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A COMPUTATIONAL M O D EL 
OF ATTENTIONAL REQUIREMENTS I N SEQUENCE LEARNIN G 

Peggy J. Jennings and Steven W. Keele 
Departmen t  o f  Psycholog y 

Universit y o f  Orego n 

ABSTRACT 
Thi s pape r  present s a  computationa l  mode l  o f  attentiona l  requirement s i n se -

quenc e learning .  Th e structur e o f  a  keypressin g sequenc e affect s subjects '  abilitie s t o 

lear n th e sequenc e i n a  dua l  tas k paradig m (Cohen ,  Ivry ,  &  Keele ,  1990) .  Sequence s con -

tainin g uniqu e association s amon g successiv e position s (i.e. ,  1-5-4-2-3 )  ar e learne d dur -

in g distraction .  Sequence s containin g repeate d position s wit h ambiguou s association s 

(i.e. ,  3-1-2-1-3-2 )  ar e no t  learne d durin g distraction .  Cohen ,  e t  al .  propose d tw o funda -

menta l  operation s i n sequenc e learning .  A n associativ e mechanis m mediate s learnin g o f 

th e uniqu e pattern s (1-5-4-2-3) .  Thes e association s d o no t  requir e attentio n t o b e 

learned .  Suc h a n associativ e mechanis m i s poorl y suite d fo r  learnin g th e sequenc e wit h 

repeate d element s an d ambiguou s associations .  Thes e sequence s mus t  b e parse d an d or -

ganize d i n a  hierarchica l  manner .  Thi s hierarchica l  organizatio n require s attention . 

The simulation s reporte d i n thi s pape r  wer e ru n o n a n associativ e mode l  o f  se -

quenc e learnin g develope d b y Jorda n (1986) .  Sequence s o f  differin g structure s wer e pre -

sente d t o th e mode l  unde r  tw o condition s -  unparsed ,  an d parse d int o subsequences .  Th e 

simulation s modele d closel y th e keypressin g tas k use d b y Cohen ,  Ivr y an d Keel e (1990) . 

The simulation s (1 )  replicat e th e empirica l  findings ,  an d (2 )  sugges t  tha t  imposin g 

hierarchica l  organizatio n o n sequence s wit h ambiguou s association s significantl y im -

prove s th e model' s abilit y  t o lear n thos e sequences .  Implication s fo r  th e analysi s o f 

fundamenta l  computation s underlyin g a  syste m o f  skille d movemen t  ar e discussed . 

This paper examines whether a connectionist model of sequence learning developed by Jordan 

(1986 ,  1990 )  provide s insigh t  int o th e attentiona l  requirement s o f  sequenc e learnin g a s investigate d b y 

Cohen,  Ivry ,  an d Keel e (1990 ;  se e als o Keele ,  Cohen ,  &  Ivry ,  1990) .  Th e firs t  sectio n describe s th e cen -

tra l  phenomen a explore d b y Cohen ,  e t  al .  Th e secon d sectio n describe s aspect s o f  Jordan' s mode l  an d 

ho w i t  relate s t o th e empiricall y discovere d phenomena . 

BEHAVIORAL CHARACTERISTICS OF SEQUENCE LEARNING 

Cohen, et al. adopted a paradigm established by Nissen and Bullemer (1987) to investigate the 

learnin g o f  sequentia l  representations .  Successiv e presentation s o f  a  visua l  stimulu s appeare d a t  on e o f 

3,4 ,  o r  5  location s o n a  screen .  Subject s responde d t o eac h stimulu s b y pressin g a  ke y correspondin g t o th e 

stimulu s location .  Reactio n time s wer e recorded .  Unknow n t o th e subjects ,  a  larg e proportio n o f  th e suc -

cessiv e signal s appeare d i n a  particula r  repeatin g sequenc e o f  locations .  On e typ e o f  sequence ,  calle d 

Unique ,  involve s a  sequenc e o f  5  uniqu e signa l  positions ,  a n exampl e o f  whic h i s 1-5-4-2-3 .  Th e number s 

refe r  t o signa l  positions .  Afte r  th e las t  positio n i n a  cycle ,  th e sequenc e repeate d wit h n o detectabl e 

break .  Sequence s wer e presente d t o subject s i n 8  block s o f  2 0 cycle s throug h th e sequence .  A  secon d typ e 

of  sequence ,  calle d Ambiguous ,  involve s onl y 3  signa l  positions .  Eac h positio n i s repeate d withi n th e 

sequence ,  bu t  eac h occurrenc e i s followe d b y a  differen t  successo r  A n exampl e o f  a n Ambiguou s sequenc e 

i s 1-3-2-3-1-2 . 

Cohen,  e t  al .  foun d that ,  wit h practice ,  subject s lear n bot h o f  thes e type s o f  sequence s i n th e ab -

senc e o f  a  distractio n task .  Sequenc e acquisitio n wa s demonstrate d b y stead y improvemen t  i n reactio n 

tim e ove r  8  block s o f  training ,  wit h a  significan t  increas e i n reactio n tim e o n block s o f  trial s presente d 

afte r  trainin g i n whic h th e signal s occurre d a t  rando m rathe r  tha n i n th e structure d sequence .  Whe n a 

secondar y tas k wa s performe d simultaneously ,  divertin g attentio n fro m th e primar y reactio n tim e task . 

Uniqu e sequence s wer e learne d bu t  Ambiguou s one s wer e not .  Tha t  is ,  performanc e t o signal s occurrin g i n 

th e structure d Ambiguou s sequenc e neve r  becam e faste r  tha n performanc e t o randoml y occurrin g signals . 
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Somethin g abou t  learnin g th e Ambiguou s sequenc e appear s t o requir e attention .  Cohen ,  e t  al .  als o ob -

serve d tha t  i f  a n Ambiguou s sequenc e i s altere d b y replacin g on e o f  th e repeate d event s wit h a n even t 

tha t  occur s onl y onc e i n th e cycle ,  suc h a s 1-4-2-3-1- 2 (th e underlin e show s th e uniqu e event) ,  subject s 

lear n thi s sequenc e a t  a  rat e simila r  t o tha t  fo r  th e Uniqu e sequences .  Thes e sequence s ar e calle d 

Hybri d becaus e the y involv e a  mixtur e o f  repeate d an d uniqu e events . 

Cohen,  e t  al .  offere d th e followin g explanatio n o f  th e effect s o f  sequenc e structur e o n learning . 

The Uniqu e sequence s ca n b e acquire d b y formin g association s betwee n adjacen t  events .  Suc h learnin g 

appear s t o requir e littl e o r  n o attentio n t o th e relationship s amon g items .  Associationa l  learnin g i s no t 

wel l  suite d fo r  learnin g Ambiguou s sequences ,  however ,  becaus e o n differen t  occasion s a  particula r  even t 

i s  ambiguousl y followe d b y a  differen t  event .  Ambiguou s sequence s can ,  however ,  b e learne d b y a  mech -

anis m tha t  divide s th e sequenc e int o parts .  Thi s proces s o f  hierarchi c organizatio n seem s t o requir e at -

tention .  W h y th e Hybri d sequence s ar e learne d mor e lik e Uniqu e tha n Ambiguou s sequence s i s unclear . 

A COMPUTATIONAL MODEL OF SEQUENCE LEARNING 

The goal of the present research is to gain insight into (1) how the structure of a sequence inter-

act s wit h componen t  operation s o f  a  sequenc e learnin g system ;  an d (2 )  ho w parsin g an d hierarchi c rep -

resentatio n ma y b e implemente d i n a  neura l  network .  Thes e goal s wer e approache d usin g Jordan' s 

(1986,1990 )  recurren t  networ k model .  Hi s model ,  a s w e implemente d it ,  i s  illustrate d i n Figur e 1 .  A n 

inpu t  laye r  ha s unit s o f  tw o types :  pla n unit s an d contex t  units .  Thes e inpu t  unit s ar e connecte d t o a 

laye r  o f  hidde n units ,  an d thos e hidde n unit s fee d int o outpu t  unit s tha t  w e cal l  predictio n units . 

Activatio n o f  thes e latte r  unit s represent s a  prediction ,  o r  priming ,  o f  th e upcomin g event .  Th e predic -

tio n unit s ca n b e viewe d variousl y a s representin g a  predictio n o f  th e upcomin g stimulu s or ,  becaus e th e 

stimulu s determine s whic h respons e t o make ,  th e upcomin g response .  Stimulu s informatio n constitute s 

th e targe t  outpu t  tha t  i s  use d t o calculat e erro r  i n th e predictio n unit s an d form s th e basi s fo r 

TARGET OUTPUT Q  Q  Q  Q 

PREDICTION 
UNITS 

HIDDEN 
UNITS 

INPUT 
UNITS 

9 

PLAN CONTEXT 

Figur e 1 .  Jorda n (1986 )  recurren t  networ k model . 

(No t  al l  connection s ar e shown.) 

learning using backpropagation. Changes in connection weights are made over the course of learning 

base d o n th e amoun t  o f  predictio n erro r  o n eac h trial . 

Durin g training ,  informatio n abou t  th e targe t  respons e feed s bac k t o th e contex t  unit s wit h a 

fbce d connectio n weigh t  o f  1 .  Outpu t  representatio n i s loca l  rathe r  tha n distributed ,  an d eac h targe t 

877 



outpu t  uni t  i s  connecte d t o on e an d onl y on e contex t  unit .  Eac h contex t  uni t  als o feed s a  proportio n o f  it s 

previou s activatio n bac k o n itself .  Th e recurren t  connection s produc e contex t  uni t  activation s tha t  retai n 

a histor y o f  recen t  events .  I n a n Ambiguou s sequenc e suc h a s 1-3-2-3-1-2 ,  th e contex t  followin g stimulu s 3 

i s somewha t  differen t  eac h tim e th e 3  occur s becaus e i n eac h cas e i t  i s  precede d b y differen t  events .  Th e 

influenc e o f  thos e events ,  whil e diminishin g ove r  successiv e stimuli ,  i s  partiall y  retaine d b y thei r  rep -

resentatio n i n th e contex t  units . 

Sequenc e learnin g i s achieve d a s follows :  a t  th e beginnin g o f  a  sequenc e a  patter n o f  activatio n 

appear s o n th e pla n units .  I n th e genera l  case ,  thi s patter n persist s i n unmodifie d for m throughou t  th e 

trainin g session .  A t  th e beginnin g o f  a  bloc k o f  training ,  th e contex t  unit s ar e al l  se t  t o zero .  Th e combi -

natio n o f  pla n an d initia l  contex t  value s fee d throug h th e hidde n laye r  t o produc e a  prediction .  A 

"stimulus' ,  o r  targe t  response ,  provide s targe t  outpu t  information .  Predictio n erro r  i s calculated ,  an d 

weigh t  change s occu r  vi a backpropagation .  Th e 'stimulus "  informatio n als o feed s bac k t o th e contex t 

units ,  an d th e contex t  unit s reverberat e a  portio n o f  thei r  previou s values .  O n subsequen t  iterations ,  th e 

update d contex t  value s i n combinatio n wit h th e pla n value s constitut e th e inpu t  pattern s associate d 

wit h consecutiv e targe t  responses . 

I n thes e simulations ,  th e mode l  wa s traine d o n tw o distinc t  type s o f  sequenc e organization .  On e 

conditio n involve d presentin g 2 0 cycle s throug h eac h sequenc e typ e wit h n o higher-leve l  organization . 

I n anothe r  condition ,  th e inpu t  pattern s wer e parse d int o distinc t  subparts .  Tw o implementation s o f 

parsin g wer e examined .  On e implementatio n involve d resettin g th e contex t  unit s t o zer o a t  th e begin -

nin g o f  eac h cycl e throug h th e sequence .  Thi s implement s a  for m o f  parsin g whereb y th e boundarie s o f  a 

sequenc e ar e marked .  Th e secon d implementatio n o f  parsin g involve d assignin g differen t  pla n value s t o 

eac h subpar t  o f  a  sequence .  Whe n a  subsequenc e i s finishe d an d a  ne w on e i s t o start ,  th e activatio n pat -

ter n o n th e pla n unit s change s accordingly .  I n eac h implementation ,  parsin g i s mad e explici t  i n th e in -

put  patterns . 

The inten t  o f  thes e simulation s i s t o determin e ho w parsin g influence s th e learnin g o f  th e thre e 

sequenc e types :  Unique ,  Hybrid ,  an d Ambiguous .  Parsing ,  i n thi s conception ,  correspond s i n th e empiri -

cal  cas e t o a n attention-dependen t  organizationa l  proces s tha t  mediate s learnin g o f  Ambiguou s se -

quences . 

Simtilation 1 — Associative Processes in Sequence Learning 

The goa l  o f  Simulatio n 1  wa s t o replicat e th e behaviora l  characteristic s o f  sequenc e learnin g 

unde r  divide d attentio n a s reporte d b y Cohen ,  Ivry ,  an d Keel e (1990) .  Unde r  dual-tas k conditions ,  per -

formanc e o f  Uniqu e sequence s (e.g. ,  1-5-4-2-3 )  an d Hybri d sequence s (e.g. ,  1-4-2-3-1-2 )  steadil y improve s 

wit h training ,  whil e performanc e o f  Ambiguou s sequence s (e.g. ,  1-3-2-3-1-2 )  remain s n o bette r  tha n per -

formanc e t o randoml y presente d stimuli . 

Training Set 

Inpu t  t o th e mode l  wa s compose d o f  2  elements .  (1 )  a  pla n value ;  an d (2 )  a  representatio n o f  re -

cent  targe t  keypres s history .  Pla n value s remaine d constan t  throughou t  th e trainin g sessio n fo r  eac h se -

quence .  Targe t  keypres s value s wer e represente d b y a  vecto r  o f  binar y value s acros s 5  units .  Fo r  exam -

ple ,  a n outpu t  patter n o f  0010 0 represent s a  pres s o f  th e middl e key .  Contex t  value s represente d th e su m 

of  th e desire d outpu t  a t  tim e t  an d a  proportio n o f  th e contex t  valu e a t  tim e t-l .  Trainin g set s consiste d 

of  2 0 cycle s throug h a  sequence ,  consisten t  wit h a  singl e bloc k o f  trainin g i n th e empirica l  task .  Eac h 

inpu t  patter n i s associate d wit h a  desire d outpu t  valu e correspondin g t o a  keypress .  A t  th e beginnin g o f 

a bloc k o f  training ,  contex t  unit s wer e se t  t o zero .  Performanc e measure s consiste d o f  (1 )  tota l  su m o f 

square s o f  predictio n erro r  summe d ove r  individua l  trial s an d recorde d afte r  eac h bloc k o f  training ;  an d 

(2 )  numbe r  o f  block s require d t o lear n th e sequenc e t o specifie d accurac y criterio n (les s tha n 0.0 4 su m o f 

square s predictio n erro r  ove r  2 0 cycles) .  Th e mode l  wa s traine d o n thre e exemplar s o f  eac h sequenc e 

type :  Uniqu e (1-5-2-4-3 ;  1-4-5-3-2 ;  1-3-4-2-5) ,  Ambiguou s (1-2-3-1-3-2 ;  1-2-3-2-1-3 ;  1-3-2-3-1-2) ,  an d a 

Hybri d o f  uniqu e an d ambiguou s association s (1-2-3-1-3-4 ;  1-2-3-2-4-3 ;  1-4-2-3-1-2) .  Si x separat e train -

in g session s pe r  sequenc e typ e wer e run ;  tw o session s pe r  sequence .  Mea n value s fro m sequenc e typ e group s 

wer e analyzed . 
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Result s o f  Simulatio n 1 

An analysi s o f  varianc e o f  numbe r  o f  block. s require d t o lear n th e sequenc e t o criterio n showe d a 

significan t  effec t  o f  sequenc e typ e (F(2,15 )  =  19.742 ,  p  < = 0.001) .  Multipl e comparison s (Tuke y p  <  .05 ) 

revea l  tha t  th e mode l  require s fewe r  block s o f  trainin g t o lear n th e Uniqu e sequence s (mea n block s = 

62.2 )  an d th e Hybri d sequence s (mea n block s =  68.0 )  tha n t o lear n th e Ambiguou s sequence s (mea n block s 

= 106.0) .  Th e Uniqu e an d Hybri d condition s ar e no t  significantl y different . 

Figur e 2  display s th e rat e o f  chang e i n predictio n erro r  ove r  th e firs t  1 0 block s o f  training . 

Whil e learnin g th e Uniqu e sequences ,  th e reductio n i n predictio n erro r  i s  rapi d an d steadil y decreasin g 

wit h training ,  approachin g zero .  Whil e learnin g th e Amibiguou s sequences ,  however ,  predictio n erro r 

level s of f  a t  a  relativel y hig h valu e afte r  a n initia l  brie f  an d rapi d decline .  Thes e erro r  measure s ma y 

be compare d wit h improvemen t  i n reactio n tim e reporte d i n th e empirica l  case ,  resultin g fro m th e sub -

ject' s  increasin g abilit y  t o correctl y anticipat e events .  I n th e Ambiguou s condition ,  predictio n erro r  a s 

wel l  a s empirica l  reactio n time s remai n relativel y hig h a s anticipatio n o f  respons e i s no t  muc h bette r 

tha n chance . 

SEQUENCE TYP E 

O 

0£. 

O 
O 
t u 
a . 

•• -

o-

'• -

UNIQUE 

HYBRID 

AMBIGUOUS 

4 5  6  7 

BLOCKS OF TRAININ G 

Figur e 2 .  Predictio n erro r  a s a  functio n o f  training , 

by sequenc e tĵ e . 

Discussion 
Learnin g i n th e simulatio n i s denote d b y reduction s i n erro r  betwee n predictio n value s an d tar -

get  respons e value s whil e learnin g i n human s i s documente d b y reduction s i n reactio n time .  H u m a n reac -

tio n tim e i s improve d b y primin g o r  expectancy .  Mode l  erro r  a s wel l  a s empirica l  reactio n times ,  be -

caus e bloc k mean s ar e reported ,  reflec t  accurac y o f  predictio n ove r  th e cours e o f  2 0 cycle s throug h a  se -

quence . 

I n thi s simulation ,  bot h Uniqu e an d Hybri d sequence s wer e learne d a t  essentiall y  th e sam e 

rate .  Thes e result s agre e qualitativel y wit h th e result s o f  huma n learnin g i n whic h learnin g o f  Uniqu e 

and Hybri d sequence s als o occur s a t  simila r  rate s whe n a  distractio n tas k i s used .  I n contras t  t o th e 

equivalenc e o f  Uniqu e an d Hybri d sequenc e learnin g rates ,  th e mode l  learn s th e Ambiguou s sequence s 

more slowly .  Thi s resul t  i s  qualitativel y simila r  t o th e empirica l  resul t  i n whic h a  distractio n tas k 

prevent s learnin g o f  th e Ambiguou s sequences .  I t  mus t  b e noted ,  however ,  tha t  Ambiguou s sequenc e 

learnin g doe s occu r  i n th e simulation .  Fo r  th e Uniqu e an d Hybri d sequences ,  th e mode l  require d ove r  5 0 

block s t o lear n th e sequences ,  whil e huma n subject s sho w learnin g withi n 8  block s o f  training .  I t  i s  no t 

clea r  ho w th e tim e frame s betwee n th e mode l  an d th e huma n ar e related ,  bu t  give n tha t  th e mode l  re -
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quire d 10 6 block s t o lear n th e Ambiguou s sequence ,  i t  i s  possibl e tha t  human s ma y als o sho w evidenc e o f 

learnin g th e Ambiguou s sequence s wit h mor e extensiv e practice . 

Simulation 2 — Hierarchical Organization of Input Sequences 

Cohen,  e t  al .  propose d tha t  th e rol e o f  attentio n i n sequenc e learnin g i s t o mediat e parsin g o f  se -

quence s containin g ambiguou s associations .  Th e goa l  o f  Simulatio n 2  wa s t o examin e th e effect s o n 

learnin g o f  imposin g a n hierarchica l  organizatio n o n th e inpu t  sequence .  Th e associativ e learnin g 

mechanis m implemente d i n Simulatio n 1  require d significantl y mor e trainin g (10 6 blocks )  t o lear n th e 

Ambiguou s sequence s tha n t o lear n th e Uniqu e an d th e Hybri d sequence s (6 5 blocks) .  Preorganizin g th e 

inpu t  pattern s int o parse d subsequence s shoul d allo w th e associativ e mechanis m t o no w lear n th e 

Ambiguou s sequence s a s quickl y a s i t  learn s Uniqu e an d Hybri d sequences .  Becaus e th e associativ e 

mechanis m i s alread y efficien t  a t  learnin g Uniqu e an d Hybri d sequences ,  performanc e o n the m shoul d 

remai n virtuall y unchange d b y delineatin g boundarie s i n th e sequenc e patterns . 

Training Set 

The trainin g set s i n Simulatio n 2  wer e simila r  t o thos e use d i n Simulatio n 1  excep t  that ,  i n 

Simulatio n 2 ,  parsin g wa s impose d o n th e inpu t  patterns .  Parsin g wa s achieve d i n tw o alternativ e 

ways .  I n on e conditio n (Simulatio n 2.1) ,  contex t  uni t  activatio n wa s se t  t o 0  a t  th e beginnin g keypres s o f 

eac h cycl e o f  th e sequenc e withi n a  bloc k o f  2 0 cycles .  Unique ,  Hybrid ,  an d Ambiguou s sequence s wer e 

parse d i n thi s wa y an d presente d t o th e model .  I n thi s condition ,  th e interna l  structur e o f  th e sequenc e 

i s lef t  intact ,  bu t  th e beginnin g o f  eac h cycl e i s delineate d b y a  chang e i n context .  Her e parsin g i s 

achieve d b y makin g explici t  change s i n activatio n value s o f  th e contex t  units ,  whil e leavin g pla n uni t 

value s constant .  I n anothe r  conditio n (Simulatio n 2.2) ,  whic h affecte d onl y th e Ambiguou s sequences , 

parsin g wa s achieve d b y modifyin g th e valu e o f  th e pla n unit s a t  th e beginnin g o f  eac h subsequenc e 

withi n th e Ambiguou s sequence .  Fo r  example ,  th e sequenc e 3-1-2-1-3- 2 ha d a  pla n valu e o f  11 0 fo r  th e 

3-l-2subsequence ,  an d 11 1 fo r  th e 1-3- 2 subsequence .  Durin g training ,  therefore ,  th e subpla n value s al -

ternate d a s th e sequenc e progressed .  I n thi s condition ,  th e Ambiguou s sequenc e i s represente d a s tw o al -

ternatin g subsequences .  Her e parsin g i s achieve d b y makin g explici t  change s t o th e pla n units ,  whil e 

leavin g th e contex t  uni t  value s dependen t  o n mode l  function . 

Results of Simulation 2.1 

I n th e firs t  parsin g condition ,  resettin g contex t  value s t o zero ,  th e Ambiguou s sequence s wer e 

learne d a s quickl y a s wer e th e Uniqu e an d Hybri d sequence s (mea n block s 50.8 ,  60. 7 an d 57.0 ,  respec -

tively) .  Th e thre e sequenc e type s ar e no t  significantl y differen t  (F(2,15 )  =  1.483 ,  p < 0.26) . 

An analysi s o f  varianc e o f  th e numbe r  o f  block s o f  trainin g require d t o lear n th e sequence s i n 

bot h Simulatio n 1  (unparsed )  an d Simulatio n 2. 1 (parsed ,  zer o context )  reveale d significan t  effect s o f 

sequenc e typ e (Unique ,  Hybrid ,  o r  Ambiguous )  (F(2,30 )  =  7.991 ,  p  <  0.002) ,  sequenc e organizatio n 

(unparse d vs .  parsed )  (F(l,30 )  =  33.659 ,  p  <  0.000) ,  an d a  significan t  interactio n o f  sequenc e typ e an d or -

ganizatio n (F(2,30 )  -  18.088 ,  p < 0.000) .  Uniqu e an d Hybri d sequence s ar e learne d mor e quickl y tha n 

Ambiguou s sequence s (mea n block s =  61.4 ,  62.5 ,  an d 78.4 ,  respectively) .  Parse d sequence s o f  al l  thre e 

type s ar e learne d mor e quickl y tha n unparse d sequence s (mea n block s =  56. 2 an d 78.7 ,  respectively) .  Th e 

mai n effect s o f  sequenc e typ e an d organization ,  a s wel l  a s th e interaction ,  ar e strictl y th e resul t  o f  im -

provemen t  i n learnin g rat e fo r  th e Ambiguou s sequence s i n th e parse d conditio n ove r  th e rat e i n th e un -

parse d condition .  Learnin g rate s fo r  Uniqu e an d Hybri d sequence s ar e unimprove d b y parsing . 

Result s fro m pos t  ho c comparison s (Tukey ,  p  <  .05 )  o f  learnin g rate s fo r  th e thre e sequenc e type s 

i n th e parse d an d unparse d condition s suppor t  th e hypothesi s tha t  unparse d Uniqu e an d Hybri d se -

quence s a s wel l  a s parse d Unique ,  Hybrid ,  an d Ambiguou s sequence s ar e al l  learne d a t  th e sam e rat e 

(mea n block s =  59.74) .  Onl y unparse d Ambiguou s sequence s ar e significantl y mor e slowl y learne d (mea n 

block s =  106.00) .  Th e grouping s ar e a s follows : 

GROUP A: Unparsed (Unique, Hybrid); Parsed (Unique, Hybrid, Ambiguous) 

G R O UP B :  Unparse d (Ambiguous ) 
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Result s o f  Simulatio n 2. 2 

I n th e secon d parsin g condition ,  involvin g alternatin g subplan s i n Ambiguou s sequences ,  th e 

parse d sequence s wer e learne d i n 55. 3 blocks .  A n analysi s o f  varianc e o f  block s t o lear n th e Ambiguou s 

sequence s unde r  thre e type s o f  organizatio n (unparsed ,  parse d (zer o context) ,  an d parse d (alternatin g 

subplans) )  reveal s a  significan t  effec t  fo r  organizatio n (F(2,15)=24.958 ,  p<0.000) .  Pos t  ho c comparison s 

shov ^  tha t  th e parse d sequence s ar e learne d a t  th e sam e rate ,  whil e th e unparse d sequence s requir e sig -

nificantl y mor e exposur e t o th e sequenc e t o lear n it .  I n thi s case ,  th e particula r  implementation s o f 

parsin g ar e no t  significantl y different .  Figur e 3  summarize s th e result s o f  Simulatio n 2 ,  displayin g th e 

rat e o f  improvemen t  i n mode l  predictio n a s a  functio n o f  trainin g fo r  parse d an d unparse d Ambiguou s se -

quences .  Th e learnin g rat e fo r  bot h implementation s o f  parsin g i s simila r  t o tha t  require d t o lear n th e 

parse d Uniqu e an d Hybri d sequences ,  whil e th e learnin g rat e fo r  th e unparse d Ambiguou s sequenc e re -

main s a t  a  relativel y hig h leve l  o f  predictio n error . 

AMBIGUOUS SEQUENCES 

5 5 0 

g 4 0 

•• -

•o -

•• -

PARSED (2.1 ) 

PARSED (2.2 ) 

UNPARSED 

4 5  6  7 

BLOCKS OF TRAININ G 

-o -

8 

-o -

9 

- o 

10 

Figur e 3 .  Th e effec t  o f  sequenc e organizatio n o n learnin g Ambiguou s sequence s 

Discussion 

Each particula r  metho d o f  implementin g parsin g ha d th e sam e effec t  o n sequenc e learning . 

When parse d i n eithe r  o f  thes e tw o ways .  Ambiguou s sequence s ar e learne d b y a n associativ e mecha -

nis m a t  a  rat e simila r  t o tha t  require d t o lear n Uniqu e an d Hybri d sequences .  Thes e result s agre e wit h 

th e empirica l  result s i n whic h remova l  o f  distractio n (presumabl y allowin g a n attention-dependen t 

parsin g proces s t o function )  enables ,  o r  a t  leas t  greatl y enhances ,  learnin g o f  th e Ambiguou s sequences . 

GENERAL DISCUSSION 

The two forms of parsing used in the simulation correspond to two different mechanisms, both of 

whic h coul d b e involve d i n huma n sequenc e learning .  On e for m o f  parsin g involve s resettin g contex t 

unit s t o zer o a t  th e beginnin g o f  eac h cycl e o f  th e sequenc e whil e leavin g pla n value s intact .  Thi s for m 

of  parsin g ma y b e see n a s mimickin g a  workin g memor y function .  Th e sequenc e i s represente d b y activa -

tio n acros s th e pla n units ,  bu t  learnin g i s facilitate d b y identifyin g th e boundarie s o f  th e sequence . 

When a  cycl e o f  th e sequenc e ends ,  pla n value s denot e tha t  th e sam e sequenc e wil l  follow ,  bu t  th e 

chang e i n contex t  value s provide s informatio n abou t  wher e th e sequenc e begin s an d end s a s wel l  a s indi -

rec t  informatio n abou t  th e lengt h o f  th e sequence . 

881 



The secon d for m o f  parsin g wa s on e i n whic h pla n value s wer e altere d t o represen t  sequenc e sub -

parts ,  whil e leavin g th e contex t  unit s t o functio n uninterrupted .  Thi s notio n o f  parsin g i s somewha t 

close r  t o traditiona l  notion s o f  hierarchi c representatio n i n whic h a  nod e stand s a s a  symbo l  fo r  a  mor e 

comple x an d lowe r  orde r  sequenc e o f  events .  I t  ma y b e see n a s simulatin g th e functio n o f  highe r  leve l 

objec t  recognitio n processes .  Th e alternatin g subplan s represen t  th e fina l  product s o f  a  mechanis m 

whic h ha s identifie d th e subpart s o f  a  sequenc e whole . 

The component s o f  th e Jorda n mode l  provid e furthe r  insight s int o th e variou s computation s in -

volve d i n learnin g comple x moto r  sequences .  Th e foundatio n fo r  thi s learnin g syste m i s th e associativ e 

mechanis m represente d i n th e mode l  b y connection s strength s betwee n inpu t  pattern s an d respons e pre -

dictions .  A  simpl e two-laye r  syste m i s full y  capabl e o f  learnin g th e Uniqu e sequence s i n thes e simula -

tions .  Hidde n unit s mediat e highe r  leve l  abstraction s o f  inpu t  patterns .  Th e hidde n unit s perfor m a n 

intermediat e synthesi s o f  inpu t  features .  Contex t  unit s functio n i n a  wa y tha t  i s analogou s t o visuospa -

tia l  workin g memory .  An d finally ,  pla n unit s reflec t  th e contribution s o f  representationa l  o r  symboli c 

processes . 

The mode l  use d her e t o simulat e sequenc e learnin g represent s th e majo r  component s o f  a  sequenc e 

learnin g system .  Som e o f  thes e componen t  processe s ar e dependen t  o n attention ,  whil e other s ar e not .  I t 

appear s tha t  variou s type s o f  moto r  sequence s requir e differin g level s o f  interactio n wit h thes e repre -

sentatio n an d memor y component s dependin g o n th e structur e o f  th e sequence .  Uniqu e sequence s ma y re -

quir e onl y a  stric t  associativ e mechanism .  Hybri d sequence s ma y requir e associatio n an d synthesi s a s 

wel l  a s workin g memor y capacity .  Ambiguou s sequence s ma y nee d th e ful l  syste m o f  association ,  syn -

thesis ,  workin g memory ,  an d symboli c representation .  Thes e simulation s hav e show n tha t  learnin g o f 

ambiguou s association s ar e facilitate d b y highe r  leve l  processe s o f  organization .  Facilitatio n o f  learn -

in g ma y occu r  a t  th e leve l  o f  workin g memor y b y providin g cue s t o patter n boundaries .  Facilitatio n ma y 

als o occu r  a s th e resul t  o f  a n attention-dependen t  proces s whic h parse s inpu t  sequence s int o subpart s i n a 

hierarchica l  representation .  Thes e effect s o f  differen t  parsin g implementation s provid e insigh t  int o 

th e reaso n tha t  Hybri d sequence s ar e learne d b y huma n subject s an d b y th e simulatio n a t  a  rat e simila r 

t o tha t  require d t o lear n Uniqu e sequences .  Th e uniqu e element s i n th e Hybri d sequenc e ma y serv e t o 

provid e cue s t o boundarie s withi n th e sequence .  Thes e cue s ma y functio n a t  th e leve l  o f  working  memor y 

and ar e independen t  o f  attention .  Thi s woul d allo w Hybri d sequence s t o b e learne d durin g distraction , 

as th e empirica l  dat a show .  Th e Ambiguou s sequence s contai n n o clue s t o patter n boundaries ,  s o the y 

must  b e analyze d int o subpart s t o b e learned .  Thi s hierarchica l  organizatio n proces s require s attention . 

The empirica l  dat a sho w tha t  huma n subject s ar e abl e t o lear n th e Ambiguou s sequence s whe n attentio n 

i s no t  distracte d t o anothe r  task ,  bu t  d o no t  sho w evidenc e o f  learnin g th e Ambiguou s sequenc e unde r 

dual-tas k conditions .  Futur e simulation s wil l  involv e examinin g furthe r  th e natur e o f  thes e interac -

tion s betwee n sequenc e structure ,  attention ,  an d th e fundamenta l  operation s tha t  underl y sequenc e 

learning . 
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