presen t  i n th e materia l  throug h th e 
difference s i n thei r  reactio n tim e t o stimul i  tha t  ar e o r  ar e 
not  predictabl e base d o n th e tempora l  contex t  se t  b y 
previou s element s o f  th e sequence . 

A n importan t  issu e i n thi s contex t  i s  t o determm e whethe r 
essentiall y  associativ e processe s ar e sufficien t  t o understan d 
h u m an performance ,  o r  whethe r  mo r e powerfu l  learnin g 
mechanism s ar e necessary .  Thi s issu e ha s bee n typicall y 
approache d b y exposin g participant s t o comple x materia l 
tha t  involve s disjoin t  tempora l  contingencies ,  tha t  is , 
contingencie s betwee n element s o f  a  sequenc e tha t  ar e 
separate d b y a  numbe r  o f  othe r  irrelevan t  elements .  Fo r 
instance .  Ree d an d Johnso n (1994 )  traine d thei r  participant s 
o n so-calle d second-orde r  conditiona l  sequence s i n whic h 
eac h elemen t  t  o f  th e sequenc e ca n onl y b e predicte d base d o n 
th e identit y o f  bot h element s /  -  2  an d t  1 .  Othe r  researc h 
has focuse d specificall y o n th e questio n o f  determinin g 
whethe r  h u m a n participant s ca n maintai n informatio n abou t 
long-distanc e contingencie s ove r  embedde d material ,  a s 
illustrate d b y th e followin g tw o natura l  languag e 
expressions : 

The dog - that chased the cat - is playfiil 
Th e dog s -  tha t  chase d th e ca t  -  ar e playfu l 

Both expressions share an embedding that is completely 
irrelevan t  i n determinin g th e numbe r  o f  th e verb .  W h e n 
processin g suc h expressions ,  informatio n abou t  th e numbe r 
of  th e hea d (do g vs .  dogs )  therefor e ha s t o b e maintaine d i n 
m e m o ry unti l  processin g o f  th e embeddin g informatio n ha s 
bee n completed . 

Suc h expression s presen t  interestin g challenge s fo r 
popula r  sequentia l  cormectionis t  architecture s suc h a s th e 
Simpl e Recurren t  Networ k (henceforth ,  S R N ) .  T h e S R N , 
fu^ t  propose d b y Ehna n (1990) ,  an d subsequentl y adapte d b y 
Cleereman s &  McClellan d (1991 )  t o simulat e sequentia l 
effect s i n reactio n tim e tasks ,  i s  shovr a i n Figur e 1 .  Th e 
networ k use s back-propagatio n t o lear n t o predic t  th e nex t 
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 
has elaborate d itsel f  T o d o so ,  i t  use s informatio n provide d 
by 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 
previou s tim e step .  Ove r  training ,  th e relativ e activatio n o f 
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Figure 4: The simple recurrent network (SRN). See 
tex t  fo r  details . 

the output units representing each possible successor 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  even t  whe n th e networ k i s  use d a s a  mode l  o f 
h u m an sequenc e learnin g performance .  Previou s wor k (se e 
Cleereman s &  McClelland ,  1991 ;  Cleeremans ,  1993 )  ha s 
show n tha t  th e S R N i s abl e t o accoun t  fo r  abou t  8 0 % o f  th e 
varianc e i n sequentia l  choic e reactio n tim e data . 

Th e S R N ,  however ,  als o suffer s from  a n importan t 
limitatio n i n it s  abilit y t o lear n sequentia l  material .  Indeed , 
on e ke y aspec t  o f  learnin g i n th e S R N i s tha t  th e materia l 
need t o b e "prediction-relevan f  a t  ever y ste p fo r  it s 
representatio n t o b e maintaine d i n th e contex t  laye r  (se e 
Servan-Schreiber ,  Cleereman s &  McClelland ,  1991) .  h i 
othe r  words ,  eac h elemen t  o f  th e sequenc e ha s t o b e usefti l  i n 
predictin g th e nex t  one ,  eve n i f  onl y probabilisticall y so . 
Thi s specifi c  limitatio n i s no t  share d b y othe r  architecture s 
of  simila r  complexity ,  suc h a s th e Jorda n networ k (Jordan , 
1986 )  o r  buffe r  network s (se e Cleeremans ,  1993) .  H o w wel l 
h u m an participant s perfor m wit h suc h materia l  therefor e ha s 
interestin g diagnosti c valu e i n determinin g whic h mode l  i s 
bes t  fit  t o accoun t  fo r  huma n sequenc e learnin g performance . 

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 .  W e 
star t  b y reviewin g existin g dat a i n ligh t  o f  previou s researc h 
on th e S R N .  Next ,  w e repor t  o n a n experimen t  mean t  t o 
compar e h u m a n an d simulate d performanc e i n condition s 
wher e th e S R N i s k n o w n t o fail . 

Overcoming SRN limitations 

Previou s researc h o n thi s issu e ha s reveale d a  numbe r  o f 
importan t  fact s abou t  th e SRN ' s limitations .  I n particular , 
severa l  author s hav e attempte d t o sho w tha t  th e SRN ' s 
sensitivit y t o prediction-relevanc e ca n b e overcom e b y 
changin g feature s o f  th e stimulu s envirormien t  t o whic h th e 
networ k i s  expose d durin g training .  T w o argument s hav e 
bee n developed .  First ,  on e m a y argu e tha t  natura l  languag e 
situation s seldo m correspon d t o th e artificiall y  har d situatio n 
describe d above .  Th e followin g exampl e illustrate s thi s 
naturalisti c argumen t  b y showin g tha t  embedde d structure s 
ar e i n fac t  ofte n dependen t  o n th e informatio n conveye d b y 
th e head ,  i f  onl y i n subtl e ways : 

The dog - that chased its tail - is playful 
Th e dog s -  tha t  chase d eac h othe r  -  ar e playfu l 

I n thes e sentences ,  th e embedding s ca n n o longe r  b e 
switche d betwee n th e tw o expression s becaus e th e numbe r  o f 
th e hea d constraint s t o som e exten t  whic h embedding s ca n 
follow .  Henc e th e gis t  o f  thi s argumen t  i s  tha t  completel y 
independen t  embedding s ar e th e exceptio n rathe r  tha n th e 
rule :  Typica l  embedding s d o contai n (syntaxi c o r  semantic ) 
informatio n tha t  i s relevan t  fo r  th e processin g o f  subsequen t 
information . 

Based o n thi s idea ,  Servan-Schreiber ,  Cleereman s an d 
McClellan d (1991 )  traine d a n S R N o n sequentia l  materia l 
generate d fro m a  finite-state  gramma r  producin g center -
embedded structure s o f  th e followin g form : 

T E*-T 
P -  E *  -  P 

In these expressions, the last element (T or P) is contingent 
on th e firs t  on e (th e head) ,  fro m whic h i t  i s  separate d b y a 
number  o f  embedde d element s E .  I n th e symmetrica l 
conditio n o f  Servan-Schreibe r  e t  al.' s  simulations ,  th e 
embeddin g wa s alway s identica l  regardles s o f  whic h hea d ha d 
occurred .  I n th e other ,  asymmetrica l  condition ,  th e 
probabilit y  o f  occurrenc e o f  som e embedde d element s varie d 
as a  functio n o f  whic h hea d ha d bee n presented .  I n bot h 
conditions ,  th e S R N wa s assesse d o n h o w wel l  i t  coul d 
predic t  th e tai l  afte r  neutra l  embeddings .  Servan-Schreibe r  e t 
al .  foun d tha t  th e S R N coul d onl y maste r  th e materia l  i n th e 
asymmetrica l  condition .  Th e S R N ca n therefor e maintai n 
informatio n acros s irrelevan t  embedde d elements ,  bu t  onl y 
when th e embeddin g a s a  whol e i s  probabilisticall y 
dependen t  o n th e head . 

Cleereman s (1993 )  teste d h u m a n subject s i n a  choice -
reactio n tim e tas k usin g th e sam e desig n a s describe d abov e 
but  wit h th e gramma r  illustrate d i n Figur e 2 ,  whic h ca n 
generat e center-embedde d structure s simila r  t o th e one s 
describe d i n th e previou s paragraphs .  H e foun d tha t  subject s 
wer e abl e t o successfull y anticipat e whic h tai l  wa s mos t 
likel y t o occu r  afte r  a  give n hea d i n bot h conditions .  I n 
contrast ,  th e S R N wa s onl y abl e t o encod e th e long-distanc e 
contingencie s betwee n th e oute r  element s i n th e 
asymmetrica l  condition ,  tha t  is ,  whe n th e embedding s wer e 
probabilisticall y dependen t  o n th e head . 

Overall ,  thes e result s therefor e sugges t  tha t  whil e th e 
SRN' s limitation s ca n b e overcom e b y changin g th e 
probabilit y  structur e o f  th e stimulu s environmen t  i t  i s 
expose d to ,  huma n participant s d o no t  appea r  t o suffe r  fro m 
thes e limitation s a t  all . 

A secon d wa y t o overcom e th e SRN' s limitation s wa s 
propose d b y Ehna n (1993) .  Ehna n foun d tha t  th e S R N wa s 
abl e t o lear n th e kin d o f  comple x an d hierarchicall y 
organize d informatio n tha t  typicall y occur s i n nahira l 
languag e whe n trainin g i s  incremental ,  tha t  is ,  whe n th e 
networ k i s onl y progressivel y expose d t o th e mor e comple x 
sequentia l  contingencie s containe d i n th e stimulu s material . 
T o quot e Elma n (1993) :  "Th e networ k fail s t o lear n th e tas k 
when th e entir e dat a se t  i s  presente d al l  a t  onc e [but ]  whe n 
th e trainin g dat a wer e selecte d suc h tha t  simpl e sentence s 
wer e presente d first,  th e networ k succeede d no t  onl y i n 
masterin g these ,  bu t  the n goin g o n t o maste r  th e comple x 
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Figur e 2 :  Finite-stat e gramma r  use d t o generat e th e 
stimulu s material .  Se e tex t  fo r  details . 

sentences as well" (p. 74). Elman (1993) also found that 
directl y manipulatin g th e network' s m e m o r y b y forcin g th e 
activation s o f  th e contex t  unit s t o b e rese t  a t  progressivel y 
large r  interval s ove r  trainin g produce d equivalen t  beneficia l 
effect s — a  resul t  tha t  prompte d Elma n t o fram e hi s 
argumen t  i n term s o f  development ,  base d o n th e observatio n 
tha t  th e capacit y o f  children' s short-ter m memor y als o 
increase s wit h age . 

I n thi s paper ,  w e propos e t o explor e thi s ide a i n th e contex t 
of  sequenc e learnin g situations .  W e repor t  o n a n experimen t 
designe d t o tes t  th e effect s o f  th e trainin g regime n i n a  six -
choic e sequentia l  reactio n tim e task .  W e contraste d tw o 
condition s tha t  involve d th e sam e stimulu s materia l  bu t  tha t 
use d tw o differen t  trainin g regimens :  a n incrementa l  one ,  an d 
a non-incrementa l  one .  W e detai l  thi s experimen t  i n th e nex t 
section . 

Experimental Design 

Method 

The experimen t  consiste d o f  1 0 trainin g session s durin g 
whic h subject s wer e expose d t o a  seria l  six-choic e R T task . 
Each sessio n consiste d o f  2 0 block s o f  15 0 trial s each ,  fo r  a 
tota l  o f  30,00 0 trials .  O n eac h trial ,  a  stimulu s appeare d a t 
one o f  si x position s arrange d horizontall y o n a  compute r 
screen ,  an d subject s wer e t o pres s a s fas t  an d a s accuratel y a s 
possibl e o n th e correspondin g key . 

The sequentia l  structur e o f  th e materia l  wa s manipulate d 
by generatin g th e sequenc e base d o n th e fmite-stat e gramma r 
illustrate d i n Figur e 2 ,  a s describe d below .  Th e sequence s 
containe d thre e differen t  long-distanc e contingencies ,  th e 
element s o f  whic h (i.e. ,  th e hea d an d th e tail )  wer e separate d 
by a  varyin g numbe r  o f  embedde d elements .  T o determin e 
whethe r  th e trainin g regime n ha s a n impac t  o n performance , 
we contraste d tw o conditions .  I n th e Fla t  trainin g condition , 
th e distributio n o f  embeddin g length s wa s th e sam e 
throughou t  training .  Subject s wer e therefor e expose d t o th e 
most  comple x materia l  righ t  fi-om  th e start .  B y contrast ,  i n 

th e Incrementa l  trainin g condition ,  trainin g starte d wit h 
mostl y shor t  embeddings ,  an d th e proportio n o f  lon g 
embedding s wa s increase d onl y progressivel y durin g 
training . 

Subjects 

Twelv e subject s wer e randoml y assigne d t o eithe r  condition . 
Subject s wer e pai d abou t  $5 0 fo r  thei r  participatio n i n th e 
experimen t  an d coul d ear n a n additiona l  bonu s o f  $1 0 t o $2 0 
base d o n performance . 

Apparatus and Display 

The experimen t  wa s ru n o n PowerP C Macintos h computers . 
The 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 o f  th e key s 
was 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 hig h tha t 
appeare d o n a  whit e scree n background ,  centere d 1  c m belo w 
one o f  th e si x dots .  Th e RS I  wa s 12 0 msec . 

Procedure 

The procedur e use d i n thi s experimen t  followe d ver y closel y 
th e desig n describe d i n Jimenez ,  Mende z an d Cleereman s 
(1996) .  Subject s wer e expose d t o tw o session s eac h da y fo r 
5 consecutiv e days .  Al l  subject s wer e kep t  unawar e o f  th e 
fac t  tha t  th e materia l  containe d sequentia l  contingencies ,  an d 
wer e merel y tol d dia t  th e experimen t  wa s abou t  th e effect s o f 
prolonge d practic e o n moto r  performance .  Th e instruction s 
stresse d bot h accurac y an d speed .  Shor t  user-controlle d res t 
break s occurre d betwee n an y tw o experimenta l  blocks . 
Durin g thes e breaks ,  subject s wer e give n feedbac k abou t 
thei r  performanc e an d informe d abou t  h o w m u c h bonu s 
money the y ha d earne d s o far .  Thi s amoun t  wa s compute d 
fo r  eac h bloc k base d bot h o n accurac y an d speed . 

Stimulus material 

Stimul i  wer e generate d base d o n th e fmite-stat e gramma r 
illustrate d i n Figur e 2 .  O n eac h o f  th e 30,00 0 trials , 
stimulu s generatio n proceede d i n tw o phases .  First ,  a n ar c 
comin g ou t  o f  th e curren t  nod e wa s randoml y selected ,  an d 
it s labe l  recorded .  Th e curren t  nod e wa s initialize d randoml y 
at  th e star t  o f  eac h block ,  an d wa s update d o n eac h tria l  t o b e 
th e nod e pointe d t o b y th e selecte d arc .  Next ,  th e recorded 
labe l  wa s use d t o determin e th e scree n positio n a t  whic h th e 
stimulu s woul d appea r  b y followin g a  6  x  6  Lati n squar e 
design ,  s o dia t  eac h labe l  corresponde d t o eac h scree n 
positio n fo r  exactl y on e o f  th e si x subject s i n eac h 
condition . 

The gramma r  generate s sequence s tha t  al l  shar e th e 
followin g form : 

H -  E"*  - T 

where H designates a head element, E designates a embedded 
element ,  an d T  designate s a  tai l  element .  Th e tai l  elemen t  o f 
any suc h sequenc e als o serve d a s hea d fo r  th e nex t  sequence . 
I n ou r  grammar ,  bot h head s an d tail s  wer e instantiate d b y th e 
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Figure 3: Initial frequency distribution of embeddings 
containin g u p t o fou r  element s i n th e Fla t  an d Incrementa l 
conditions . 

labels 'A', 'B', and 'C, which we subsequently refer to as 
th e oute r  elements .  Th e gramma r  wa s designe d s o tha t  an y 
particula r  hea d coul d b e followe d (afte r  a t  leas t  on e elemen t 
of  th e embedding )  b y th e othe r  tw o oute r  elements ,  an d s o 
tha t  eac h hea d tende d t o b e mor e strongl y associate d wit h 
on e o f  th e tw o lega l  tail s  tha n wit h th e other .  Thu s fo r 
instance ,  i f  'A '  appear s a s th e hea d o f  a  give n sequence ,  'A ' 
itsel f  ca n no t  appea r  a s th e tai l  o f  thi s sequence ,  'B '  wil l 
ten d t o appea r  a s th e tai l  elemen t  i n 8 0 % o f  th e cases ,  an d 
' C i n th e remainin g 2 0 % o f  th e cases .  Thi s differenc e i n tai l 
likelihoo d provide s u s wit h a  simpl e w a y o f  assessin g 
whethe r  subject s ar e sensitiv e t o th e regularitie s containe d i n 
th e material .  Indeed ,  an y differenc e i n th e reaction s time s 
elicite d b y likel y vs .  unlikel y tail s  woul d clearl y indicat e 
tha t  participant s hav e encode d informatio n abou t  th e hea d 
element ,  becaus e onl y th e hea d provide s informatio n abou t 
th e distributio n o f  tails . 

A s Figur e 2  illustrates ,  head s an d tail s wer e alway s 
separate d b y a n embedding .  Th e embeddin g wa s instantiate d 
by thre e differen t  token s (no t  represent d i n Figur e 2) :  th e 
label s 'X'.'Y' ,  an d 'Z' .  Th e gramma r  wa s designe d s o tha t 
on e elemen t  wa s mandatory .  Subsequen t  element s o f  th e 
embeddin g wer e chose n a t  rando m wit h th e constrain t  tha t 
direc t  repetition s o f  an y elemen t  wer e forbidden .  Embedde d 
element s ar e therefor e totall y irrelevan t  wit h respec t  t o th e 
tas k o f  predictin g th e tail .  A  rando m numbe r  o f  additiona l 
embedded element s coul d appea r  wit h probabilit y /  o n eac h 
of  th e thre e loop s o f  th e grammar .  I n th e Fla t  condition ,  / 
was se t  t o 0.66 6 durin g th e entu- e experiment .  Thi s mean s 
tha t  eac h embedde d elemen t  ha d a  0.66 6 chanc e o f  bein g 
followe d b y anothe r  embedde d element .  I n th e Incrementa l 
condition ,  b y contrast ,  th e probabilit y t o sta y i n th e loo p 
increase d fro m 0.2 2 t o 0.6 6 i n step s o f  0.1 1 ever y fou r 
sessions .  Figur e 3  show s th e initia l  frequenc y distributio n o f 
embedding s u p t o lengt h 4 .  O n e ca n se e tha t  shor t 
embedding s ar e m u c h mor e frequent  i n th e Incrementa l 
conditio n tha n i n th e Fla t  condition ,  an d tha t  thi s 
distributio n reverse s fo r  embedding s o f  lengt h 3  an d higher . 

The distribution s o f  eac h conditio n progressivel y converge d 
ove r  trainin g an d wer e identica l  fo r  session s 9  an d 10 . 

Results 

Subject s wer e expose d t o a  six-choic e reactio n tim e tas k 
involvin g comple x sequentia l  contingencie s presente d eithe r 
incrementall y (Incrementa l  condition )  o r  no t  (Fla t 
condition) .  W e firs t  repor t  th e result s o f  th e correspondin g 
simulatio n wor k base d o n th e S R N model . 

Simulation Results 

T o asses s h o w wel l  th e S R N wa s abl e t o accoun t  fo r  R T 
performanc e i n thi s experiment ,  w e traine d th e mode l  o n th e 
same materia l  a s huma n subject s an d fo r  th e sam e nimibe r  o f 
trials ,  wit h th e parameter s an d architectur e use d b y 
Cleereman s an d McClellan d (1991) .  W e use d a n S R N wit h 
15 hidde n unit s an d loca l  representation s o n bot h th e inpu t 
and outpu t  pool s (i.e. ,  eac h uni t  corresponde d t o on e o f  th e 6 
stimuli) .  T o accoun t  fo r  short-ter m primin g effects ,  th e 
networ k use d dua l  connectio n weights ,  a s describe d i n 
Cleereman s an d McClellan d (1991) .  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  huma n 
subjects .  O n eac h step ,  a  labe l  wa s generate d fro m th e 
grammar  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 
was the n allowe d t o sprea d t o th e othe r  unit s o f  th e network , 
and 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 wa s the n use d t o modif y th e weights . 
Durin g fraining,  th e nmnin g averag 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 ratio s 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 normalize d activation s o f  th e outpu t  tmit 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 subtracte d from  I. O t o mak e increase s i n 
respons e strengt h compatibl e wit h reductio n i n R T ,  an d wer e 
fmall y transforme d int o zscore s fo r  eas y compariso n wit h 
himia n data . 

Th e result s ar e illustrate d i n th e lef t  panel s o f  Figur e 4 . 
The dat a represen t  difference s i n th e respons e strength s 
associate d t o eithe r  likel y o r  unlikel y tail s o f  sequence s 
containin g u p t o thre e embedde d elements ,  fo r  th e Fla t 
conditio n (to p panel )  o r  th e Incrementa l  conditio n (botto m 
panel) .  Th e figur e make s i t  clea r  tha t  th e S R N i s incapabl e 
of  learnin g eve n th e shortes t  contingencie s i n th e Fla t 
condition :  Ther e ar e n o difference s betwee n it s response s t o 
likel y an d imlikel y tail s  regardles s o f  th e lengti i  o f  th e 
embedding .  Th e networ k simpl y fail s  t o learn . 

I n contrast ,  th e mode l  appear s capabl e o f  successfull y 
predictin g th e tai l  elemen t  o f  sequence s containin g a  singl e 
embedded elemen t  i n th e Incrementa l  condition ,  producin g 
response s tha t  ar e abou t  5 % stronge r  w h e n th e tai l  i s  likel y 
t o occu r  (give n th e head )  vs .  w h e n i t  i s  not ,  a t  th e en d o f 
training . 

As predicted ,  th e mode l  i s  therefor e quit e sensitiv e t o th e 
differenc e betwee n th e trainin g regimen s use d t o presen t  th e 
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Figure  4: Human and simulated data (i.e., average difference scores between responses to likely and unlikely tail 
elements )  fo r  th e S R N mode l  (lef t  panels) ,  huma n subject s (middl e panels )  an d fo r  th e A A R N (righ t  panels) , 
plotte d separatel y fo r  embedding s o f  lengt h 1  (LI ,  squares) ,  2  (L2 ,  circles) ,  an d 3  (L3 ,  triangles) .  To p panels :  Fla t 
condition .  Botto m panels :  Incrementa l  condition .  Al l  dat a hav e bee n separatel y transforme d int o zscore s base d o n 
th e dat a obtaine d fo r  eac h sourc e ove r  th e tw o conditions .  Se e th e tex t  fo r  additiona l  details . 

stimulu s material .  Ar e huma n 
sensitiv e t o thi s difference ? Thi s 
section . 

participant s similarl y 
i s th e focu s o f  th e nex t 

H u m an pe r fo rmanc e 

The huma n dat a ar e illustrate d i n th e middl e panel s o f  Figur e 
4.  On e ca n se e tha t  subject s appea r  t o lear n i n bot h th e Fla t 
conditio n an d th e Incrementa l  condition .  T o determin e h o w 
wel l  participant s wer e abl e t o discriminat e betwee n likel y 
and unlikel y tail s  afte r  embedding s o f  differen t  lengths ,  w e 
conducte d a n A N O V A o n th e dat a obtaine d ove r  th e las t  tw o 
session s o f  th e experiment .  Thes e dat a ar e represente d i n 
Figur e 5 .  Th e figur e indicate s (1 )  tha t  participant s appea r  t o 
be sensitiv e t o th e likelihoo d o f  tail s  occurrin g afte r 
embedding s u p t o lengt h 2 ,  an d (2 )  tha t  performanc e spear s 
t o b e quit e simila r  i n th e tw o conditions .  Averagin g ove r 
bot h conditions ,  likel y tail s  ha d a  5 2 mse c advantag e ove r 
unlikel y tail s  whe n th e embeddin g ha d a  lengt h o f  1 ,  an d a 
28 mse c advantag e whe n th e embeddin g wa s o f  lengt h 2 . 

Thes e impression s wer e confirme d b y th e result s o f  a 
mixed-measure s A N O V A wit h conditio n a s a  between -
subject s facto r  [Fla t  vs .  Incrementa l  condition )  an d sessio n 
[ 2 levels] ,  embeddin g lengt h [ 4 levels] ,  an d tai l  probabilit y 
[likel y  vs .  unlikely] ,  a s repeate d measure s factors .  Conditio n 
and sessio n bot h faile d t o reac h significance .  Th e analysi s 
reveale d a  significan t  effec t  o f  tai l  probability ,  F(l ,  10 )  = 
10.37 ,  M s e =  2560.62 ,  p  <  0.01 ,  thereb y indicatin g tiiat 

participant s indee d tende d t o produc e faste r  response s whe n 
reactin g t o a  likel y tai l  a s compare d wit h thei r  response s t o 
unlikel y tails .  A s suggeste d b y th e dat a show n i n Figur e 4 , 
however ,  thi s sensitivit y t o tai l  likelihoo d interacte d 
significantl y wit h embeddin g length ,  F(3 ,  30 )  =  8.81 ,  M s e = 
624.03 ,  p  <  .001 .  Contrast s conducte d separatel y fo r  th e 
differen t  level s  o f  embeddin g lengt h showe d tha t  participant s 
exhibite d significan t  difference s betwee n thei r  response s t o 
likel y an d unlikel y tail s  afte r  embedding s u p t o lengt h 2 ,  bu t 
not  fo r  embedding s involvin g 3  o r  mor e elements . 

Overal l  then ,  m contras t  wit h th e S R N data ,  participant s 
appea r  t o lear n th e materia l  equall y wel l  i n bot h conditions . 

Discussion 

H o w d o w e lear n abou t  disjoin t  tempora l  contingencies ? I s 
suc h learnin g influence d b y th e trainin g regimen ? I n thi s 
paper ,  w e addresse d thes e issue s b y explorin g huma n an d 
simulate d performanc e i n a n experimen t  mean t  t o tes t 
whethe r  a  specifi c  predictio n o f  th e S R N mode l  o f  sequenc e 
processin g wa s born e ou t  empirically .  Th e experimen t 
involve d assessin g reactio n tim e performanc e o n comple x 
sequentia l  materia l  containin g center-embedde d element s an d 
presente d eithe r  incrementall y o r  not .  Followin g u p o n 
Ehnan' s (1993 )  work ,  w e first  showe d tha t  th e S R N coul d 
onl y lear n th e materia l  whe n it s mor e comple x instance s 
wer e introduce d progressivel y durin g training .  I n contrast , 
th e huma n dat a showe d tha t  participant s coul d lear n th e 
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Figure 5: Reaction time differences between responses 
t o likel y an d unlikel y tail s  average d ove r  th e las t  tw o 
session s o f  th e experiment ,  an d fo r  sequence s containin g 
embedding s o f  lengt h 1  t o 3 . 

material in both conditions, up to instances containing two 
embedded elements . 

Overall ,  thes e results ,  whe n combine d wit h th e researc h 
we describe d i n th e introduction ,  sugges t  (1 )  tha t  th e S R N 
exhibit s specifi c  limitation s tha t  huma n participant s ar e no t 
sensitiv e to ,  an d (2 )  tha t  huma n participant s ar e generall y 
capabl e o f  masterin g sequentia l  materia l  tha t  th e S R N i s 
imabl e t o learn .  Thi s doe s no t  necessaril y  mak e th e S R N a n 
inadequat e mode l  o f  huma n performanc e i n sequentia l  choic e 
reactio n tim e tasks ,  i n tha t  th e mode l  clearl y capture s man y 
centra l  aspect s o f  performanc e i n suc h situation s (se e 
Cleeremans ,  1993 ,  fo r  a  review) ,  bu t  i t  shoul d promp t  u s t o 
loo k fo r  alternativ e architecture s tha t  buil d o n th e SRN' s 
strength s while  als o overcomin g it s limitations .  On e suc h 
architectur e ha s recentl y bee n propose d b y Maskar a an d 
Noetze l  (1992) .  Thei r  Auto-Associativ e Recurren t  Networ k 
(henceforth ,  AARKT)  i s illustrate d i n Figur e 6 .  A s it s nam e 
suggests ,  thi s networ k i s essentiall y a n S R N tha t  i s  als o 
require d t o ac t  a s a n encode r  o n bot h th e curren t  elemen t  an d 
th e contex t  information .  O n eac h tim e step ,  th e networ k i s 
thu s require d t o produc e th e curren t  elemen t  an d th e contex t 

CONTEXT NEXT ELEMENT RRENT ELEMENT 

HIDDEN UNIT S 

f  SR N CONTEXT J  (cURRENT ELEMENT̂  

Figur e 6 :  Th e auto-associativ e recurren t  networ k ( A A R N ) . 
See tex t  fo r  details . 

informatio n i n additio n t o predictin g th e nex t  elemen t  o f  th e 
sequence .  Thi s requiremen t  force s th e networ k t o maintai n 
informatio n abou t  th e previousl y presente d sequenc e 
element s tha t  woul d ten d t o b e "forgotten "  b y a  standar d 
S RN performin g onl y th e predictio n task .  Maskar a an d 
Noetze l  showe d tha t  th e A A R N i s  capabl e o f  masterin g 
language s tha t  th e S R N canno t  master .  W h e n applie d t o ou r 
data ,  th e A A R N produce s th e patter n o f  result s show n i n th e 
right  panel s o f  Figur e 5 .  O n e ca n se e tha t  th e networ k i s 
successfu l  i n reproducin g th e mos t  importan t  aspec t  o f 
human performance ,  tha t  is ,  t o lear n i n bot h conditions , 
albei t  th e mode l  doe s no t  lear n a s wel l  a s huma n participant s 
do.  Likewise ,  whe n applie d t o th e experimen t  involvin g 
symmetrica l  vs .  asymmetrica l  embedding s (Cleeremans , 
1993 )  describe d i n th e introduction ,  th e A A R N als o learn s 
wher e th e S R N fails .  Thus ,  eve n thoug h furthe r  researc h i s 
clearl y necessary ,  suc h result s encourag e u s t o continu e t o 
explor e th e propertie s o f  th e A A R N a s a  mode l  o f  sequenc e 
learnin g i n choic e reactio n tim e tasks .  Importantly ,  thi s 
model ,  jus t  a s th e S R N ,  onl y involve s elementar y 
associativ e learnin g mechanisms . 
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