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T O U R E T Z KY 

here is that the Language Acquisition Device may only be able to hypothesize very simple rules. The 

rule s ca n interac t  t o produc e length y derivations ,  an d the y ar e extensivel y chunke d durin g developmen t 

t o arriv e a t  adul t  linguisti c performance .  Bu t  chunkin g i s th e onl y sourc e o f  comple x rules ;  the y canno t 

be create d d e nov o b y th e L A D . 

W hy hav e rule s a t  al l  i n a  connectionis t  theory ? Rule s separat e polic y (wha t  Chomsk y call s linguisti c 

"switc h settings" )  fro m mechanis m (th e fundamenta l  abilit y  t o d o insertions ,  deletions ,  an d mutations. )  I f 

a mechanis m suc h a s th e Strin g Editin g Networ k i s universa l  an d geneticall y determined ,  the n th e LAD' s 

jo b i s tremendousl y easier :  i t  ca n concentrat e o n learnin g jus t  th e policie s o f  th e speaker' s language . 

Thi s pape r  make s n o assumptio n tha t  policie s requir e explici t  symboli c representation s i n speakers '  heads . 

Rather ,  i t  show s tha t  chunkin g ca n occu r  eve n whe n ther e i s n o workin g memor y trac e availabl e an d 

ne w rule s canno t  b e constructe d symbolically .  Th e connectionis t  chunke r  acquire s it s rule s incremen -

tally ,  throug h self-supervise d backpropagatio n an d rehearsa l  o f  prio r  knowledge .  Furthe r  experiment s ar e 

planne d t o analyz e th e representation s th e chunke r  develops . 
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A P D P mode l  o f  sequenc e learnin g tha t  exhibit s th e powe r  la w 

Yoshiro Miyata 

Bel l  Communication s Researc h 

ABSTRACT 

Thi s pape r  examine s som e characteristic s o f  th e learnin g proces s i n a  mode l  o f  skil l  learnin g 

(Miyata ,  1987 )  i n whic h performanc e o f  executin g sequentia l  action s become s increasingl y 

more efficien t  a s a  skil l  i s  practiced .  Th e mode l  i s a  hierarch y o f  sequentia l  PD P network s 

whic h wa s designe d t o mode l  a  shif t  fro m a  slow ,  seria l  performanc e o f  a  novic e t o a  fast , 

paralle l  performanc e o f  a n exper t  i n task s suc h a s typing .  Th e networ k develop s 

representatio n o f  a  se t  o f  sequence s a s i t  trie s t o produc e th e sequence s faster .  Th e mode l 

was foun d t o yiel d th e powe r  la w o f  learnin g (Newel l  an d Rosenbloom ,  1981) .  I n addition ,  i t 

exhibite d a  frequenc y effec t  o n substitutio n error s simila r  t o wha t  wa s foun d i n typin g 

(Grudin ,  1983) . 

I N T R O D U C T I ON 

Learning has intrinsic importance to the study of skilled performance because the nature of 

performanc e dramaticall y change s a s a  skil l  develops .  However ,  stud y o f  skil l  learnin g i s difficul t 

becaus e on e ha s t o explai n no t  onl y wha t  processin g structur e underlie s skille d performanc e i n a 

particula r  tas k domain ,  bu t  als o wha t  mechanis m enable s u s t o buil d suc h structure s a s a  resul t  o f 

experienc e i n man y differen t  tasks .  Th e approac h take n i n thi s wor k i s t o loo k fo r  phenomen a tha t  ar e 

observe d acros s a  wid e rang e o f  task s an d t o tr y t o develo p a  mode l  o f  actio n learnin g tha t  attempt s t o 

accoun t  fo r  wha t  see m t o b e quit e genera l  phenomena . 

I  hav e previousl y propose d a  mode l  o f  skil l  learnin g i n whic h performanc e o f  sequentia l  action s 

becomes faste r  a s a  ski U i s practice d (Miyata ,  1987) .  Thi s mode l  successfull y accounte d fo r  som e effect s 

of  presentatio n frequenc y i n typing ,  specificall y th e effec t  o n spee d (Grudi n &  Larochelle ,  1982 )  an d o n a 

clas s o f  executio n error s (Sellen ,  1986) .  Thi s pape r  report s o n som e additiona l  experiment s whic h 

reveale d som e interestin g characteristic s o f  th e learnin g proces s i n th e model .  I n particular ,  th e mode l  i s 

shown t o exhibi t  th e powe r  la w o f  learning .  I n addition ,  i t  exhibite d a  frequenc y effec t  o n erro r  pattern s 

simila r  t o typin g error s a t  th e keystrok e leve l  a s wel l  a s a t  th e sequenc e leve l  a s previousl y show n 

(Miyata ,  1987) .  I  wil l  star t  b y describin g a n exampl e o f  th e powe r  la w t o illustrat e th e kin d o f  skill s 

bein g modele d i n thi s work . 

The Power Law 

Probabl y th e mos t  genera l  phenomeno n w e kno w abou t  learnin g i s tha t  practic e make s performanc e 

faster .  However ,  mor e specifi c  regularitie s see m t o exist .  Fo r  a  wid e variet y o f  tasks ,  th e learnin g curv e 

(i.e. ,  a  plo t  o f  th e tim e t o perfor m th e tas k versu s th e numbe r  o f  trials )  produce s approximatel y a  straigh t 

lin e i n log-lo g coordinate s (Newel l  &  Rosenbloom ,  1981) .  Thi s ha s bee n generall y calle d th e powe r  la w 
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because it indicates that the time is a power function of the number of trials. Figure 1 shows a learning 

curv e o f  a  beginnin g typis t  i n a  typin g clas s studie d b y Centne r  (1983 )  wit h th e media n intcrstrok e 

interva l  plotte d agains t  th e numbe r  o f  week s o f  stud y o n a  log-lo g scale . 

THE HS MODEL 

Consider a person learning to type: first, a novice who has just started to learn typing. Suppose the 

learne r  ha s a n intentio n t o typ e th e wor d "type" .  H e woul d first  find  th e ke y "t "  o n th e keyboar d an d the n 

hi t  th e key .  (Not e tha t  eve n a  novic e typis t  ha s th e skil l  t o hi t  a  ke y b y mov in g a  finger.)  Onl y afte r  thi s 

i s finished  wil l  h e procee d t o find  an d hi t  th e nex t  ke y "y" .  Performanc e i s seria l  an d slow .  C o m p a r e thi s 

wit h a n exper t  w h o n o longe r  ha s t o wori c lette r  b y letter ,  bu t  ca n dea l  wit h severa l  keystroke s 

simultaneously .  I n fact ,  skille d typist s see m t o achiev e thei r  spee d b y overlappin g thei r  finger 

m o v e m e n t s fo r  successiv e keystroke s (Genmer ,  Grudi n &  C o n w a y ,  1980) .  A s th e typist s lear n t o typ e 

faster ,  thei r  finger  m o v e m e n t  pattern s chang e s o a s t o tak e int o accoun t  th e contex t  o f  eac h characte r 

(Centner ,  1983) .  Performanc e become s paralle l  an d fast . 

T h e mode l  t o b e presente d here ,  calle d th e H S mode l  (fo r  Hierarchical-Sequentia l  Mode l ) ,  wa s 

designe d t o accoun t  fo r  thi s kin d o f  chang e fro m a  novic e t o a n expert .  T h e H S model ,  lik e m a n y othe r 

hierarchica l  model s (Miller ,  Galante r  &  Pribra m 1960 ;  M a c K a y ,  1982 ;  Laird ,  Rosenbloom ,  &  Newel l 

1986 ;  Anderson ,  1982 ,  fo r  example) ,  assume s a  hierarchica l  contro l  structure ,  wher e highe r  leve l 

representatio n hold s mor e abstract ,  longe r  rang e information ,  wherea s mor e concrete,  shor t  ter m 

informatio n i s represente d a t  lowe r  levels .  Thus ,  a n intentio n t o perfor m a  sequenc e i s represente d a t  th e 

to p leve l  an d i s converte d t o representation s a t  successivel y lowe r  level s unti l  i t  i s finally  converte d int o 

actua l  physica l  bod y movemen t s a t  th e lowes t  level .  Fo r  example ,  th e highes t  leve l  migh t  specif y a n 

intentio n t o typ e a  sequenc e o f  letter s (word ,  phrase ,  o r  sentence) ,  an d th e intermediat e level s migh t 

represen t  lette r  subsequences ,  o r  individua l  letters ,  tha t  constitut e th e whol e sequence .  Consequently , 

highe r  leve l  representatio n stay s relativel y stabl e wherea s representation s a t  lowe r  level s change s mor e 

rapidly :  a n intentio n t o typ e a  wor d stay s unchange d a t  th e to p leve l  whil e th e lowes t  leve l  goe s throug h a 

sequenc e o f  actio n components ,  eg. ,  finger  movements .  T h e H S mode l  differs ,  however ,  fro m th e 

previou s hierarchica l  model s i n tha t  ther e i s n o fixed  a  prior i  relation s betwee n level s o f  representatio n 

an d th e level s i n th e hierarch y o f  th e model ,  excep t  a t  th e highes t  an d th e lowes t  levels .  T h e relation s 

chang e a s th e syste m learn s wha t  leve l  o f  informatio n eac h leve l  i n th e mode l  shoul d represen t  i n orde r  t o 

achiev e mor e efficien t  performance . 

Figur e 1 .  Learnin g curve s fo r  on e o f  th e typist s studie d b y 

Centne r  (1983) .  Th e media n interstrok e interval s ar e plotte d 

agains t  th e numbe r  o f  week s i n a  beginnin g typin g clas s o n a 

log-lo g scale .  Th e fou r  curve s correspon d t o fou r  differen t  di -

grap h classe s tha t  diffe r  i n thei r  motori c requirements ,  bu t  th e 

specifi c  effect s o f  digrap h classe s ar e no t  importan t  fo r  th e 

curren t  discussion . 

•  1-Finge r  Double s 
*  1-Finge r  Non-Double s 
o 2-Finge r  Digraph s 
o 2-Han d Digraph s 

600 -

Week 
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In this framework, the learning process from a novice to an expert described above can be 

characterize d a s follows :  i n th e novic e case ,  lower ,  mor e "motoric "  level s hav e no t  develope d 

representation s o f  lon g sequence s bu t  hav e representation s onl y o f  smal l  actio n components ,  suc h a s 

"hittin g a  key" .  Thi s mean s tha t  th e representatio n o f  a n intentio n mus t  b e broke n dow n int o smalle r 

component s a t  relativel y highe r  level s i n th e hierarchy .  However ,  a s th e syste m become s expert , 

representation s o f  chunk s o f  thes e component s (suc h a s smal l  lette r  sequences )  ar e develope d a t 

intermediat e levels .  Suc h chunk s ar e broke n dow n int o thei r  constituent s a t  lowe r  levels ,  close r  t o 

physica l  movements .  I f  w e onl y assum e tha t  i t  take s a  constan t  tim e t o execut e a  chun k a t  a n 

intermediat e level ,  formin g chunk s o f  longe r  subsequence s lead s t o a  faste r  performanc e becaus e fewe r 

chunk s ar e require d t o represen t  eac h sequence . 

The Network Architecture 

A specia l  cas e o f  th e H S model ,  i n whic h ther e ar e thre e level s o f  representation ,  ha s bee n 

implemente d an d teste d a s a  P D P network .  Sinc e th e mode l  wa s describe d full y i n Miyat a (1987 ,  1988) ,  I 

wil l  onl y briefl y revie w th e mode l  an d summariz e th e findings  previousl y reported .  I n th e nex t  section ,  1 

wil l  describ e ne w findings  abou t  th e model' s learnin g process .  Figur e 2  show s th e architectur e o f  th e 

network .  Th e highes t  level ,  labele d Intention ,  contain s a  conceptua l  representatio n o f  th e actio n sequenc e 

t o b e performed .  Th e lowes t  level ,  labele d Actio n represent s individua l  component s t o b e executed .  Th e 

middl e level .  Pla n mediate s th e mappin g betwee n Intentio n an d Action .  Th e operatio n o f  th e mode l 

involve s tw o mappings ,  implemente d b y tw o subnetworks :  Th e subnetwor k Planning-Ne l  map s fro m a n 

Intentio n vecto r  t o a  sequenc e o f  Pla n vectors .  Th e subnetwor k Execution-Ne t  map s fro m a  Pla n vecto r 

N T E N I l O N 

1 

PLAN 

0„0„0„0„Oq O 
0"0"0"0" 0 

^ « 0 % % hiddi n unit s 

0 0 0 0 

0 0  0  0 

% % S Oo 

0 0  0  0 

'eedbac k unit s 

PIANNING-NEI 

'eedbac k unit s 

EXECUTION-NET 

Figur e 2 .  Th e architectur e o f  th e H S mode l  wit h thre e 

level s o f  representation ,  [mentio n i s a  conceptua l 
representatio n o f  th e actio n sequenc e t o b e performed . 

Actio n represent s individua l  actio n component s t o b e 
executed .  Pla n i s a n intermediat e representatio n tha t 

mediate s th e mappin g betwee n Intentio n an d Action . 
A singl e Intentio n vecto r  i s mapjpe d t o a  sequenc e o f 
Pla n vector s b y Planning-Nct ,  an d eac h Pla n vecto r  i s 

mapped t o a  sequenc e o f  Actio n vector s b y 
Execution-Net .  Th e tw o mapping s ar e implemente d 

by tw o Jorda n networks .  T h e outpu t  o f  Planning-Ne t 
i s directl y fe d t o th e pla n unit s o f  Execution-Net .  T h e 

feedbac k unit s o f  th e Execution-Ne t  ar e connecte d t o 

th e feedbac k unit s o f  th e Planning-Net . 
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to a sequence of Action vectors. 

Each subnetwor k wa s Jordan' s sequentia l  networ k (Jordan ,  1986 )  i n orde r  t o generat e a  sequenc e o f 

outpu t  vector s fro m a  singl e inpu t  vector .  I n additio n t o a  feedforwar d three-laye r  architectur e wit h on e 

laye r  o f  hidde n units ,  a  Jorda n networ k ha s a  se t  o f  feedbac k unit s wit h recurren t  self-connection s whic h 

act s a s a  memor y o f  a  tempora l  contex t  o f  pas t  outpu t  vector s store d a s a n exponentiall y  decayin g trac e o f 

pas t  outpu t  vectors :  Th e sequenc e o f  vector s X  =  (jc*i ,  X2 ,  •  •  ,  Jc V ) ,  wher e 3c |  i s th e outpu t  vecto r  a t  tim e t , 

i s store d a s va^-'x^ ,  wher e a  i s th e deca y facto r  (0<a<l) .  A t  eac h tim e step ,  th e nex t  outpu t  vecto r  i s 

determine d bot h b y it s inpu t  vecto r  (whic h doe s no t  chang e durin g th e sequence) ,  an d b y th e feedbac k 

vecto r  (whic h change s a t  eac h tim e step) . 

I n th e H S model ,  a  se t  o f  connection s fro m th e feedbac k unit s o f  th e Execution-Ne t  t o th e feedbac k 

unit s o f  th e Planning-Ne t  allowe d th e latte r  t o kee p trac k o f  wha t  th e forme r  wa s doing .  Also ,  not e tha t 

Planning-Ne t  operate d a t  a  slowe r  rat e tha n Execution-Net :  Planning-Ne t  i s update d onl y onc e i n ever y 

thre e step s (i n thi s particula r  simulation )  o f  updatin g Execution-Net . 

I n th e simulatio n reported  here ,  ther e wer e 4  possibl e action s A ,  B ,  C  an d D ,  eac h represente d b y 

one o f  4  outpu t  unit s o f  Execution-Net .  Eac h Intentio n vecto r  represente d a  sequenc e o f  thre e actions . 

Pre-Training 

The back-propagatio n algorith m (Rumelhan ,  Hinton ,  &  Williams ,  1986 )  wa s use d t o trai n th e 

network .  However ,  befor e th e syste m coul d star t  learning ,  th e elementar y skil l  o f  a  novice ,  suc h a s th e 

abilit y  t o find  an d hi t  a  key ,  mus t  b e someho w realized  i n th e system .  Thi s prio r  knowledg e wa s modele d 

by pre-trainin g th e networ k s o tha t  i t  coul d perfor m i n a  manne r  analogou s t o a  novic e typist ,  befor e th e 

actua l  trainin g o f  th e tas k itsel f  started .  A s th e resul t  o f  pre-training ,  th e networ k coul d perfor m th e tas k 

but  onl y slowly .  Figur e 3  illustrate s th e tim e cours e o f  th e operatio n o f  th e networ k afte r  th e pre-training . 

I t  wa s traine d t o us e 4  Pla n vectors ,  eac h representin g on e o f  th e 4  possibl e actions .  I n orde r  t o generat e 

th e sequenc e A B C ,  fo r  example ,  Planning-Ne t  wa s pre-trainc d t o generat e a  sequenc e o f  thre e Pla n 

vectors ,  (Plan\ ,  Plan! ,  an d PlanZ )  on e representin g A ,  on e fo r  B ,  an d on e fo r  C .  Execution-Ne t  wa s 

pre-traine d t o respond  t o eac h Pla n b y turnin g o n th e correspondin g outpu t  uni t  (show n i n th e figure  b y 

th e uprigh t  rectangle  i n th e actio n sequence )  a t  th e first  tim e ste p an d the n tur n of f  al l  outpu t  fo r  th e nex t 

tw o tim e steps. ' 

The networ k wa s traine d t o produc e th e 6 4 possibl e sequence s o f  thre e components ,  eac h 

componen t  bein g on e o f  fou r  actions . 

Training 

I n th e actua l  training ,  a  procedur e wa s use d tha t  force d th e networ k t o graduall y spee d u p it s 

performance .  Suppos e th e networ k wa s t o produc e th e sequenc e A B C .  Eac h actio n produce d b y th e 

networi c wa s compare d agains t  a  targe t  an d th e weight s modifie d s o a s t o reduc e th e error .  Th e targe t  wa s 

alway s th e nex t  componen t  i n th e sequenc e t o b e produced .  Initially ,  th e targe t  wa s th e first  componen t 

A.  Th e targe t  staye d th e sam e unti l  th e Actio n vecto r  matche s th e target .  Thus ,  i f  th e networ k generate s a 

wron g action ,  e.g. ,  B ,  o r  C ,  instea d o f  i4 ,  th e targe t  continue s t o b e A .  W h e n th e actio n matche s th e target . 

1 T h e choic e o f  th e representationa l  format s fo r  th e Intentio n vector s an d fo r  th e initia l  Pla n vector s ar e mostl y arbitrary .  I n thi s 

simulation ,  a  loca l  representation ,  i n whic h eac h uni t  represente d a  particula r  actio n a t  a  particula r  poin t  i n time ,  wa s use d t o 

avoi d an y unwante d effect s o f  similarit y structure s embedde d i n th e representation . 

2 Which action the network has produced was decided by choosing the most active output unit. 

12 
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however, the target is changed to the next componcni in the sequence, in this case, B. A property of this 

procedur e i s tha t  th e faste r  th e sequenc e i s produced ,  th e smalle r  th e overal l  erro r  becomes .  Figur e 4 

shows th e respons e o f  th e networ k generatin g th e sequenc e A B C afte r  160 0 presentation s o f  al l  6 4 

patterns .  Onl y on e Pla n wa s necessar y t o specif y th e sequenc e t o Execution-Net ,  fro m whic h Execution -

Net  generate d th e whol e sequenc e A B C .  Al l  othe r  sequence s wer e als o complete d wit h on e Pla n vector . 

Thus ,  th e networ k develope d a  representationa l  forma t  tha t  coul d encod e al l  6 4 sequence s o f  thre e action s 

i n Pla n vector . 

l A l li'̂ rfy f 

•  Plonning-Ne t 

Execution-Ne t 

•  Pkin l 

/ — D _ P k i n 3 

performonceAfic r 
pre-Troinin g 

B C  D 

Figur e 3 .  T h e tim e cours e o f  updatin g th e stat e o f  th e network .  Planning -

net  m a p s fro m a n Intentio n t o a  sequenc e o f  thre e P la n vectors . 

Execution-ne t  m a p s fro m eac h P la n t o a  sequenc e o f  thre e Outpu t  vectors . 
T h e figur e s h o w s th e respons e o f  th e networ k afte r  th e pre-trainin g phase . 

Execution-Ne t  coul d generat e onl y on e actio n c o m p o n e n t  f ro m a  Plan .  I n 
orde r  t o generat e th e sequenc e A B C ,  Plaiming-Ne t  ha s t o generat e a  se -

quenc e o f  thre e Pla n vector s representin g A ,  B ,  an d C .  Afte r  th e pre -
training ,  th e networ k coul d produc e al l  6 4 sequence s o f  thre e action s bu t 

onl y slowly .  I t  take s seve n tim e step s t o complet e eac h sequence . 

[L-ILJ i  Intentio n 

c Planning-Ne t 

c Execulion-Ne t 

Figur e 4 .  Respons e o f  th e networ k afte r  th e trainin g phas e t o th e s a m e inpu t  a s i n 

Figur e 3 .  On l y on e P la n vecto r  i s neede d t o specif y th e sequenc e A B C .  Al l  6 4 se -
quence s wer e eac h represente d b y a  singl e P la n vecto r  an d thu s complete d i n thre e 
steps .  T h e P la n unit s which ,  befor e th e training ,  coul d represen t  onl y o n e actio n 

componen t  a t  a  time ,  hav e learne d t o represen t  th e entir e sequence .  Befor e th e train -
ing ,  Execution-Ne t  di d onl y a  simpl e m a p p i n g o f  o n e P la n t o o n e Action ,  an d m u c h 

o f  th e wo r k w a s don e b y Planning-Ne t  tha t  m a p p e d a n Intentio n t o a  sequenc e o f 

Plans .  T h e trainin g reverse d th e situation :  th e m a p p i n g f ro m Intentio n t o P la n i s 
n o w one-to-one ,  an d th e m a p p i n g fro m P la n t o Actio n i s one-to-sequence .  F r o m 
Planning-Net' s viewpoint ,  th e tas k ha s change d f ro m a  seria l  o n e t o a  highl y paralle l 

one . 

TlK ^ '  N 
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A N A L Y S ES A N D DISCUSSIO N 

The HS model was designed so as to model a certain characteristic of the change from a novice 

performanc e t o a n exper t  performance .  W h e n it s learnin g proces s wa s examine d mor e closely ,  i t  reveale d 

some othe r  interestin g characteristic s tha t  ar c als o know n fo r  huma n skil l  learning ,  som e o f  whic h wer e 

reporte d i n Miyat a (1987) .  1  wil l  describ e her e som e recen t  findings. 

The Learning Curve 

To obtai n th e learnin g curve ,  a n H S networ k wa s teste d wit h thre e possibl e actions :  th e networ k 

had thre e unit s eac h i n th e Action ,  an d Pla n layer s an d nin e imit s i n th e Intentio n layer .  Th e networ k wa s 

traine d o n al l  th e possibl e sequence s o f  thre e outputs ,  eac h outpu t  bein g on e o f  thre e possibl e actions . 

Ther e ar e 2 7 suc h sequences .  Eigh t  networks ,  wit h differen t  initia l  rando m weights ,  wer e trained ,  an d th e 

duratio n (numbe r  o f  tim e steps )  t o generat e eac h sequenc e wa s recorde d durin g th e training .  Figur e 5-(a ) 

shows th e learnin g curves ,  plotte d i n log-lo g coordinates ,  obtaine d fo r  th e eigh t  networks .  Eac h datu m i s 

obtaine d b y averagin g ove r  a  perio d o f  1 0 trainin g trials ,  eac h tria l  consistin g o f  th e 2 7 sequences .  Th e 

straigh t  lin e i n eac h plo t  show s th e bes t  fit  linea r  regressio n i n th e log-lo g space .  Th e learnin g curve s 

ten d t o li e alon g a  straigh t  line ,  an d th e deviation s fro m th e linearit y d o no t  see m t o sho w an y systemati c 

pattern ,  excep t  fo r  th e apparentl y asymptoti c levelin g a t  th e en d o f  som e o f  th e curves .  Thi s effec t  wil l  b e 

discusse d below .  I n fact ,  whe n thes e curve s wer e average d (Figur e 5-(b)) ,  i t  yielde d a  ver y goo d fit  t o a 

straigh t  line .  (r2=0.9 9 b y averagin g i n th e origina l  ra w data .  A  ver y simila r  resul t  wit h ̂^=0.9 7 whe n 

average d i n th e lo g scale. )  Thi s suggest s tha t  th e deviation s fro m th e linearit y (i n th e log-lo g space )  see n 

i n eac h learnin g curv e ar e no t  systemati c acros s differen t  networks .  I n huma n learning ,  th e learnin g rat e 

cm*!^ " 

men I 

Durdio n 5 

(en.lt.r t 

Ktvat f 

1 1  l. l  I  I  Mi l  1 — M-
10 Inol s 10 0 S0 6 

(b) Average learning curve 

(a )  Learnin g curve s o f  8  network s 

Figur e 5 .  T h e learnin g curve s i n log-lo g coordinat e fo r  th e eigh t  network s (a) ,  an d th e averag e learnin g curv e (b) .  T h e bes t  fi t 

linea r  regressio n lin e i s als o shown . 
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(the slope of the line) has been found to vary with the task (Newell & Rosenbloom, 1981; MacKay, 

1982) ,  wit h individua l  subjects ,  an d wit h differen t  motori c component s i n typin g (Centner ,  1983) .  Fo r 

th e 1 5 dat a set s analyze d b y Newel l  an d Rosenbloom ,  th e valu e o f  th e learnin g rat e varie d fro m 0.0 6 t o 

0.81 .  Fo r  th e eigh t  network s show n i n Figur e 5-(a) ,  i t  range d fro m 0.07 9 t o 0.157 . 

Asymptoti c deviatio n fro m linearit y suc h a s observe d i n som e o f  th e dat a i n Figur e 5-(b )  wer e 

observe d i n man y o f  th e dat a set s examine d b y Newel l  an d Rosenbloo m (1981 )  an d b y MacKa y (1982) . 

The slop e o f  th e learnin g curv e ofte n diminishe d a t  th e end ;  th e beginnin g o f  th e curv e sometime s slightl y 

deviate d fro m linearit y (usuall y  downward) .  Centne r  (1983 )  pointe d ou t  tha t  th e learnin g rat e o f  th e 

beginnin g typis t  show n i n Figur e 1  coul d no t  continu e indefinitely :  suc h typis t  woul d b e typin g a t  37 0 

word s pe r  minut e afte r  4  year .  Th e improvemen t  mus t  hav e som e asymptoti c leve l  eventually . 

When th e learnin g rat e paramete r  i n th e H S networ k whic h determine s th e magnitude s o f  weigh t 

change s i n proportio n t o th e error s wa s varied ,  th e learnin g curv e remaine d approximatel y linea r  fo r  a 

wid e rang e o f  paramete r  values .  (Th e dat a presente d her e wa s obtaine d wit h th e paramete r  valu e o f  0.05. ) 

For  a  ver y smal l  learnin g paramete r  (belo w 0.01) ,  however ,  th e learnin g curv e deviate d downwar d fro m a 

straigh t  lin e a t  th e beginning . 

The shap e o f  th e learnin g curv e o f  th e H S mode l  ca n b e understood ,  a t  leas t  qualitatively ,  a s 

follows .  Not e tha t  i n orde r  t o achiev e a  performanc e spee d o f  ̂5o ,  wher e 5 o i s th e initia l  speed ,  th e Pla n 

unit s hav e t o lear n t o represen t  al l  N ^  sequence s o f  k  primitiv e actions ,  wher e N a i s th e numbe r  o f  th e 

primitive s (assumin g a n exponentia l  environmen t  wher e al l  combinaUon s o f  th e primitive s mus t  b e 

learned ,  an d unifor m learnin g acros s sequences. )  I f  w e tak e a s th e measur e o f  difficult y o f  learnin g th e 

number  o f  ne w subsequence s t o b e learne d b y th e Pla n unit s i n orde r  t o achiev e a  constan t  amoun t  o f 

spee d up ,  w e se e tha t  learnin g become s exponentiall y  mor e difficul t  a s th e performanc e become s faster . 

I n orde r  t o deriv e th e learnin g curve ,  however ,  w e nee d a  bette r  understandin g o f  th e behavio r  o f  th e 

learnin g algorith m itsel f  t o relat e thi s measur e t o th e tim e i t  take s t o learn . 

Laird ,  Rosenbloom ,  an d Newel l  (1986 )  showe d tha t  thei r  Chunkin g Theor y ca n accoun t  fo r  th e 

power  la w i n a  variet y o f  tasks .  Currently ,  th e H S mode l  deal s wit h onl y on e o f  thre e component s i n th e 

framewor k o f  th e Chunkin g Theory ,  namel y th e decodin g proces s i n whic h a  representatio n o f  a  respons e 

sequenc e i s decode d int o it s constituents .  Consequently ,  i n orde r  t o appl y th e H S mode l  t o th e wid e 

rang e o f  task s tha t  th e powe r  la w ha s bee n observed ,  i t  need s t o b e combine d wit h model s o f  th e othe r 

tw o components ,  encodin g o f  stimul i  an d connectio n betwee n th e encodin g an d decodin g processe s (fo r 

example ,  Miyata ,  1988b ;  se e Miyat a 1988a ,  fo r  a  preliminar y discussion) . 

Frequency effect on substitution errors 

A stron g effec t  o f  frequenc y o n error s i n typin g ha s bee n foun d a t  th e leve l  o f  individua l  letter s b y 

Grudi n (1983 )  wh o examine d th e confusio n matri x ( a tabl e showin g th e frequenc y wit h whic h alelie r  i s 

type d i n plac e o f  anothe r  fo r  ever y combinatio n o f  letters )  compile d b y Lessenberr y (1936 )  a s wel l  a s hi s 

own data .  W h e n homologou s error s (strikin g th e ke y occupyin g th e "mirror-image "  positio n o n th e 

keyboar d wit h respec t  t o th e correc t  one )  an d adjacen t  error s (strikin g a  ke y adjacen t  t o th e correc t  one ) 

wer e analyzed ,  i t  wa s foun d tha t  higher-frequenc y letter s wer e mor e likel y t o replac e lower-frequenc y 

letters .  W h e n a  Jorda n networ k ( a simples t  cas e o f  th e H S model )  wa s traine d t o produc e a  se t  o f 

sequence s suc h tha t  eac h componen t  wa s presente d wit h differen t  frequency ,  it s  erro r  pattern s als o 

showed a  stron g effec t  o f  frequency .  Fo r  al l  1 3 pair s o f  component s wit h differen t  frequencies ,  th e 

probabilit y o f  replacin g th e lower-frequenc y componen t  wit h th e high-frequenc y on e wa s highe r  tha n th e 

probabilit y o f  replacin g i n th e opposit e direction . 
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CONCLUSION 

I have described a PDP model of skill learning thai readily accounted for the increase in speed and 

th e shif t  fro m seria l  t o paralle l  performance .  T h e learnin g wa s achieve d b y incrementall y modifyin g th e 

mapping s i n th e networ k so  tha t  th e interna l  Pla n unit s represente d graduall y longe r  subsequences .  I t  i s 

encouragin g tha t  th e mode l  ha s yielded ,  a s emergen t  properties ,  a  numbe r  o f  phenomen a tha t  ar e foun d i n 

h u m an skil l  learning .  I t  remain s t o b e studie d wha t  factor s i n th e mode l  an d th e tas k affec t  th e learnin g 

curve ,  eg. ,  it s slop e an d deviatio n fro m linearity ,  an d h o w .  (On e possibilit y  i s  tha t  th e learnin g rat e 

increase s wit h th e numbe r  o f  pla n unit s use d t o represent  th e sequences ,  an d decrease s wit h th e numbe r  o f 

sequence s tha t  mus t  b e learne d b y th e network. )  Suc h stud y ca n b e compare d agains t  subject' s 

pcrfomianc e i n simila r  situations . 
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