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A M o d e l  o f  Learnin g Task-specifi c  K n o w l e d g e fo r  a  n e w Tas k 

Niels A. Taatgen (niels@tcw3.ppsw.rug.nl) 

Cognitiv e Scienc e an d Engineering ,  Universit y o f  Groninge n 

Grot e Kruisstraa t  2/1,971 2 T S Groningen ,  th e Netherland s 

Abstrac t 

In this paper I will present a detailed ACT-R model of how the 
task-specifi c  knowledg e fo r  a  new .  comple x tas k i s learned . 
The mode l  i s  capabl e o f  acquirin g it s knowledg e throug h 
experience ,  usin g a  declarativ e representatio n tha t  i s  graduall y 
compile d int o a  procedura l  representation .  Th e mode l  exhibit s 
severa l  characteristic s tha t  concu r  wit h Fitts '  an d Anderson' s 
theorie s o f  skil l  learning ,  an d ca n b e use d t o sho w tha t  individ -
ual  difference s i n working-memor y capacit y initiall y  hav e a 
larg e impac t  o n performance ,  bu t  tha t  thi s impac t  diminishe d 
afte r  sufficien t  experience ,  whic h i s consisten t  wit h Acker -
mans' s theor y o f  skil l  learning .  Som e preliminar y experimen -
ta l  dat a suppor t  thes e findings . 

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

From the viewpoint of cognitive modeling it has always 
bee n har d t o explai n w h y peopl e ca n lear n ne w skill s  a s fas t 
as the y usuall y do .  I n a  typica l  psychologica l  experiment , 
participant a ar e tol d t o d o somethin g the y hav e neve r  don e 
before .  Nevertheless ,  onl y s o m e verba l  instruction s an d 
m a y be on e o r  tw o practic e trial s ar e enoug h t o ge t  the m 
started .  Initia l  performanc e i s characterize d b y th e fac t  tha t  i t 
i s  slow ,  an d tha t  m a n y error s ar e made .  Onc e a  participan t 
gain s som e practice ,  spee d goe s up ,  an d th e numbe r  o f  error s 
decreases .  Fitt s (1964 )  ha s describe d thi s proces s i n thre e 
stages :  a  cognitiv e stage ,  i n whic h processin g i s conscious , 
deliberate ,  slow ,  an d require s ful l  attention ,  a n associativ e 
stage ,  i n whic h processin g graduall y speed s u p an d les s 
attentio n i s  needed ,  an d finall y a n autonomou s stage ,  i n 
whic h a  skil l  i s  performe d ver y fas t  an d require s ver y littl e 
attention .  T h e autonomou s stag e i s als o characterize d b y th e 
fac t  tha t  deliberat e contro l  i s  graduall y lost :  i t  i s  har d fo r  a n 
exper t  i n som e domai n t o explai n exactl y wha t  h e does . 

Acke rma n (e.g. ,  1988 )  ha s investigate d thes e thre e stage s 
by lookin g a t  individua l  difference s i n skil l  learning .  H e 
foun d difference s i n th e cognitiv e stag e ca n b e attribute d 
m a m ly t o figural,  numerica l  an d verba l  skills ,  a s wel l  a s 
workjng-memor y capacity ,  difference s i n th e associativ e 
stag e t o perceptua l  sjjee d differences ,  an d difference s i n th e 
autonomou s stag e t o psychomoto r  abilities . 

Model s o f  skil l  learnin g base d o n rule s star t  ou t  wit h a  se t 
of  productio n rule s tha t  full y  implemen t  th e skill .  Severa l 
explanation s fo r  th e speed-u p produce d b y learnin g ar e 
offered .  Fo r  example ,  i n Soa r  (Newell ,  1990 )  th e speed-u p i s 
explaine d b y chunking :  reasonin g step s tha t  previousl y 
require d multipl e rule s ar e carrie d ou t  b y a  singl e rul e afte r 
learning .  Anothe r  explanatio n i s tha t  th e efficienc y o f  a  rul e 
itsel f  i s  improved .  Fo r  example ,  i n A C T - R (Anderso n &  Leb -
iere ,  1998 )  strengt h parameter s ar e maintaine d fo r  eac h rule . 

As a  rul e i s practiced ,  it s strengt h valu e increases ,  an d th e 
tim e i t  take s t o us e i t  decreases .  Althoug h thes e model s ofte n 
predic t  th e dat a ver y well ,  a  conceptua l  proble m remains : 
wher e d o thes e initia l  productio n rule s c o m e from ? Th e gen -
era l  critiqu e i s tha t  thes e model s ar e "preprogrammed" :  the y 
alread y contai n th e informatio n the y ar e suppose d t o learn . 
Als o th e mor e qualitativ e aspect s o f  th e stage s i n skil l  learn -
ing ,  lik e th e requiremen t  fo r  attentio n a t  th e star t  an d th e lac k 
of  consciou s acces s i n th e end ,  remai n largel y unexplained . 

O ne o f  th e reason s w h y th e initia l  stag e o f  skil l  learnin g i s 
so har d t o model ,  i s  th e fac t  tha t  th e participant' s genera l 
c o m m on sens e knowledg e come s int o play .  Thi s knowledg e 
i s necessar y t o interpre t  th e instructions ,  an d t o fil l  i n th e 
gap s i n thes e instructions .  Fo r  example ,  i f  th e instructio n i s 
"pus h th e butto n whe n a n X  appear s o n th e screen" ,  i t  i s 
assume d t o participan t  know s wha t  a n X  is ,  wha t  th e scree n 
is ,  an d h o w t o pus h a  button .  I n othe r  cases ,  fo r  exampl e i n 
th e schedulin g tas k I  wil l  discus s late r  on ,  participant s hav e 
t o discove r  fo r  themselve s h o w t o perfor m th e task . 

A theor y tha t  ca n explai n th e transitio n fro m th e cognitiv e 
t o th e autonomou s stag e i s propose d b y Anderso n (1982) . 
Thi s theor y i s base d o n th e distinctio n betwee n declarativ e 
an d procedura l  memory .  Declarativ e m e m o r y contain s fac -
tua l  knowledge ,  an d i s availabl e t o consciou s access .  Proce -
dura l  m e m o r y o n th e othe r  han d contain s productio n rules . 
Thes e rule s ca n onl y act ,  an d canno t  b e inspecte d them -
selves .  Th e ide a i s tha t  i n th e cognitiv e stag e th e task-specifi c 
knowledg e i s represente d declaratively .  Declarativ e knowl -
edg e canno t  ac t  b y itself ,  s o i t  ha s t o b e interprete d b y pro -
ductio n rules .  Thi s explain s w h y processin g i n th e cognitiv e 
stag e i s slow .  I t  als o explain s th e fac t  tha t  i t  i s a  consciou s 
process ,  sinc e declarativ e knowledg e i s  availabl e t o con -
sciousness .  Gradually ,  durin g th e associativ e stage ,  thi s 
declarativ e knowledg e i s  compile d i n productio n rules . 
Thes e rule s ca n ac t  m u c h faste r  tha n declarativ e knowledge , 
but  ar e no t  availabl e t o consciousness .  W h e n al l  declarativ e 
knowledg e i s  compiled ,  th e autonomou s stag e i s  reached . 
Sinc e th e declarativ e knowledg e i s n o longe r  needed ,  i t  i s 
graduall y forgotte n an d consciou s contro l  o f  tas k perfor -
mance i s lost . 

Althoug h thi s theor y o f  skil l  learnin g i s specifie d i n term s 
tha t  ca n b e implemente d m a  productio n system ,  thi s i s 
hardl y eve r  done .  I n thi s pape r  I  wil l  discus s a  mode l  tha t 
doe s acquir e it s skill s i n thi s fashion .  Th e mode l  i s imple -
mente d i n A C T - R ,  an d th e tas k i t  model s i s scheduling . 

The General Skill-learning Model 

ACT-R (Anderso n &  Lebiere ,  1998 )  i s a  cognitiv e architec -
tur e base d o n a  productio n system .  I t  ha s tw o long-ter m 
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Figur e 1 :  Overvie w o f  th e propose d skill-learnin g mode l  i n A C T - R 
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problem ,  knowledg e typ e B 
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memory stores :  a  declarativ e m e m o r y an d a  procedura l 
memory.  Althoug h knowledg e i s represente d b y symbol s i n 
eac h o f  thes e memorie s (chunk s an d productions ,  respec -
tively) ,  i t  ha s a  ric h underlyin g sub-symboli c laye r  o f  repre -
sentatio n tha t  handle s aspect s lik e choice ,  errors ,  reactio n 
time s an d forgetting . 
Figur e 1  show s a n outlin e o f  th e genera l  skill-learnin g 
model .  Eac h o f  th e boxe s i n th e diagra m represent s a  typ e o f 
knowledge :  rectangle s represen t  procedura l  knowledge , 
rounde d boxe s represen t  declarativ e knowledge .  Th e dashe d 
boundar y indicate s whic h o f  thes e knowledg e type s ar e tas k 
specific .  Th e thre e type s o f  knowledg e tha t  ar e par t  o f  th e 
task-specifi c  knowledg e eac h hav e a  differen t  representation . 
Declarativ e rule s ar e rule s tha t  ar e store d a s a  fact .  A n exam -
pl e o f  suc h a  rul e is : 

Example-Declarative-Rule 
Is a Declarative-Rul e 
Goal  Coun t 
Retriev e Number-orde r 
Test  "curren t  coun t  i s equa l  t o first  numbe r 

i n number-order " 
Actio n "se t  th e coun t  t o th e secon d numbe r 

i n th e number-order' ' 

This rule is part of a counting procedure. It specifies that it is 
applicabl e t o a  goa l  o f  typ e count .  W h e n i t  i s applied ,  a  num -
ber-orde r  fac t  (e.g. ,  " T w o i s followe d b y Three" )  ha s t o b e 
retrieve d o f  whic h th e first  numbe r  matche s th e curren t 
count .  Th e secon d numbe r  i n thi s fac t  shoul d b e store d i n th e 
goal .  Th e procedura l  counterpar t  o f  thi s rul e is : 

IF the goal is to count and the current count is numl 
A N D n u m l  i s followe d b y n u m l 

T H EN se t  th e curren t  coun t  t o n u m l 

Each time a declarative rule is used, there is a small probabil-
it y  tha t  i t  wil l  b e compile d int o a  productio n rule .  Althoug h 
bot h representation s wil l  lea d t o th e sam e results ,  ther e ar e 
differences .  Th e declarativ e rul e canno t  ac t  b y itself .  I t  need s 
t o b e interprete d b y productio n rules .  Figur e 2  show s th e 
process :  give n a  certai n goal ,  a  suitabl e declarativ e rul e i s 
retrieve d first,  tha n th e fac t  specifie d i n th e rul e i s retrieve d 
whil e checkin g whethe r  th e tes t  i s satisfie d a t  th e sam e time . 
Finall y th e actio n i s carrie d ou t  an d th e goa l  i s  cleane d up . 
The procedura l  representatio n ca n d o thi s i n a  singl e step ,  s o 

goal 

o 
retrle ' ̂  " ^ v O retrieve *  (ac t  9°?! . 

- • 
r t - O 

decl .  rul e 

declaraUverul e V _ ^  decl.rul e wuifylnjles t  ^ - ^ ^ A , ^ - \  fac t 

perfonn action 

goal - clea n u p 

(change s goal ) 

decl. rule 

F i g u r e 2 :  I n te rp re t i n g d e c l a r a t i v e r u l e s 

is much faster. A declarative rule has its own advantages, 
however .  Sinc e i t  i s  declarative ,  i t  ca n b e inspecte d b y othe r 
rule s tha n th e rule s tha t  ar e use d t o carr y  i t  out .  Th e countin g 
rule ,  fo r  example ,  ca n b e modifie d slightl y t o coun t  letter s 
instea d o f  digits .  Productio n rule s d o no t  offe r  thi s flexibility, 
sinc e the y canno t  b e inspecte d themselves .  I f  a  declarativ e 
rul e lead s t o a n error ,  a  modifie d versio n ca n b e create d t o tr y 
somethin g else .  A  final  aspec t  o f  usin g a  declarativ e rul e i s 
tha t  i t  use s working-memor y capacity .  Althoug h A C T - R ha s 
no separat e worki n memory ,  th e functio n normall y attribute d 
t o workin g memory ,  keepin g trac k o f  currentl y relevan t  tas k 
knowledge ,  i s relate d t o th e sprea d o f  activatio n fro m th e 
goal .  D u e t o th e interpretatio n proces s o f  th e declarativ e rule , 
th e activatio n tha t  originate s fro m th e goa l  ha s a  large r  fan :  i t 
i s  sprea d ou t  ove r  mor e chunk s an d become s "thinner" .  I n 
term s o f  working-memor y capacity :  th e declarativ e rul e con -
sumes som e o f  th e worldng-memor y capacit y tha t  i s  avail -
abl e fo r  norma l  processing . 

Instea d o f  usin g a  rul e t o solv e a  problem ,  a n exampl e o r 
instanc e ca n b e retrieve d tha t  immediatel y contain s th e 
answer ,  i n a  fashio n tha t  i s comparabl e t o Logan' s (1988 ) 
instanc e theory .  I n A C T - R ,  achieve d goal s ar e kep t  i n declar -
ativ e m e m o r y automatically ,  a n serv e a s instance s tha t  ca n b e 
retrieve d late r  (provide d the y hav e no t  bee n forgotten) . 

Sinc e ther e i s n o initia l  task-specifi c  knowledge ,  excep t  fo r 
some uninterprete d instruction s an d possibl e biases ,  genera l 
" c o m m on sense "  knowledg e i s neede d t o m a k e a  start .  Thi s 
knowledg e i s indicate d i n figure 1  b y th e ter m learnin g strat -
egies .  Learnin g strategie s interpre t  instruction s o r  tr y t o 
modif y declarativ e rule s fo r  other ,  simila r  tasks ,  o r  us e othe r 
strategie s t o c o m e u p wit h method s t o d o th e n e w task .  Th e 
genera l  ide a i s tha t  thi s se t  o f  learnin g strategie s i s no t  fixed, 
but  m a y b e a  source  o f  individua l  differences .  Taatge n 
(1997) ,  fo r  example ,  describe s h o w differen t  learnin g strate -
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Proble m 

Tlv»r«ir « 2  w«rl(»r » wit h 
( K h 6  hour j 
T u k A  talce )  1  hou r 
T u k B  lika s 1  hour s 
T wk C  tak« 9 2  hour t 
Task D  taka a 2  hour s 
Taak E  taka a 3  hour s 
Task F  taka s 5  hour s 
The schadul a h* s t o sattsf g 
th a foUovin g constraints . 
Task C  mus t  b e befor e A 
Task t  mus t  b a bafor e B 
Task F  mus t  b e befor e B 
Task D  mus t  b e befor e C 

R | B | c | D | E l r 

•«« o 

^ 

Next  worlo r 

0 
Rudu 

Claa r 

Correc t  1 

Figur e 3 :  Exampl e o f  a  schedulin g experimen t 

gie s ca n explai n th e differenc e i n behavio r  betwee n adult s 
and childre n i n th e discrimination-shif t  task .  I n th e exampl e 
model  analog y wil l  b e use d a s a  learnin g strategy . 

At  eac h stag e i n th e reasonin g process ,  ther e ar e multipl e 
possibl e strategie s t o try .  Accordin g t o ACT-R ,  th e strateg y 
wit h th e highes t  expecte d gai n wil l  wi n th e competition . 
Retrievin g a n instanc e o r  usin g a  productio n rul e i s generall y 
th e fastes t  strategy ,  followe d b y usin g a  declarativ e rule . 
Usin g a  learnin g strateg y i s generall y onl y a  goo d ide a i f  th e 
existin g knowledg e i s insufficien t  o r  incorrect . 

The Scheduling Task 

An example of a complex task that is easy to explain but 
whic h i s ne w t o mos t  peopl e i s scheduling .  Figur e 3  show s 
an exampl e o f  a  schedulin g tas k use d i n ou r  experiments . 
Th e goa l  i s  t o assig n a  numbe r  o f  task s ( 6 i n th e example )  t o 
a numbe r  o f  worker s ( 2 i n th e example) ,  satisfyin g a  numbe r 
of  orde r  constraints .  A  solutio n t o th e exampl e i n figure  3  i s 
t o assig n D E A t o th e first  worker ,  an d F C B t o th e second . 
The participant s hav e t o solv e th e proble m entirel y b y heard : 
th e interfac e onl y allow s the m t o typ e i n th e answer ,  whic h i s 
represente d b y asterisk s o n th e screen .  A n exampl e fragment 
of  verba l  protoco l  i s a s follows : 

Yes.  There are two workers with each six hours Two. Tasic A, task B, 
tas k C .  Th e schedul e ha s t o satisf y  th e followin g constraints.. .  Tas k C 
befor e A ,  C  befor e A ,  E  befor e B ,  F  befor e B  an d D  befor e C .  [..unintel -
ligible .  ]  Firs t  no w D .  D. .  D .  C..A..B.. ,  D.,C..A..B.. ,  D  C  A. B ,  DCAB, 
and then ,  D C A B.  [key s i n D C A B)  an d the n E  . .  E .  F  E. F [key s i n EF ] 
[Receive s feedback ]  Oh ,  tas k F  i s no t  befor e B  C ,  D  ha s t o b e befor e 
C.  D. .  No ,  CD.. .  D  ha s t o b e befor e C .  C .  D.. .  C .  D.. ,  A . B (key s i n 
C D A B]  that' s on e worke r  E  F  ,  [key s i n EF] -  [receive s feedback ] 
Huh?!  Tas k F  i s no t  befor e B  an d tas k D  i s no t  befor e C ? O h wait .  D  ha s 
t o b e befor e C ,  s o firs t  D.. .  D...C..AB..A B [key s i n DCAB] .  Nex t 
worker ,  F .  yes ,  F..E.. ,  ready ,  [key s i n FE] .  [receive s feedback ]  Tas k E  i s 
not  befor e B ? Isn' t  it ? Yes ? [Emphasizing ,  key s in ] 
D..C..A..B..E..E.F.ready ,  [receive s feedback] .  Well !  Ehmm. .  Tas k D 
take s tw o hours .  [Silence ]  Tas k F  i s no t  befor e B ,  s o F  shoul d b e befor e 
B.  Tas k E  before.. .  E  shoul d b e befor e B ,  s o E  an d F  shouldn' t  b e don e 
by.. .  b y  th e sam e worke r  S o w e will ,  let' s  see .  Tas k C  befor e A ,  s o w e 
wil l  first.. .  E  befor e B ,  s o w e wil l  firs t  E..E.E..B..C .  E...E..B..C.. ,  EBC , 
no that' s no t  right.  EBC..F.A..B. .  Ah. ,  star t  agai n Th e D  shoul d b e 
befor e C .  [silence] .  E.. .  Ehm.. .  Th e D  shoul d b e befor e th e C ,  s o w e pu t 
th e D  wit h worke r  one ,  an d C  wit h worke r  two .  S o w e star t  wit h E  wit h 
worke r  one.. .  E..C..A. .  EC.A .  ECA. .  E.C.A .  No .  I  don' t  ge t  it.. . 
E..C..A..D,.F. .  Oh. ,  wron g again . 

As can be seen is this small fragment of protocol, the partici-
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Figure 4: Learning curve of the first model 

pant has a hard time memorizing partial solutions and decid-
in g wha t  t o d o next .  Thi s ofte n lead s t o forgettin g o r  mixin g 
up letters ,  sign s o f  a n overloade d workin g memory . 

I  wil l  explor e thi s tas k i n tw o models ,  th e secon d o f  whic h 
i s a n extensio n o f  th e first.  T h e first  wil l  onl y mode l  th e pro -
ceduralizatio n aspec t  o f  th e genera l  mode l  from figure  1 , 
whil e th e secon d mode l  wil l  us e a  learnin g strateg y t o pro -
duc e n e w task-specifi c  declarativ e rules .  T h e secon d mode l 
wil l  als o suffe r  fro m workin g m e m o r y limitations ,  a s wil l  b e 
eviden t  w h e n I  discus s it s performance . 

The First Model 

A first  approximatio n o f  a  mode l  o f  schedulin g ha s th e fol -
lowin g components : 

1.  Productio n rule s tha t  interpre t  an d proceduraliz e declara -
tiv e rule s a s outline d i n th e previou s sectio n 

2.  A  top-goa l  tha t  read s th e tas k an d pushe s a  tas k subgoa l 
an d type s ou t  th e answe r  o f  th e subgoa l  ha s bee n reache d 

3.  Production s tha t  stor e element s i n a  list ,  an d implemen t 
rehearsal ,  bot h maintenanc e an d elaborate . 

4.  A  se t  o f  declarativ e rule s tha t  implement s a  simpl e strat -
eg y fo r  scheduling . 

5.  Production s tha t  produc e som e sor t  o f  verba l  protocol . 

Results of the First Model 

Th e mode l  wa s teste d usin g a  se t  o f  te n exampl e problems , 
al l  o f  whic h consiste d o f  tw o worker s an d si x o r  seve n tasks . 
Althoug h th e problem s ar e no t  particularl y hard ,  thi s i s  no t 
ye t  importan t  sinc e th e answe r  give n b y th e mode l  i s  no t 
checked .  T h e mode l  use s onl y symboli c learning ,  an d ha s al l 
subsymboli c learnin g turne d off .  N e w chunk s i n declarativ e 
m e m o ry d o no t  hav e a  rol e i n th e proble m solvin g proces s 
yet .  Improvement s i n performanc e ca n therefor e b e attrib -
ute d t o productio n compilation .  Figur e 4  show s th e learnin g 
curv e o f  th e model .  T o ge t  s o m e ide a o f  th e rat e o f  learning , 
th e growt h i n th e numbe r  o f  production s i s  plotte d i n 
figure  5 .  T h e mor e interestin g par t  i s  th e pseud o verba l  pro -
toco l  produce d b y th e model .  T o se e th e impac t  o f  procedur -
alization ,  example s o f  th e outpu t  o f  th e first  an d th e tent h 
proble m hav e bee n printe d i n below . 

Protocol of the First Problem 
Ther e ar e tw o workers .  Eac h o f  th e worker s  ha s seve n hours .  Tas k A 
take s tw o hour s Tas k B  take s tw o hours .  Tas k C  take s tw o hours .  Tas k 
D take s tw o hours .  Tas k E  take s thre e hours .  Tas k F  take s thre e hour s 
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Figure 5: Growth in the number of production rules 

Task B before F. Task F before A. First I will find a task to begin with. 
Let' s loo k a t  a n orde r  constraint .  B  befor e F .  Let' s se e i f  ther e i s n o ear -
lie r  task .  Ther e i s n o earlie r  task .  Begi n wit h B .  B  Ca n w e find  a  nex t 
tas k jus t  b y lookin g a t  th e order ? B  befor e F .  B. .  F .  Ca n w e find  a  nex t 
tas k jus t  b y lookin g a t  th e order ? F  befor e A .  B. .  F. .  A. .  Ca n w e find  a 
next  tas k jus t  b y lookin g a t  th e order ? I s thi s a  schedul e fo r  on e worke r 
or  fo r  more ? N o w I  a m goin g t o coun t  ho w man y hour s w e alread y hav e 
B. .  H o w lon g doe s thi s on e take ? Tas k B  take s tw o hours .  Ad d thi s t o 
what  w e have ,  nothin g plu s tw o equal s two .  F .  H o w lon g doe s thi s on e 
take ? Tas k F  take s thre e hours .  Ad d thi s t o wha t  w e have .  Tw o plu s 
thre e equal s five.  A. .  H o w lon g doe s thi s on e take ? Tas k A  take s tw o 
hours .  D o w e hav e enoug h fo r  on e worker ? Eac h worke r  ha s seve n 
hours .  W e ca n mov e t o th e nex t  worker .  B. .  F. .  A. ,  next. .  Let' s d o th e 
res t  N o w w e ar e goin g t o loo k a t  al l  th e tasks ,  an d se e whic h one s ar e 
not  ye t  i n th e schedule .  Let' s star t  wit h A .  Tas k A  take s tw o hours .  Let' s 
tr y t o pu t  i t  i n th e schedule .  A  i s alread y i n th e schedule .  O K ,  wha t  i s 
th e nex t  letter ? B  come s afte r  A .  Tas k B  take s tw o hours .  Let' s tr y t o pu t 
i t  i n th e schedule .  B  come s afte r  A .  B  i s alread y i n th e schedule .  O K , 
what  i s  th e nex t  letter ? C  come s afte r  B .  Tas k C  take s tw o hours .  Let' s 
tr y t o pu t  i t  i n th e schedule .  C  come s afte r  B .  B. .  F. .  A. ,  next. .  C .  O K , 
what  i s th e nex t  letter ? D  come s afte r  C .  Tas k D  take s tw o hours .  Let' s 
tr y t o pu t  i t  i n th e schedule .  D  come s afte r  C .  B. .  F. .  A. ,  next. .  C .  D. . 
OK,  wha t  i s th e nex t  letter ? E  come s afte r  D .  Tas k E  take s thre e hours . 
Let' s tr y t o pu t  i t  i n th e schedule .  E  come s afte r  D .  B. .  F. .  A. ,  next. .  C . 
D..  E ,  Tas k F  take s thre e hours .  Let' s tr y t o pu t  i t  i n th e schedule .  F 
comes afte r  E .  F  i s alread y i n th e schedule .  O K ,  tha t  wa s th e las t  task , 
we'r e done !  Th e answe r  i s B  F  A  nex t  C  D  E 

Protocol of the Tenth Problem 
Ther e ar e tw o workers .  Eac h o f  th e worker s ha s si x hours .  Tas k A  take s 
one hours .  Tas k B  take s on e hours .  Tas k C  take s tw o hours .  Tas k D 
take s tw o hours .  Tas k E  take s thre e hours .  Tas k F  take s thre e hours . 
Task D  befor e E .  Tas k E  befor e A .  Firs t  I  wil l  find  a  tas k t o begi n widi . 
Let' s se e i f  ther e i s n o earlie r  task .  Begi n wit h D .  D. .  D. .  E. .  D. .  E. .  A. . 
Can w e find  a  nex t  tas k jus t  b y lookin g a t  th e order ? I s thi s a  schedul e 
fo r  on e worke r  o r  fo r  more ? N o w I  a m goin g t o coun t  ho w man y hour s 
we ah-ead y hav e D..E..A. .  D..E..A. .  nex t  N o w w e ar e goin g t o loo k a t  al l 
th e tasks ,  an d se e whic h one s ar e no t  ye t  i n th e schedule .  Let' s star t  wit h 
A.  A  i s alread y i n th e schedule .  D..E..A. .  next. .  B  D..E..A..next.. B . C D 
i s alread y i n th e schedule .  E  i s alread y i n th e schedule .  D..E..A. .  next. . 
B..C.. F O K ,  tha t  wa s th e las t  task ,  we'r e done !  Th e answe r  i s D  E  A 
next  B  C  F 

Clearly, the protocol of the first problem is a protocol ana-
lyst' s d ream ,  becaus e participant s ar e hardl y eve r  tha t  pre -
cise .  Bu t  th e tent h protoco l  look s m o r e familiar :  m a n y step s 
i n th e proces s ar e omitted ,  an d w e ca n onl y gues s w h y s o m e 
decision s hav e bee n m a d e .  Thi s concur s wit h th e genera l 
ide a tha t  proceduralize d skill s  produc e n o verba l  protoco l 
(Ericsso n &  S i m o n ,  1984) . 

Al thoug h thi s first  m o d e l  s h o w s s o m e interestin g proper -

tie s simila r  t o rea l  problem-solvin g behavior ,  i t  i s  fa r  f r o m 
complete .  T h e curren t  m o d e l  jus t  take s a  singl e sho t  a t  th e 
solution ,  an d doe s no t  retr y i f  i t  i s  incorrect .  O n l y A C T - R ' s 
productio n compilatio n ha d bee n turne d on ,  s o th e m o d e l 
wil l  neve r  forge t  an y intermediat e result s i t  ha s found .  A n d 
finally,  th e m o d e l  start s ou t  wit h a  se t  o f  task-specifi c  declar -
ativ e rules .  O n e o f  th e desire d propertie s o f  th e m o d e l  w a s t o 
star t  withou t  an y task-specifi c  know ledge .  T h e s e issue s wil l 
b e addresse d i n th e secon d versio n o f  th e m o d e l . 

Learning Scheduling 

People may not know anything about schedules, but they do 
kno w somethin g abou t  lists ,  an d h o w t o construc t  them .  Sup -
pos e w e nee d t o mak e a  schedule .  W e m a y us e knowledg e 
abou t  list s t o star t  with .  H o w d o w e m a k e a  list ? Firs t  w e 
hav e t o find a  first  ite m fo r  th e list ,  a  beginning .  Onc e w e 
hav e a  beginning ,  w e find a  nex t  tas k unti l  w e ar e done .  Bu t 
h o w d o w e find  somethin g t o begi n with ,  an d h o w d o find a 
nex t  task ? W e m a y choos e t o handl e thes e problem s makin g 
the m subgoals ,  o r  w e m a y tr y t o find  mapping s betwee n 
'beginning '  an d 'next '  an d term s i n th e schedulin g problem . 
For  example ,  a  mappin g ca n b e mad e betwee n 'next '  an d a n 
order-constrain t  i n th e schedulin g problem .  Th e resul t  i s  a 
modifie d versio n o f  th e list-buildin g declarativ e rules ,  wit h 
'list '  substitute d b y 'schedule '  an d 'next '  substitute d b y 
'order' .  Not e tha t  fo r  sak e o f  th e explanation ,  th e term s 'list' , 
'beginning' ,  'before '  an d 'next '  wil l  b e use d t o refe r  t o gen -
era l  terms ,  an d 'schedule '  an d 'order '  t o refe r  t o task-specifi c 
terms .  Excep t  fo r  knowledg e o n h o w t o buil d a  list ,  th e anal -
ogy betwee n a  schedul e an d a  lis t  m a y als o offe r  knowledg e 
on ho w t o retai n a  lis t  i n memor y b y rehearsal . 

Althoug h thes e ne w declarativ e rule s m a y find a  partia l 
schedule ,  the y ar e insufficien t  t o buil d a  complet e schedule , 
mainl y becaus e th e mappin g betwee n 'next '  an d 'order '  i s 
inadequate .  W h e n thi s declarativ e rul e fail s  t o mak e a  com -
plet e schedule ,  anothe r  pla n m a y tak e ove r  an d contribut e t o 
th e schedule . 

An ide a tha t  ma y tak e ove r  i f  th e list-buildin g pla n fail s t o 
add an y mor e task s t o th e schedul e i s th e pla n tha t  trie s t o 
complet e th e first  worker .  A  usefu l  genera l  pla n m a y stat e 
tha t  wheneve r  somethin g ha s t o b e completed ,  th e differenc e 
betwee n th e desire d siz e an d th e curren t  siz e ha s t o b e calcu -
lated ,  afte r  whic h a n objec t  ha d t o foun d wit h a  siz e equa l  t o 
thi s difference . 

Th e centra l  emergin g ide a i s therefor e tha t  severa l  strate -
gie s fro m simila r  domain s ar e adopte d an d patche d together . 
Thi s metho d o f  adaptin g ol d strategie s fo r  ne w purpose s i s 
simila r  t o scrip t  an d schem a theories .  Traditiona l  scrip t  an d 
schema theorie s assum e tha t  a  complet e scrip t  i s first  adapte d 
t o fit  th e curren t  task ,  an d the n carrie d out .  Th e A C T - R 
model  use s a  mor e on-deman d styl e o f  adaptation :  a  ne w 
declarativ e rul e i s create d a t  th e m o m e nt  i t  i s needed . 

The second model 

The second model solves some of the shortcomings of the 
first.  I t  learn s n e w declarativ e rule s a s outline d i n th e previ -
ou s section .  Furthermore ,  th e followin g aspect s hav e bee n 
adde d t o th e mode l : 

733 



1.  Th e mode l  ha s t o c o m e u p wit h a  correc t  solutio n withi n 
30 0 seconds .  I f  n o solutio n ha s bee n foun d i n thi s period , 
th e attemp t  i s counte d a s a  failure . 

2.  ACT-R' s activatio n learnin g i s turne d on .  A s a  conse -
quence ,  th e mode l  ca n forge t  al l  kind s o f  partia l  result s  i t 
derives ,  mos t  notabl y th e lis t  tha t  contain s th e partia l 
solution ,  bu t  als o rea d constraint s (whic h hav e t o b e 
rerea d i n tha t  case) ,  newl y derive d declarativ e rules ,  etc . 

3.  Severa l  extr a declarativ e rule s hav e bee n adde d t o ensur e 
tha t  correc t  solution s ar e eventuall y foun d b y th e model . 
Th e mode l  n o w trie s t o satisf y th e orde r  constraint s fo r 
th e secon d worke r  a s well ,  an d use s th e feedbac k i t  get s 
when i t  make s a n erro r  a s a  startin g constrain t  fo r  th e 
nex t  try . 

Results of the second model 

The following protocol fragment, produced by the model, 
give s a n impressio n o f  th e additiona l  aspect s o f  th e model : 

TTicre are two workers. Each of the workers has six hours. Task A takes 
one hours .  Tas k B  take s on e hours .  Tas k C  take s tw o hour s Tas k D 
take s tw o hours .  Tas k E  take s thre e hours .  Tas k F  take s thre e hours . 
Tas k B  befor e C .  Tas k F  befor e A .  I  hav e t o thin k o f  som e ne w wa y t o 
fin d a  schedule .  Let' s us e wha t  I  kno w abou t  Hst s Firs t  I  wil l  find  some -
thin g t o begi n with .  Let' s loo k a t  a  befor e constraint .  I  hav e t o thin k o f 
some ne w wa y t o find  a  before .  Let' s us e wha t  I  kno w abou t  order .  Let' s 
use a  orde r  fac t  a s a  befor e fact .  F  l)efor e A .  I  hav e t o thin k o f  som e ne w 
way t o find  a  befor e followin g a  faile d declarativ e rul e 12 .  F  befor e A .  I 
hav e t o thin k o f  som e ne w wa y t o find  a  hcfo K followin g declarativ e 
rul e 12 .  Let' s loo k a t  a  befor e constraint .  Let' s se e i f  ther e i s n o earlie r 
element .  Let' s us e a  orde r  fac t  a s a  befor e fact .  Ther e i s n o earlie r  ele -
ment . 

[three  failed episodes removed] 

First I will find something to begin with. Begin with F. F. Now I have to 
find  th e nex t  thing .  F  befor e A .  A. .  N o w I  hav e t o find  th e nex t  thing .  N o 
mor e item s fo r  th e list ,  let' s  chec k whethe r  we'r e done .  F .  A .  I s thi s a 
schedul e fo r  on e worke r  o r  fo r  more ? N o w 1  a m goin g t o coun t  ho w 
many hour s w e alread y hav e F .  Ad d thi s t o wha t  w e have .  Nothin g plu s 
thre e equal s three .  A. .  Ad d thi s t o wha t  w e have .  Thre e plu s on e equal s 
four .  D o w e hav e enoug h fo r  on e worker ? No ,  th e schedul e i s no t  full , 
yet .  F .  A. .  N o w find  th e tas k tha t  fiu  in .  Tas k C  take s tw o hour s C .  W e 
ca n mov e t o th e nex t  worker. .  N E X T - W O R K ER Ut' s d o th e rest  F .  A. . 
C.  N E X T - W O R K ER .  I  no w tr y t o find  an y unuse d orde r  constraint s B 
befor e C .  B  befor e C .  Thi s on e hasn' t  bee n used ,  s o th e constrain t  ha s 
bee n found .  B  befor e C .  B  befor e C .  B. .  N o w w e ar e goin g t o loo k a t  al l 
th e tasks ,  an d se e whic h one s ar e no t  ye t  i n th e schedule .  Let' s star t  wit h 
A.  Tas k A  take s on e hours .  A  i s alread y i n th e schedule .  O K ,  wha t  i s th e 
nex t  task ? Tas k B  take s on e hours .  B  i s alread y i n th e schedule .  Let' s 
move o n t o th e nex t  task .  O K ,  wha t  i s th e nex t  task ? Tas k C  take s tw o 
hours .  C  i s alread y i n th e schedul e Let' s mov e o n t o th e nex t  task .  O K , 
what  i s th e nex t  task ? Tas k D  take s tw o hours .  D. .  Let' s mov e o n t o th e 
nex t  task .  O K ,  wha t  i s th e nex t  task ? Tas k E  take s thre e hour s E. .  Let' s 
move o n t o th e nex t  task .  O K ,  wha t  i s th e nex t  task ? Tas k F  take s thre e 
hour s F  i s alread y i n th e schedule .  Let' s mov e o n t o th e nex t  task .  O K , 
what  i s th e nex t  task ? O K ,  tha t  wa s th e las t  task ,  we'r e done !  F .  A .  C . 
N E X T - W O R K ER B .  D .  E  Th e answe r  i s F  A  C  N E X T - W O R K ER 
B DE 

This particular problem required five attempts, only two of 
whic h ar e shown ;  th e first  an d th e final,  successfu l  episode . 
I n th e first  fragment ,  th e mode l  i s bus y figuring  ou t  h o w 
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Figur e 6 :  Accuracie s o f  th e secon d mode l  fo r  a  lo w (0.8) , 

averag e (1 )  an d hig h workin g memor y (1.4 )  capacit y 

aspects of the problem can be mapped onto things it knows 
somethin g about .  Unfortunately ,  th e primitiv e protoco l  gen -
eratin g par t  o f  th e mode l  produce s som e awkwar d sentence s 
wit h reference s t o interna l  symbols .  Somewher e alon g th e 
lin e th e mode l  get s stuck ,  becaus e i t  canno t  kee p trac k o f  al l 
th e constraint s i n th e tas k an d al l  th e newl y derive d declara -
tiv e rules .  Th e thir d searc h episod e (no t  shown )  i s slightl y 
mor e successful :  i t  ca n us e th e declarativ e rule s derive d i n 
th e first  tw o episodes .  Unfortunately ,  i t  fail s  jus t  whe n i t  i s 
done ,  becaus e i t  canno t  retriev e th e star t  o f  th e lis t  anymor e 
fo r  typin g i n th e answer .  I n th e fifth,  successfu l  episod e som e 
of  th e earlie r  derive d result s ca n b e retrieved ,  whic h i s evi -
denc e tha t  th e mode l  use s th e instanc e strategy .  Fo r  example , 
th e mode l  immediatel y start s wit h "Begi n wit h F '  instea d o f 
derivin g thi s fact . 

Individual differences 

Th e basi c performanc e result s o f  th e secon d mode l  hav e 
roughl y th e sam e shap e a s th e result s fro m th e first  model . 
Th e secon d mode l  is ,  however ,  sensitiv e t o workin g memor y 
limitations .  Accordin g t o Lovett ,  Rede r  an d Lebier e (1997) , 
individua l  difference s i n working-memor y capacit y ca n b e 
modele d b y variation s i n th e sprea d o f  activatio n i n ACT-R , 
as mediate d b y th e sourc e activatio n ( W )  parameter .  W h e n 
thi s paramete r  i s varie d betwee n 0. 8 an d 1.4 ,  i t  produce s th e 
accurac y ration s depicte d i n figure  6 .  Accurac y mean s i n thi s 
case :  th e proportio n o f  problem s solve d correctl y withi n 30 0 
seconds .  Th e interestin g aspec t  o f  differen t  workin g memor y 
capacitie s i s tha t  a t  th e star t  o f  th e experimen t  th e difference s 
ar e ver y high :  th e lo w capacit y mode l  hardl y get s an y prob -
le m done ,  an d th e hig h capacit y mode l  i s successfu l  almos t 
al l  th e time .  A t  th e tent h proble m however ,  thes e difference s 
hav e diminished :  th e lo w capacit y mode l  ha s proceduralize d 
enoug h knowledg e t o b e abl e t o reac h a  correc t  solutio n mos t 
of  th e time .  Thi s finding  i s consisten t  wit h Ackerman' s the -
or y tha t  cognitiv e abilitie s lik e working-memor y capacit y ar e 
mainl y importan t  i n th e cognitiv e stag e o f  skil l  acquisition . 

Preliminary Empirical Evidence for the Model 

As part of a study of mental fatigue (Jongman & Taatgen, 
1999) ,  w e hav e use d th e schedulin g tas k an d th e digi t  work -
in g memor y tas k tha t  ha s bee n modele d i n A C T - R b y Lovett , 
Reder  an d Lebier e (1997) .  Th e digi t  workin g memor y tas k 
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Figure 7: Proportion of correctly solved schedules for the 8 

highes t  sourc e activation s an d th e 8  lowes t  sourc e activations . 

Th e to p grap h show s th e accurac y curve s fo r  bot h groups ,  th e 

botto m grap h show s th e differenc e betwee n th e two . 

was used to make an estimate of the working-memory capac-
it y o f  a  participant ,  expresse d i n th e A C T - R sourc e activatio n 
parameter .  Thi s work ing-memor y capacit y wa s relate d t o th e 
performanc e o n th e schedulin g task .  Unfortunately ,  th e 
schedulin g tas k a s i t  wa s use d i n thi s particula r  experimen t 
was a  mixtur e o f  problem s wit h tw o an d thre e worker s wit h 
varyin g difficult y an d varyin g tim e limitations .  I t  i s therefor e 
har d t o directl y compar e th e result s t o th e mode l  predictions . 
Nevertheles s s o m e o f  th e mor e qualitativ e prediction s o f  th e 
model  ca n b e teste d wit h respec t  t o individua l  differences . 
The mode l  predict s a  stron g correlatio n betwee n working -
memory capacit y an d th e performanc e o n th e schedulin g 
task .  Thi s prove d t o b e th e cas e i n th e experiment :  th e corre -
latio n betwee n th e estimate d sourc e activatio n an d th e n u m -
ber  o f  successfull y solve d schedule s i s 0.5 6 (wit h n=16) . 
This  correlatio n increase s t o 0.6 6 i f  th e analysi s i s restricte d 
t o th e three-worke r  schedules ,  th e schedule s tha t  requir e 
most  working-memor y capacity .  A  m o r e specifi c  predictio n 
of  th e mode l  i s  tha t  th e effec t  o f  work ing-memor y capacit y 
on performanc e wil l  diminis h du e t o proceduralization .  T o 
investigat e thi s prediction ,  th e grou p o f  participant s i s  spli t 
int o eigh t  lo w source-activatio n participant s (W<0.95 )  an d 
eigh t  hig h source-activatio n participant s (W>0.95) .  Th e pro -
portion s o f  correc t  solution s fo r  eac h o f  th e group s i s plotte d 
i n figure  7 .  I n thi s grap h onl y three-worker s problem s ar e 
shown ,  an d t o averag e ou t  par t  o f  th e nois e eac h dat a poin t  i s 
average d wit h it s  predecesso r  an d it s  successor .  Ther e i s a 
clea r  convergenc e betwee n th e tw o curves ,  a s ca n b e see n i n 
th e botto m grap h tha t  depict s th e difference . 

D iscuss io n 

The skill-learning model discussed above exhibits many of 
th e characteristic s normall y attribute d t o differen t  stage s i n 
proble m solving .  I n th e cognitiv e stage ,  declarativ e rule s ar e 
used .  Whil e thes e rule s ar e interpreted ,  the y ar e par t  o f  th e 
curren t  goa l  contex t  an d ar e availabl e t o consciousness .  Th e 
interpretatio n proces s i s slow ,  an d susceptibl e t o errors ,  espe -
ciall y i f  th e task-demand s wit h respec t  t o workin g memor y 
ar e high .  O n th e othe r  han d declarativ e rule s m a y b e manipu -
late d b y learnm g strategies ,  offerin g flexibility.  I n th e auton -
omous stage ,  al l  processin g i s handle d b y productio n rules , 
whic h ar e fas t  an d les s demandin g fo r  workin g memory . 
Moreover ,  onc e th e declarativ e rul e itsel f  i s  forgotten ,  con -
sciou s acces s t o th e skil l  i s lost . 

Althoug h th e mode l  discusse d abov e implement s th e skill -
learnin g proces s fo r  th e schedulin g task ,  th e basi c firamewor k 
ca n b e use d fo r  learnin g othe r  task s a s well .  Th e prio r  knowl -
edg e o f  th e mode l  ca n t o b e changed ,  an d mayb e als o th e 
learnin g strategies ,  i n orde r  t o enabl e i t  t o lear n a  differen t 
task . 

Availability of Models 

Both models can be retrieved from: http://tcw2.ppsw.rug.nl/ 
-niels/thesis .  The y ar e liste d unde r  th e "chapte r  7 "  caption . 
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