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Organizatio n o f  Actio n Sequence s i n Mo to r  Learning : 

A Connectionist Approach 

Yoshiro Miyata 

Institut e fo r  Cognitiv e Scienc e 

Universit y o f  California ,  Sa n Dieg o 

Abstract 

This paper presents a connectionist model of motor learning in which performance 

becomes mor e an d mor e efficien t  b y "chunking "  outpu t  sequences ,  organizin g smal l 

actio n component s int o increasingl y larg e structures .  Th e mode l  consist s c f  tw o 

sequentia l  networks :  on e tha t  map s a  stationar y representatio n o f  a n intentio n t o a 

sequenc e o f  actio n specification s o r  actio n plans ,  an d on e tha t  map s a n actio n pla n t o a 

sequenc e o f  actio n components .  A s th e networ k i s traine d t o produc e outpu t  sequence s 

faste r  an d faster ,  th e unit s tha t  represen t  th e actio n plan s graduall y discove r 

representationa l  format s tha t  ca n encod e large r  an d large r  chunk s o f  subsequences . 

The mode l  als o show s digrap h frequenc y effect s simila r  t o tha t  observe d i n 

typewriting ,  an d i t  generate s captur e error s simila r  t o tha t  observe d i n huma n actions . 

Organization of Action Sequences 

The idea that the size of perceptual and motor units increases with experience is not 

new.  Variou s model s hav e propose d differen t  way s i n whic h th e unit s ar e organized :  i n a 

hierarchica l  manne r  (Brya n &  Harte r  1897 ,  Lashle y 1951) ;  a s associativ e chain s o f  smal l 

element s (Wickelgre n 1969) ;  o r  element s linke d togethe r  b y inhibitor y connection s 

(Rumelhar t  &  Norma n 1982) ,  fo r  example .  Recently ,  Grudi n an d Larochell e (1982 )  an d 

Jorda n (1986 )  hav e argue d tha t  whe n a  comple x moto r  skil l  suc h a s typin g i s learned ,  th e 

learne r  develop s representation s o f  moto r  sequence s a t  level s highe r  tha n individua l  actio n 

components ,  suc h a s digraph s i n typing .  Representatio n o f  "chunks '  o f  moto r  sequence s 

seems t o b e formed . 

The connectionist framework (Feldman & Ballard 1982, Rumelhart & McClelland 1986) 

has bee n successfull y applie d t o th e domai n o f  moto r  contro l  i n a  numbe r  o f  studie s 

(Hinto n &  Smolensk y 1984 ,  Rumelhar t  &  Norma n 1982 ,  Jorda n 1986) .  Thes e studie s stresse d 

th e rol e o f  paralle l  computatio n i n solvin g th e problem s o f  man y degree s o f  freedo m an d o f 

multipl e an d comple x constraints .  However ,  th e issue s o f  h o w representatio n o f  actio n 

sequence s i s develope d an d ho w performanc e become s increasingl y efficien t  hav e no t  bee n 

addresse d directl y b y thes e models .  I n general ,  thes e model s tende d t o focu s o n th e 

performanc e o f  a n exper t  rathe r  tha n th e proces s o f  learnin g itself .  Thi s psqie r  present s a 

model  o f  moto r  learning ,  o f  th e shif t  fro m a  novic e t o a n exper t  performance . 
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T h e Architectur e o f  T h e M o d e l 

In the model, there are three basic levels of representation. The first is a conceptual 

representatio n o f  th e sequenc e t o b e produced ,  suc h a s a  wor d t o b e typed ,  tha t  i s  mo r e o r 

les s independen t  o f  motori c component s o r  physica l  requirement s o f  th e task .  T h e secon d i s 

a representatio n i n whic h action s ar e specifie d t o th e actio n system .  T h e thir d i s th e outpu t 

of  th e actio n syste m tha t  represent s eac h componen t  t o b e executed .  T h e executio n o f  a n 

actio n sequenc e i n th e mode l  thu s involve s tw o mappings :  th e mappin g fro m th e conceptua l 

representatio n t o th e actio n specification ,  an d th e mappin g fro m th e actio n specificatio n t o 

th e actua l  actio n components .  I n bot h mappings ,  a n inpu t  vecto r  i s m a p p e d t o a  sequenc e 

of  outpu t  vectors . 

Jordan's Network 

One important requirement for a model of action control is that it is capable of 

generatin g sequence s o f  outpu t  vectors .  T h e simulation s describe d i n thi s pape r  use d a 

techniqu e develope d b y Jorda n (1985 )  t o generat e sequences .  Figur e 1  show s th e 

architectur e o f  a  Jorda n network .  I t  receive s a n inpu t  t o a  laye r  o f  pla n units ,  calle d th e pla n 

vector .  Fo r  example ,  a  pla n vecto r  migh t  specif y th e sequenc e "ABCD. . "  an d th e tas k o f  th e 

networ k i s t o produc e firs t  outpu t  vecto r  A ,  the n B ,  C ,  an d s o on .  O n c e a  pla n vecto r  i s 

Contex t  Unit s 

6 

Pla n Uni t s 

H i d d e n Unit s 

O u t p u t  Uni t s 

Figur e 1 .  Th e basi c architectur e o f  a  Jorda n network .  Outpu t  i s  determine d b y a  stationar y pla n an d tempora l 

contex t  o f  pas t  outputs . 
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given ,  i t  produce s th e firs t  outpu t  vecto r  b y sendin g activatio n forwar d throug h on e laye r  o f 

hidde n units .  T h e n th e outpu t  vecto r  i s fe d bac k t o a  laye r  o f  contex t  units ,  whic h stor e th e 

histor y o f  outpu t  vector s b y recurren t  connection s t o themselves .  A t  eac h tim e step ,  th e 

nex t  outpu t  vecto r  i s determine d bot h b y th e pla n vecto r  whic h doe s no t  chang e durin g th e 

sequenc e an d b y th e contex t  vecto r  whic h change s a t  eac h tim e ste p an d thereb y specifie s 

plac e i n th e sequence . 

The Hybrid Model 

The model was constructed as a hybrid of two Jordan networks, one for each mapping 

(th e lef t  hal f  o f  Figur e 2) .  T h e uppe r  network ,  calle d Plan-ne t  supplie s pla n vector s fo r  th e 

lowe r  networ k calle d Action-net .  T h e righ t  hal f  o f  Figur e 2  illustrate s th e tim e cours e o f 

updatin g th e stat e o f  th e network .  A t  tim e 0 ,  a  specificatio n o f  th e sequenc e t o b e 

produce d i s give n a t  th e laye r  o f  unit s labele d "Intention "  whic h serve s a s th e inpu t  t o Plan -

net .  Plan-ne t  the n generate s it s outpu t  a s a  sequenc e o f  three  vector s a t  th e laye r  o f  unit s 

labele d "Plan "  a t  tim e 0 ,  3 ,  an d 6 .  T h e pla n unit s actuall y represen t  th e inpu t  fo r  Action-net . 

I n respons e t o eac h pla n vector ,  Action-ne t  generate s a  sequenc e o f  thre e outpu t  vectors , 

o n e a t  eac h tim e step ,  a t  th e laye r  labele d "Output" .  T h e n eac h outpu t  vecto r  i s converte d 

t o anothe r  vecto r  a t  th e laye r  labele d "Action "  b y choosin g th e mos t  activ e outpu t  unit . 

T h u s ,  Action-ne t  update s it s stat e m o r e ofte n tha n (i n thi s particula r  simulation ,  thre e time s 

as ofte n as )  Plan-net .  Ther e i s a  connectio n fro m th e contex t  unit s o f  Action-ne t  t o th e 

Plan-ne t 

ntention(12 )  *Context{8 ) 

hidden(8 ) 

Time cours e o f  updatin g networ k states . 

0 
- T i  m e 

2 3 

Intentio n (ABC ) 

Plan(4)/Context(8 ) 

iidden{8 ) 

k 

3utput(4 )  =>Action(4 ) 

Plan O Plan i Plan 2 

Action-ne t 

Out O Out l  Out 2 Out 3 0ut 4 0ut 5 Out 6 Out 7 0ut 8 

Output ->D C A 

Targe t  - > A A  A  B 

Figur e 2 .  Th e architectur e o f  th e mode l  (left )  an d th e tim e cours e o f  updatin g th e stat e o f  th e networ k (right) . 

Plan-ne t  map s fro m a n Intentio n t o a  sequenc e o f  thre e Plans .  Action-ne t  map s fro m eac h Pla n t o a  sequenc e o f 

thre e Outputs . 

498 



Miyat a 

contex t  unit s o f  Plan-net :  thi s allow s Plan-ne t  t o ge t  s o m e informatio n abou t  wha t  Action -

net  ha s don e s o far . 

Training The Network 

The entire network was ttmned using the back-propagation algorithm (Rumelhart, 

Hinto n &  William s 1986) .  T h e trainin g procedur e fo r  a  networ k wit h recurren t  connection s 

i s slightl y mor e complicate d tha n th e trainin g o f  a  straigh t  feedforwar d networ k an d i s 

describe d i n detai l  i n Rumelhar t  e t  al. ,  (1986) . 

Each output vector and each action vector were compared with a target vector. 

Initiall y  th e targe t  vecto r  represente d th e firs t  componen t  t o b e produce d i n th e sequence . 

For  example ,  suppos e th e targe t  sequenc e i s A B C .  The n th e targe t  t o compar e wit h th e 

outpu t  an d actio n vector s i s initiall y  A .  I f  th e actio n vecto r  doe s no t  matc h th e targe t  the n 

th e targe t  stay s th e sam e s o tha t  th e sam e targe t  i s use d a t  th e nex t  tim e step .  I f  th e actio n 

vecto r  doe s matc h th e targe t  the n th e targe t  fo r  th e nex t  tim e ste p i s change d t o th e nex t 

component ,  B  i n thi s case .  A t  eac h tim e step ,  th e erro r  betwee n th e outpu t  vecto r  an d th e 

targe t  i s propagate d bac k throug h th e networ k an d al l  th e weight s i n th e network ^  ar e 

modifie d s o a s t o reduc e th e error . 

Pre-training 

In any learning situation for humans, the learner usually has a fair amount of a priori 

or  backgroun d knowledg e befor e th e learnin g starts .  Thi s prio r  knowledg e wa s modele d b y 

dividin g trainin g int o tw o parts :  on e t o pu t  backgroun d knowledg e an d on e t o trai n th e tas k 

itself .  Conside r  th e typin g tas k :  Eve n a  novic e typis t  ca n typ e correctl y b y "hun t  an d peck. " 

The proble m i s tha t  th e novic e i s ver y slow .  Th e networ k wa s pre-traine d s o tha t  i t  ca n 

perfor m th e tas k analogou s t o th e performanc e o f  a  novic e typist .  Thu s th e Plan-ne t  wa s 

traine d t o generat e a  sequenc e o f  pla n vectors ,  eac h pla n vecto r  representin g onl y on e actio n 

component .  T h e Action-ne t  wa s pre-traine d s o tha t  i n respons e t o eac h pla n vecto r  i t  coul d 

generat e th e actio n represente d b y th e pla n vector . 

Figure 3 illustrates the performance of the network after the pre-training phase. An 

activit y patter n i n a  laye r  o f  unit s ( a vector )  i s  show n a s a  ro w o f  vertica l  bars ,  th e heigh t  o f 

a ba r  representin g th e activatio n leve l  o f  a  unit .  A  sequenc e o f  vector s i s s h o w n a s a  matri x 

compose d o f  severa l  row s o f  vertica l  bars ,  eac h ro w representin g th e vecto r  a t  eac h tim e 

step .  Th e botto m ro w represent s th e firs t  vecto r  produce d an d th e to p ro w th e las t  vector . 

The 12-dimensiona l  vecto r  labele d "Intention" ,  i s  th e inpu t  patter n t o Plan-ne t  a t  Intentio n 

layer .  Thi s patter n represent s th e outpu t  sequenc e A B C .  I n respons e t o thi s input .  Plan-ne t 

produce s a  sequenc e o f  thre e 4-dimensiona l  pla n vectors ,  show n t o th e righ t  a s thre e row s o f 

vectors ,  representin g th e action s A ,  B ,  an d C ,  respectively .  I n respons e t o th e firs t  pla n 

'  Th e recurren t  connectio n fron n th e unit s i n Contex t  laye r  t o themselve s ha d fixe d se t  o f  weight s whic h forme d 
a diagona l  matrix :  i.e. ,  eac h uni t  i n Contex t  laye r  wa s connecte d onl y t o itself . 
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Plan-ne t 

tim e 

ntention(12 )  •Context{8 l 

time 

••hiddenfa ) 

k 

Intentio n 

0.-..O....DJ 

Plan(4)/Context{8 ) 

iidden(8 ) 

k 

3utput(4 )  =>Action(4 ) 

_ _  D _ l 

Action-ne t 

_ a  -  _ l 

a 1 

A 8  C  0 

Outpu t 

2 _  _  n  _  I 

'  _ n _  _ I 

•> D  I 

Ron 

_ _  a  _ 

_ D  _  _ 

D 

A B C 0 

Actio n 

D _ 

D _ 

D _ 

_ D  _  _ 

_ D  _  _ 

'  _ n _ _ 

' D 

A B  C  0 

Targe t 

Figur e 3 .  Respons e o f  th e networ k afte r  th e pre-trainin g phase :  I n respons e t o a n inpu t  (Intention )  specifyin g 
th e sequenc e ABC,  Plan-ne t  produce s a  sequenc e o f  thre e pla n vector s (Plan )  specifyin g th e action s A ,  B  an d C . 

I n respons e t o eac h pla n vector ,  Action-ne t  produce s th e actio n specifie d b y th e plan .  I t  take s seve n tim e step s 

t o complet e th e sequence . 

vector, Action-net then produces the action A, and in response to the second plan vector it 

produce s th e actio n B ,  an d s o on .  T h e thre e matrice s a t  th e bot to m sho w sequence s o f  nin e 

outpu t  vectors ,  actio n vectors ,  an d targe t  vectors ,  a t  tim e ste p 0  throug h 8 .  I n thi s 

simulatio n th e networ k wa s traine d o n ai l  th e possibl e sequence s o f  thre e outputs ,  eac h 

outpu t  representin g on e o f  fou r  actions ,  A ,  B ,  C  an d D .  Ther e ar e 6 4 suc h sequences .  Afte r 

th e pre-trainin g th e networ k ca n perfor m al l  th e sequence s bu t  onl y ver y slowly . 

Results - New Plan Representations 

This situation changes as the result of training. Notice that as soon as the first action 

i s m a d e correctl y th e targe t  shift s t o th e secon d componen t  an d trie s t o tur n o n th e uni t 

tha t  correspond s t o tha t  component .  I n effect ,  thi s kin d o f  trainin g woul d b e expecte d t o 

spee d u p th e executio n o f  th e entir e sequence .  Tha t  i s i n fac t  wha t  happens .  Figur e 4 

show s th e respons e o f  th e networ k t o th e sam e inpu t  sequenc e a s s h o w n i n Figur e 3  afte r 

s o me 160 0 presentation s o f  al l  6 4 patterns .  Befor e training ,  i t  too k seve n tim e step s t o 

complet e eac h sequence .  Afte r  training ,  al l  th e sequence s ar e complete d i n thre e steps , 

whic h i s th e m a x i m u m rate .  T h e pla n unit s which ,  befor e th e training ,  coul d represen t  onl y 

on e actio n componen t  a t  a  time ,  n o w represen t  th e entir e sequence .  Thes e unit s hav e 

develope d representationa l  format s tha t  ca n encod e al l  6 4 sequences . 
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Plon-ne t 
tim e 

ntention(12 )  *Contexi(8 l 

time 

hidden(8 ) 

Intentio n 

'• t t i rcai j i i 

Plan(4)/Context(8 ) 

iidden(8 ) 

3utput(4 )  =>Action(4 ) 

Action-ne t 

_ _ D _ 

_ D _ _ 

D 

A B C 0 

Outpu t 

2 I 

1 I 

O D n _  =  I 

' f^lan^ " 

6 

5 

4 

3 

2 -  _  n _ 
'  _ n _ _ 
On 

A B C D 

Actio n 

$ 
5 

2 _  _  D  _ 
'  _  n _ _ 
° D 

A B  C  D 

Targe t 

Figur e 4 .  Respons e o f  th e networ k afte r  th e trainin g phas e t o th e sam e inpu t  a s i n Figur e 3 .  Onl y on e pla n vec -
to r  i s  neede d t o specif y  th e sequenc e ABC.  Th e sequenc e i s complete d i n thre e tim e steps . 

The network, as the result of training, showed a transition from an inefficient 

performanc e analogou s t o tha t  o f  a  novic e t o a  mor e efficien t  performance .  Th e nex t 

sectio n demonstrate s tha t  durin g th e proces s o f  training ,  th e performanc e o f  th e networ k 

exhibit s a  certai n characteristi c als o observe d i n huma n experts . 

Digraph Frequency Effects 

One strong source of evidence for the existence of higher-order (multi-character) 

representationa l  unit s i n typewritin g come s fro m th e digrap h frequenc y effects .  Grudi n an d 

Larochell e (1982 )  foun d tha t  th e inter-keystroke-interval s fo r  highe r  frequenc y digraph s wer e 

reliabl y shorte r  tha n fo r  lowe r  frequenc y digraphs .  Th e presen t  mode l  speed s u p it s outpu t 

by developin g higher-orde r  representatio n o f  th e outpu t  sequences .  I t  i s  interestin g t o se e i f 

th e mode l  exhibit s th e sam e kin d o f  effect :  Doe s a  transitio n fro m on e actio n t o anothe r 

become faste r  i f  tha t  particula r  transitio n i s experience d mor e frequentl y b y th e network ? 

To tes t  thi s possibility ,  a  se t  o f  twelv e sequence s o f  thre e action s wer e constructe d usin g si x 

digraph s (Tabl e 1) .  Eac h sequenc e wa s presente d wit h differen t  frequency ,  a s show n i n th e 

table ,  s o tha t  a s a  resul t  thre e o f  th e si x digraph s (AC ,  BA ,  an d CB )  wer e presente d twic e a s 

ofte n a s th e othe r  thre e (AB ,  B C an d CA) .  A  frequenc y mean s th e numbe r  o f  time s a n ite m 

i s presente d t o th e networ k durin g eac h cycl e o f  training .  Th e networ k use d i n thi s 

simulatio n wa s identica l  t o th e on e describe d i n th e previou s sectio n excep t  that ,  becaus e 

ther e wer e onl y thre e possibl e actions ,  ther e wer e onl y thre e unit s eac h i n th e output , 
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Tabl e 1 

Twelve sequences were presented to the network with different frequencies so that 
thre e o f  th e digraph s containe d wer e presente d twic e a s ofte n a s th e othe r  three . 

Frequenc y 

4 
2 
1 

Sequence s presente d 
t o th e networ k 

ACB.  BAC ,  CB A 
ABA,  ACA .  BAB ,  BCB,  CAC,  CB C 
ABC,  BCA ,  CA B 

Frequenc y 

Hig h (8 ) 
Low (4 ) 

Digraph s containe d 
i n th e sequenc e 

AC,  BA ,  C B 
AB,  BC ,  C A 

action ,  an d pla n layer s an d nin e unit s i n th e intentio n layer .  Th e trainin g procedur e wa s 

identica l  t o th e on e use d before . 

Results 

Intervals (number of time steps) between two successive actions were recorded during 

th e trainin g phase .  Thre e pair s o f  digraph s wer e compared :  A B vs .  AC ,  B C vs .  BA ,  an d C A vs . 

CB,  th e secon d digrap h i n eac h pai r  havin g th e highe r  frequency .  Thes e pair s wer e chose n 

becaus e tw o digraph s i n eac h pai r  appeare d i n ver y simila r  context s durin g th e training :  fo r 

example ,  A B appeare d i n th e sequence s ABA ,  ABC ,  BA B an d CA B whil e A C appeare d i n ACA, 

ACB.  BA C an d CAC. 

The network was faster with the higher-frequency digraph than with the lower-

frequenc y digrap h withi n ever y pai r  o f  digraphs .  Tabl e 2  show s th e digrap h frequenc y 

effect s i n eac h pai r  o f  digraph s durin g fiv e block s o f  10 0 learnin g cycles .  Followin g Gnidi n 

and Larochell e (1982) ,  th e "digrap h frequenc y effect "  ( D F E )  i s define d a s th e averag e interva l 

fo r  th e lower-frequenc y digrap h minu s th e averag e interva l  fo r  th e higher-frequenc y digraph . 

Thi s represent s th e tim e save d producin g th e secon d actio n o f  a  higher-frequenc y digraph . 

The interva l  fo r  a  digrap h i s define d a s th e tim e step s require d betwee n th e firs t  an d th e 

Tabl e 2 

Digraph Frequency Effects (time saved producing 
secon d actio n o f  hî er-frequenc y digraph ) 

Block s o f  learnin g cycle s 

500-59 9 
600-69 9 
700-79 9 
800-89 9 
900-99 9 

Digrap h Pair s Compare d 

A B — AC B C — BA C A — CB 

1.2 7 2.1 8 1.3 7 
1.3 6 1.8 0 1.4 3 
0.8 1 2.2 0 1.4 3 
1.0 0 2.0 0 0.8 6 
1.0 4 2.0 4 0.5 1 
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secon d action s i n th e digraph .  I f  th e actio n B  i n th e digrap h A B i s produce d a t  tim e ste p 

immediatel y followin g th e tim e ste p th e actio n A  wa s produced ,  the n th e interva l  fo r  th e 

digrap h i s 1 .  T h e overal l  digrap h frequenc y effec t  wa s significan t  (i.e. ,  D F E >  0 ) ,  F(l ,  2 )  = 

20.72 ,  p  <  0.05 ,  usin g th e pair s a s th e rando m variable . 

Capture Errors 

One interesting aspect of action control is that errors seem to exhibit certain general 

patterns .  Thi s ha s bee n s h o w n i n controlle d experiment s i n speec h (Motley ,  C a m d e n & 

Baar s 1982 ,  Del l  1984 )  an d i n typin g (Grudi n 1983 ,  Selle n 1986 )  a s wel l  a s observation s i n 

natura l  setting s (Norma n 1982 ,  Reaso n 1979) .  O n e clas s o f  error s ar e calle d captur e errors . 

" A captur e erro r  occur s w h e n a  familia r  habi t  substitute s itsel f  fo r  a n intende d actio n 

sequence .  . .  Pas s to o nea r  a  well-forme d habi t  an d i t  wil l  captur e you r  behavio r  (Norma n 

1982). "  Th e presen t  mode l  seem s t o hav e a  potentia l  t o generat e thi s typ e o f  errors .  Thi s i s 

becaus e th e mapping s i n th e networ k hav e th e characteristi c tha t  simila r  input s ten d t o b e 

mapped t o simila r  outputs .  I f  tw o outpu t  sequence s hav e simila r  subsequences ,  thi s result s 

i n simila r  contextua l  informatio n i n th e contex t  vecto r  tha t  migh t  lea d t o a n error . 

This possibility was tested by simulating Sellen's psychological experiment (1986) using 

a Jorda n networ k a s th e subject .  T h e desig n o f  th e experimen t  i s summarize d i n Tabl e 3 . 

The networ k wa s give n fou r  plan-targe t  pair s t o learn .  I n respons e t o eac h o f  th e fou r  pla n 

vector s a .  b ,  c ,  an d d ,  th e networ k wa s t o generat e fou r  differen t  outpu t  sequence s A B C ,  A B D , 

E F G,  an d E H I .  T h e firs t  tw o sequence s — A B C an d A B D — ar e ver y simila r  t o eac h other : 

thes e ar e calle d "hig h similarit y sequences" .  Th e las t  tw o sequence s — E F G an d E H I  — hav e 

onl y on e c o m m o n component :  thes e ar e calle d "lo w similarit y sequences" .  T h e sequence s 

ABC an d E F G ar e calle d "hig h familiarit y sequences "  becaus e the y ar e presente d t o th e 

networ k thre e time s mor e ofte n tha n th e "lo w familiarit y sequences "  A B D an d E H I .  Ther e 

wer e nin e possibl e actions .  A ,  B ,  C ,  ... ,  H ,  I ,  an d thu s th e networ k ha d nin e outpu t  units . 

The actio n produce d b y th e networ k wa s decide d b y choosin g th e mos t  activ e outpu t  unit . 

Tabl e 3 

Similarity and familiarity of the four 

plan-targe t  sequenc e pair s learne d b y th e network . 

Pla n - > Targe t  Sequenc e 

a A B C 
b A B D 

c E F G 
d EH I 

Similarit y 

Hig h 

Hig h 
Lo w 
Lo w 

Familiarit y 

Hig h 
Lo w 

Hig h 
Lo w 
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Tabl e 4  show s th e fou r  possibl e "captur e errors "  tha t  ca n occur .  A  captur e erro r  ca n 

occu r  eithe r  betwee n t w o hig h similarit y sequence s A B C an d A B C ,  o r  betwee n tw o lo w 

similarit y sequence s E F G an d E H I .  I t  ca n occu r  eithe r  fro m a  hig h familiarit y sequenc e t o a 

lo w familiarit y sequenc e o r  vic e versa .  Fo r  example ,  i f  th e networ k generate s th e sequenc e 

A BD i n respons e t o th e pla n 'a' ,  i t  i s  a  captur e erro r  betwee n hig h similarit y sequence s an d i t 

i s  a  high-to-lo w familiarit y error . 

The network used was a Jordan network with four plan units, six hidden units, four 

contex t  unit s an d nin e outpu t  units .  Eac h outpu t  uni t  represente d on e o f  th e nin e possibl e 

actions :  A ,  B ,  C,... .  I .  T h e networ k wa s traine d o n th e fou r  pair s o f  plan s an d outpu t 

sequence s describe d above .  Gaussia n nois e wa s adde d t o eac h pla n uni t  s o tha t  th e networ k 

continue d t o m a k e s o m e error s eve n afte r  i t  learne d th e sequences .  Testin g wa s don e b y 

presentin g eac h plan ,  wit h nois e added ,  on e thousan d time s afte r  th e networ k ha d reache d 

stabl e state .  Seve n network s wer e ru n tha t  wer e identica l  excep t  fo r  initia l  rando m weights . 

Results 

Figure 5 shows the results. Both similarity and familiarity affected the probability of 

captur e errors .  Ther e wer e mor e captur e error s betwee n th e hig h similarit y sequence s AB C 

and A B D tha n betwee n th e lo w similarit y sequence s E F G an d EHI ,  F(l ,  6 )  =  141.9 ,  p  <  .001 . 

A n d ther e wer e mor e captur e error s fro m a  low-familiarit y sequenc e t o a  high-familiarit y 

sequenc e tha n fro m hig h t o lo w familiarity ,  F(l ,  6 )  =  293.9 ,  p  <  .001 . 

In Sellen's (1986) experiment the familiarity factor had a significant effect on the 

probabilit y  o f  captur e errors ,  but-th e effec t  o f  similarit y wa s smal l  an d no t  significant .  Th e 

discrepanc y betwee n he r  experimenta l  result s an d thi s simulatio n ca n b e attribute d t o a 

number  o f  factors :  Th e differenc e ca n simpl y b e becaus e th e experimen t  di d no t  hav e enoug h 

power  t o detec t  th e effec t  (fewe r  trials ,  smalle r  overal l  erro r  rate) .  Anothe r  possibilit y  i s 

tha t  th e tempora l  contex t  store d i n th e contex t  unit s di d no t  correspon d t o th e experiment . 

A fine r  graine d manipulatio n o f  similarit y i n th e experimen t  a s wel l  a s manipulatio n o f 

temporal  characteristi c o f  th e contex t  unit s i n th e simulatio n migh t  b e neede d t o mak e the m 

Table 4 

Four possible capture errors 

Pla n - > Targe t 

a AB C 
b AB D 
c EF G 
d EH I 

Captur e Erro r 

ABD 
ABC 
EHI 
EFG 

Similarit y 

Hig h 
Hig h 
Lo w 

Lo w 

Familiarit y 

H i ^  - > Lo w 
Lo w - > Hig h 

H i ^  - > Lo w 

Lo w - > Hig h 
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C A P T U R E E R R O R S B Y N E T W O R K S 

c 

O 

Q. 

L o w - > H i g h 

F a m i l i a r i t y 

H i g h — > L o w 

L o w 
S i m i l a r i t y 

H i a h 

Figur e S.  Th e effec t  o f  similarit y an d familiarit y o n captur e error s mad e b y seve n networks :  Captur e error s wer e 
more likel y fro m low-familiarit y sequenc e t o high-familiarit y sequenc e tha n th e revers e direction ,  an d mor e like -
l y betwee n mor e simila r  sequences . 

more comparable. 

This simulation used a single Jordan network with noise to generate capture errors. 

Interestingly ,  captur e error s wer e als o observe d withou t  noise  w h e n th e hybri d networ k 

learne d m a n y sequences .  W h e n som e o f  th e sequence s wer e presente d m o r e ofte n tha n 

othe r  sequences ,  i t  wa s observe d tha t  a  low-frequenc y sequenc e tha t  share d a  subsequenc e 

wit h a  high-frequenc y sequenc e wa s sometime s capture d b y th e high-frequenc y sequence ,  bu t 

a captur e erro r  i n th e revers e directio n wa s rare .  Thi s suggest s tha t  som e actio n error s ca n 

occu r  a s th e resul t  o f  interactio n a m o n g m a n y differen t  mapping s tha t  a  singl e networ k i s 

tryin g t o leam . 

Summary 

The model presented in this paper has a number of interesting properties. First, it was 

abl e t o mode l  th e shif t  fro m a  serial ,  novic e performanc e t o a  highl y parallel ,  exper t 

performance .  Trainin g o f  th e networ k starte d fro m a n initia l  stat e wher e Action-ne t  di d 

onl y a  simpl e mappin g o f  on e pla n t o on e action ,  an d muc h o f  th e wor k wa s don e b y Plan -

net  tha t  mappe d a n intentio n t o a  sequenc e o f  plans .  Th e trainin g reverse d th e situation : 
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th e mappin g fro m intentio n t o pla n becam e one-to-one ,  an d th e mappin g fro m pla n t o 

actio n becam e one-to-sequence .  Fo r  Plan-net ,  th e tas k change d fro m a  seria l  on e t o a  highl y 

paralle l  one . 

Second, this model seems to show a way "chunking* can be done in a connectionist 

network .  Th e networ k wa s abl e t o discove r  ne w representatio n o f  actio n plan s s o tha t  eac h 

pla n represent s a  increasingl y larg e chun k o f  outpu t  sequence .  Th e proces s o f  chunkin g i n 

th e mode l  i s gradua l  rathe r  tha n discrete ,  an d n o ne w representationa l  entit y need s b e 

create d whe n chunk s ar e formed .  I t  i s  no t  necessar y t o presuppos e wha t  "level *  o f 

informatio n eac h componen t  i n th e mode l  shoul d represent :  rathe r  suc u a  "level "  i s  a 

dynami c propert y o f  eac h componen t  tha t  ca n chang e throug h learning . 

Third, the model exhibits digraph frequency effects similar to those observed in studies 

of  typing .  Th e mode l  als o simulate d captur e error s an d ha s th e propert y tha t  captur e error s 

ar e mor e likel y t o b e mad e fro m a  lo w frequenc y sequenc e t o a  highe r  frequenc y sequenc e 

tha n th e revers e direction . 
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