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Abstrac t 

Using a process model of skill acquisition allo-

wed u s t o examin e th e microstructur e o f  subjects ' 

performanc e o f  a  schedulin g task .  Th e model ,  im -

plemente d i n th e Soar-architecture ,  fits  m a n y qua -

litativ e (e.g. ,  learnin g rate )  an d quantitativ e (e.g. , 

solutio n time )  effect s foun d i n previousl y collec -

te d data .  Th e model' s prediction s wer e teste d 

wit h dat a fro m a  ne w stud y wher e th e identica l 

tas k wa s give n t o th e mode l  an d t o 1 4 subjects . 
Agai n a  genera l  fit  o f  th e mode l  wa s foun d wit h 

th e restriction s tha t  th e tas k i s easie r  fo r  th e m o -

del  tha n fo r  subject s an d it s performanc e impro -

ves mor e quickly .  T h e episodi c m e m o r y chunk s i t 
learn s whil e schedulin g task s sho w ho w acquisitio n 

of  genera l  rule s ca n b e performe d withou t  resor t 

t o explici t  declarativ e rul e generation .  Th e mode l 

als o provide s a n explanatio n o f  th e nois e typicall y 

foun d whe n fitting  a  se t  o f  dat a t o a  powe r  la w — 

i t  i s th e resul t  o f  chunkin g ove r  actua l  knowledg e 

rathe r  tha n "average "  knowledge .  Onl y whe n th e 

dat a ar e average d (ove r  subject s here )  doe s th e 

smoot h powe r  la w appear . 

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

From a psychological point of view planning can be 

considere d a  problem-solvin g activit y i n which ,  i n 
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a prospectiv e manner ,  a n ordere d .sequenc e o f  exe -

cutabl e action s ha s t o b e constructed .  I n a  mor e 
forma l  sense ,  thi s mean s specifyin g a  .sequenc e o f 

operator s wit h well-define d condition s an d conse -

quence s tha t  transfor m a  give n stat e int o a  goa l 

state .  Fo r  interestin g problems ,  th e entir e proble m 

spac e canno t  b e searched ,  an d heuristic s mus t  b e 

u.se d t o guid e th e search . 

I n schedulin g problems ,  a  specific ,  importan t 

subse t  o f  proble m solving ,  th e tas k o f  th e proble m 

solve r  i s t o find  a n optima l  schedul e base d o n th e 

give n constraint s (e.g. ,  minima l  processin g time) . 

Factor y schedulin g (so-calle d job-sho p scheduling ) 

i s a  furthe r  subse t  o f  schedulin g tcisks ,  namely ,  t o 

find  th e optima l  orderin g o f  activitie s o n machine s 
i n a  factory . 

.Job-sho p schedulin g ha s direct ,  practica l  im -

portance .  Ove r  th e las t  tw o decade s algorithm s 

hav e bee n derive d tha t  produc e optima l  (o r  nea r 

optimal )  solution s fo r  schedulin g task s usin g ope -
ration s researc h technique s (e.g. .  Graves ,  1981 )  a s 

wel l  a s A I  technique s (e.g. .  Fox ,  .Sade h &  Bay -
kan ,  1989) .  On e o f  th e mos t  popula r  systems , 

base d o n constraint-propagation ,  i s  LSI S (Smith , 

O w,  Potvin ,  Muscettol a &  Matthys ,  1990) .  Othe r 

Al-base d approache s hav e use d th e genera l  lear -

nin g mechanism s i n P R O D I G Y (Minton ,  1990 )  o r 

Soar  (Prietula ,  Hsu ,  Steie r  k  Newell ,  1992) .  Thes e 

system s rel y o n th e assumptio n tha t  genera l  me -

thod s fo r  efficien t  proble m solvin g ca n b e disco -

vere d b y applyin g a  domain-independen t  learnin g 

mechanism . 

I n psychology ,  o n th e othe r  hand ,  littl e i s 

know n abou t  ho w schedulin g i s  performe d a s a 
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proble m solvin g activit y an d abou t  th e acquisitio n 

of  schedulin g skill s  (fo r  a  counterexampl e aiu l  ear -

lie r  cal l  t o arms ,  se e Sanderson ,  1989) .  On e wa y 

t o investigat e ho w peopl e acquir e skill s  an d know -

ledg e i n plannin g task s i s t o us e a  genera l  archi -

tectur e fo r  cognitio n lik e Soa r  (Newell ,  1990 )  t o 

construc t  an d evaluat e computationa l  model s o f 

schedulin g an d th e learnin g i)rocesse s i t  incorpo -

rates .  Thi s approac h provide s method s fo r  con -

ceptualizin g th e proble m solvin g situatio n an d fo r 

implementin g consideration s o n th e knowledg e le -

vel  suc h ei s learning . 

Thu s th e mai n goa l  o f  a  cognitiv e approac h 

(an d thi s paper )  i s  no t  t o find  efficien t  method s 

fo r  scheduling ,  bu t  t o find  model s o f  skil l  acqui -

sitio n tha t  ca n clai m cognitiv e plausibility .  Here , 

we first find  an d describ e severa l  empirica l  cons -

traint s o n scheduling ,  an d the n describ e a  compu -

tationa l  mode l  tha t  wa s develope d base d o n thes e 

constraints .  Us e o f  thi s mode l  t o interpre t  furthe r 

dat a allow s u s t o examin e performance ,  includin g 

learnin g i n thi s domai n i n a  principled ,  detaile d 

way.  Th e resul t  w e includ e her e i s a  knowledge -
base d explanatio n o f  nois e i n th e powe r  la w o f  lear -

ning . 

Skil l  acqu is i t i o n i n s c h e d u l i n g t ask s 

Th e Tas k 

The task — for the subjects as well as for the com-

putationa l  mode l  — wa s t o schedul e five  action s 

optimally .  Th e subject s ha d t o ac t  a s a  schedule r 

or  dispatche r  o f  a  smal l  factory ,  who' s ta.s k i t  wa s 

t o schedul e job s o n tw o machine s ( A an d B) .  Eac h 

jo b ha d t o b e ru n i n a  fixed  orde r  o n bot h machi -

nes (firs t  A  the n B )  requirin g differen t  resource s 

(processin g time) .  Th e essentia l  constrain t  fo r  th e 

subject s wa s t o find  tha t  orde r  o f  job s tha t  jirodu -

ced th e minima l  tota l  processin g time .  Set s o f  five 

job s wit h randoml y create d processin g time s wer e 

give n t o th e subject s o n a  compute r  display .  Th e 

subject s ha d t o determin e whic h ou t  o f  five  job s 

shoul d b e ru n first,  whic h second ,  an d .s o on .  Fo r 

thi s kin d o f  tas k a n algoritii m t o find  th e optima l 

solutio n i s availabl e (John.son ,  1954) .  Th e genera l 

principl e require s comparin g th e processin g time s 

of  th e job s an d finding  th e jo b usin g th e shortes t 

tim e o n on e o f  th e tw o machines .  I f  thi s  i s o n ma -

chin e A  tha n th e jo b ha s t o b e ru n first,  i f  i t  i s  o n 

B,  the n last .  I n orde r  t o ge t  a n optima l  solutio n 

thi s principl e ha s t o b e applie d unti l  al l  o f  th e job s 

ar e scheduled .  Suboptima l  .sequence s resul t  i f  onl y 

part s o f  th e genera l  principl e ar e used ,  e.g. ,  onl y 

tli e demand s o f  resource s o n machin e A  ar e use d 

fo r  orderin g th e jobs .  Thi s specia l  tas k o f  modes t 

complexit y wa s selecte d becaus e (a )  i t  i s  simpl e 

enoug h t o a-sses s th e valu e o f  eac h trial' s  solutio n 

by comparin g i t  t o th e actua l  optima l  solution ,  (b ) 

th e tJt.s k i s har d enoug h t o b e a  genuin e proble m 

fo r  subjects ,  wh o hav e t o .solv e i t  deliberately ,  an d 

(c )  solvin g th e tas k withou t  error s require s disco -

verin g an d applyin g a  genera l  principle . 

W h at  i s learne d i n thi s task ? 

Learning to solve scheduling tasks, like learning 

i n general ,  require s th e acquisitio n a s wel l  a s th e 

storag e o f  rule s i n memory .  I n thi s task ,  acquisi -

tio n i s discoverin g th e genera l  rul e o r  inferrin g a t 

leas t  usefu l  schedulin g heuristi c rule s whil e per -

formin g th e task .  I f  n o rul e o n ho w t o schedul e 

job s i s availabl e an d th e proble m solve r  progresse s 

throug h blin d .search ,  o n averag e n o grea t  impro -

vement  shoul d occur .  Onl y i f  th e subjec t  genera -

te s interna l  hypothese s abou t  th e schedul e orde -

rin g rules ,  an d i f  feedbac k abou t  th e correctnes s 

of  thes e assumption s i s available ,  wil l  th e subjec t 

be abl e t o discove r  efficien t  schedulin g rules .  An d 

then ,  onl y i f  a  discovere d rul e i s store d i n memor y 

wil l  th e improveinen t  b e applie d i n late r  trials . 

As i n impasse-drtve n learning-theone s (VanLehn , 

1988) ,  i t  i s  assume d tha t  rul e acquisitio n particu -

larl y take s plac e whe n subject s fac e a  situatio n i n 

whic h thei r  backgroun d knowledg e i s no t  sufficien t 

t o solv e th e proble m immediately . 

Of  course ,  a s i n othe r  domains ,  learnin g i n 

schedulin g task s depend s o n th e amoun t  o f  prac -

tic e an d i t  i s  highl y situated .  A n essentia l  'situa -

tional '  factor ,  whic h facilitate s o r  inhibit s th e ac -

quisitio n o f  rule s an d thu s th e progres s i n learning , 

i s th e interactio n o f  th e proble m solve r  wit h th e 

environment .  Thi s give s feedbac k abou t  th e qua-

lit y  o f  th e subject' s proble m solvin g solutio n an d 

therefor e abou t  th e efficienc y o f  th e applie d rule . 

I n a  recen t  stud y (Krem s Sz Nerb ,  1992 )  th e 

influenc e o f  differen t  type s o f  feedbac k abou t  th e 

qualit y  o f  solution s o n th e learnin g proces s wa s in -

vestigated .  Subject s wer e give n eithe r  (a )  Quanti -

tativ e information :  ho w goo d a  singl e solutio n i s 

compare d wit h th e opt imu m o r  previou s solution s 

of  th e proble m solver .  N o informatio n abou t  th e 

underlyin g rul e o r  ho w th e optima l  solutio n ca n 

be foun d wa s given .  O r  (b )  Qualitativ e informa -

tion :  a n assessmen t  o f  a  solutio n i n relatio n t o th e 
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optima l  schedulin g rule ,  whic h ou t  o f  th e J i  job s 

wer e correctl y scheduled . 

Subject s wh o receive d quantitativ e informatio n 

abou t  th e distanc e o f  thei r  ow n solutio n t o a n op -

timu m mor e ofte n discovere d a  goo d schedulin g al -

gorith m tha n thos e wh o receive d qualitativ e hint s 

abou t  whic h job s wer e correctl y scheduled .  Th e 

qualitativ e hin t  subject s wer e muc h mor e oriente d 

toward s optimizin g a  singl e solutio n rathe r  tha n 

gettin g insigh t  o n a  mor e abstrac t  level .  Thei r  be -

havio r  ca n b e wel l  describe d withi n repair-theor y 

(VanLehn ,  1988) .  Th e result s poin t  t o distinc t 

type s o f  learnin g base d o n differen t  kind s o f  feed -

back . 

S c h e d - S o a r 

Sched-Soar is a computational model of skill-

acquisitio n i n schedulin g tasks .  Th e architec -

tura l  componen t  i s strictl y separate d fro m th e 

task-specifi c  knowledge .  Soar ,  a  candidat e unifie d 

theor y o f  cognitio n (Newell ,  1990) ,  wa- s use d a s th e 

genera l  cognitiv e architectur e becaus e learning , 

particularl y impasse-drive n learning ,  i s a n essen -

tia l  par t  o f  thi s architectur e (Rosenbloom ,  Newell , 

Lair d k  McCarl ,  1991) .  Sched-Soa r  use s 40 1 pro -

duction s implementin g eigh t  problem-spaces . 

Empirical constraints 

The empirical constraints are taken from expe-

riment s (Krem s &  Nerb ,  1992 )  wher e 3 8 subject s 

each create d 10 0 schedules .  Althougi i  th e mai n 

focu s o f  thi s stud y wa s t o investigat e th e effec t  o f 
differen t  kind s o f  feedbac k o n learning ,  th e dat a 

als o describ e ho w lon g i t  take s t o solv e th e task , 

what  kin d o f  learnin g occurs ,  an d s o on .  Th e mai n 

empirica l  result s use d t o constrain t  th e desig n o f 

our  proces s mode l  o f  schedulin g skil l  acquisitio n 
are : 

(1 )  Tota l  processin g time :  Th e tas k take s 22. 3 s , 

on average ,  fo r  a  novic e (min-value :  1 6 s ,  max -

value :  2 6 s.) . 

(2 )  Genera l  speed-u p effect :  O n average ,  th e pro -

cessin g tim e fo r  schedulin g a  se t  o f  job s decrea-se d 

2 2 % fro m th e first  te n trial s t o th e las t  ten . 

(3 )  Improvemen t  o f  solutions :  Th e differenc e bet -

ween th e subject' s solution s an d th e opt imu m de -

crease d mor e tha n 5 0 % ove r  th e 10 0 trials . 

(4 )  Suboptima l  behavior :  I t  shoul d b e emphasi -

zed tha t  eve n afte r  10 0 trial s th e solution s ar e no t 

perfect . 

(5 )  Algorith m no t  learned :  Non e o f  th e subjects , 

however ,  detecte d th e optima l  schedulin g rule s 

(i.e. ,  nobod y coul d giv e a  verba l  descriptio n o f  th e 

underlyin g principl e whe n aske d afte r  th e trials) . 

M o d e l  a s s u m p t i o n s 

In addition to the empirical constraints we include 

th e followin g genera l  constraints : 

(1 )  Th e tas k i s describe d an d represente d i n term s 

of  proble m spaces ,  goal s an d operators ,  a s a  Pro -

ble m Spac e Computationa l  Mode l  (Newell ,  1990) . 

Al l  knowledg e i s implemente d a s a  se t  o f  produc -

tion s an d chunkin g i s use d a s a  universa l  lear -

nin g mechanism .  Soar' s bottom-u p chunkin g me -

chanis m wa s use d fo r  learning ,  whic h mean s tha t 

chunk s wer e buil t  onl y ove r  termina l  subgoals . 

Thi s i s propose d a s characteristi c o f  h u m a n lear -

nin g (Newell ,  1990 ,  p.317) . 
(2 )  A  m i n i m u m amoun t  o f  knowledg e abou t 

scheduling-task s i s initiall y  provide d a s par t  o f 

long-ter m knowledg e (e.g. ,  t o optimiz e a  sequenc e 

of  action s i t  i s first  necessar y t o analyz e th e re -

sourc e demand s o f  ever y action) .  Als o basi c alge -

brai c knowledg e i s included ,  suc h a s ordina l  rela -

tion s betwee n numbers . 

(3 )  Feedback-driven :  I f  th e availabl e interna l 

knowledg e i s no t  sufficien t  t o choos e th e nex t  ac -

tio n t o schedule ,  th e superviso r  i s aske d fo r  advice . 

Thes e ar e situation s i n whic h a  h u m a n problem -
solve r  woul d hav e t o d o th e same ,  o r  t o guess . 

Processing steps 

Sched-Soar begins with an initial state containing 

tii e five  job s t o b e schedule d an d a  goal-stat e 

t o hav e the m schedule d well ,  bu t  withou t  know -

ledg e o f  th e actua l  m i n i m u m tota l  processin g time . 

Th e minima l  schedulin g knowledg e tha t  Sched -

Soar  start s wit h lead s t o thes e mai n processin g 

steps ,  whic h ar e applie d fo r  ever y singl e schedu -

lin g step : 

(1 )  Sched-Soa r  analyse s th e situatio n an d trie s t o 

find  a  jo b t o attemp t  t o schedule . 

(2a )  I f  n o decisio n ca n b e made ,  despit e exami -

natio n o f  al l  availabl e interna l  knowledge ,  Sched -

Soar  request s advic e fro m th e environment .  Th e 

advic e .specifie s th e jo b tha t  i s th e optima l  choic e 

t o schedul e nex t  i n th e curren t  set . 

(2b )  Afte r  gettin g advic e abou t  whic h jo b t o sche -

dul e next ,  Sched-Soa r  reflect s o n wh y i t  applie s t o 

th e curren t  situation .  I n doin g so ,  Sched-Soa r  use s 
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Figur e 1 :  Individua l  data :  Processin g lim e i n 

Soar  decision-cycle s (DCs )  fo r  fou r  set s o f  siumla -

te d dat a fo r  trial s 1  t o 1 6 an d a  powe r  la w fit . 

rigur c 2 :  Average d data :  Processin g tim e i n D C s 

fo r  fou r  set s  o f  simulate d dat a fo r  trial s 1  t o 1 6 an d 

a powe r  la w lit . 

it s  schedulin g an d basi c arithmeti c knowledg e t o 

figure  ou t  wha t  make s th e propose d jo b differen t 

fro m al l  th e others ,  usin g feature s lik e th e relation s 

betwee n jobs,  th e resource s require d b y singl e ac -

tions ,  an d th e positio n o f  a n actio n i n a  sequence . 

(2c )  Baise d upo n thi s analysis ,  Sched-Soa r  m e m o-

rize s explicitl y  thos e aspect s o f  th e situatio n tha t 

see m t o b e responsibl e fo r  th e supervisor' s advice . 

We cal l  thi s kin d o f  chun k a n episodi c chunk .  Epi -

sodi c chunk s implemen t  search-contro l  knowledge , 

specifyin g wha t  ha s t o b e don e an d when .  A n ex -

ampl e is :  I f  tw o jobs  ar e alread y schedule d an d 

thre e operator s suggestin g thre e jobs  t o b e sche -

dule d nex t  ar e propose d an d jo b 1  ha s th e shor -

tes t  processin g tim e compare d t o th e othe r  job s 

on machin e A ,  the n giv e a  hig h preferenc e valu e 

t o th e operato r  t o schedul e jo b 1 .  Thi s kin d o f 

memorizin g i s  goal-driven ,  don e b y a n operator , 

an d woul d no t  aris e fro m th e ordinar y chunkin g 

procedur e withou t  thi s deliberation . 

I f  i n subsequen t  trial s a  simila r  situatio n i s en -

countered ,  the n Sched-Soa r  wil l  brin g it s  m e m o-

rize d knowledg e t o bear .  Becaus e th e memorize d 

informatio n i s  heuristic ,  positiv e a s wel l  a s nega -

tiv e transfe r  ca n result .  A n d becaus e onl y explicit , 

specifi c  rule s ar e created ,  genera l  declarativ e rul e 

btise d behavio r  appear s t o aris e slowl y an d errati -

cally . 

(3 )  T h e jo b i s aissigne d t o th e machine s an d book -

keepin g i s performed . 

Resu l t s 

Figure 1 shows the solution time of 4 series of 16 

randoml y create d task s tha t  wer e solve d b y Sched -

Soar .  Neithe r  th e powe r  functio n (r ^  =  0.55 )  no r  a 

simpl e linea r  functio n (r ^  =  0.53 )  prove s a  goo d fit 

t o thes e data .  Figur e 2  show s tha t  whe n average d 

ove r  serie s th e dat a fit a  simpl e powe r  functio n 

wel l  ( T =  274. 0 x  N - ° ^  wit h r ^  =  0.95) . 

A close r  loo k a t  th e processin g time s show s 

tha t  th e varianc e i n th e individua l  trial s come s 

fro m tw o mai n sources :  th e negativ e transfe r  o f 

chunke d knowledg e an d th e luiinbe r  o f  request s 

fo r  advice .  Negativ e transfe r  results ,  whe n a n epi -

sodi c chunk ,  buil t  durin g .solvin g a  previou s task , 

suggest s a n actio n i n a  situatio n tha t  appear s simi -

la r  t o th e prio r  one ,  bu t  whic h require s a  differen t 

action .  I f  thi s occurs ,  th e situatio n ha s t o b e eva -

luate d agai n t o find  th e prope r  schedule-element , 

and ,  finally,  i f  ther e i s n o suitabl e knowledge ,  th e 

model  stil l  ha s t o as k fo r  advice .  Thi s explain s 

why w e foun d i n th e model' s performanc e tha t  ad -

ditiona l  request s fo r  advic e ar e ofte n precede d b y 

one o r  mor e instance s o f  negativ e transfer .  Bot h 

negativ e transfe r  an d askin g fo r  advic e directl y 

lea d t o mor e deliberatio n effort s a s measure d i n 

decision-cycles . 

Evaluation of the model 

The model was evaluated (1) by investigating how 

m a ny o f  th e empirica l  constraint s wer e met ,  an d 

(2 )  b y comparin g th e mode l  result s t o empirica l 

dat a i n a  furthe r  study . 

(1 )  Tii e result s o f  th e mode l  sho w tha t  th e em -

jiirica l  constraint s siiow n i n Tabl e 1  ar e me t  i n 

general ,  (a )  Solvin g th e tas k require s 15 1 DCs , 

average d ove r  al l  trial s an d runs .  Th e Soa r  archi -

tectur e specifie s th e rat e o f  decisio n cycle s withi n 

hal f  a n orde r  o f  magnitud e wit h a  cente r  poin t 

at  te n pe r  second .  Thi s onl y constrain s th e tim e 

per  cycl e t o b e betwee n 3 0 m s t o 30 0 m s (Newell , 

1990) .  Th e mode l  perform s slightl y faste r  tha n 

th e mea n expecte d rat e o f  10 0 m s / D C ,  bu t  a t  14 7 

ms/cycl e i t  i s  wel l  withi n th e theoretica l  bounds . 
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Tabl e 1 :  Constraint s me t  an d no t  me t 

Tota l  processin g tim e 

Genera l  spee d u p effec t 

Improvemen t  o f  solution s 

Suboptima l  behavio r  persist s 

Algorith m no t  learne d 

met 
not  me t 

undecidabl c 

met 
met 

(b )  Th e speed-u p o f  th e mode l  i s muc h greate r 

tha n th e subjects '  — 5 7 % (fro m 27 0 D C s i n th e 

first  tria l  t o 11 8 i n tria l  16 )  compare d t o 2 2 % .  (c ) 

The improvemen t  i n correctnes s canno t  b e decide d 

yet ,  sinc e Sched-Soa r  wa s initiall y  programme d t o 

alway s us e advic e t o produc e correc t  solutions ,  (d ) 

The mode l  di d no t  discove r  th e genera l  algorithm . 

(e )  Sched-Soar' s behavio r  i s suboptima l  afte r  1 6 

trial s (an d negativ e transfe r  migh t  stil l  occu r  i n 

late r  trials) . 

(2 )  Th e mode l  result s ca n b e considere d theore -

tica l  prediction s abou t  subject s behavio r  i n lear -

nin g t o solv e th e task .  S o m e o f  thes e predicti -

ons wer e furthe r  evaluate d i n a n additiona l  empi -

rica l  stud y becaus e th e tas k i n th e stud y formin g 

th e initia l  empirica l  constraint s (Krem s &  Nerb , 

1992 )  wa s no t  exactl y th e sam e a s tha t  solve d b y 

th e mode l  (i n th e first  stud y feedbac k wa s give n 

afte r  a  complet e solution ,  wherea s Sched-Soa r  i s 

advise d immediatel y afte r  ever y singl e schedulin g 

leve l  decision) .  Therefore ,  a  secon d experimen t 

was conducte d wher e th e exac t  sam e tas k give n 

t o th e mode l  wa s give n t o 1 4 subjects .  Subject s 
wer e instructe d t o separat e thei r  decision s base d 

on knowledg e fro m thos e base d o n guesses :  The y 

wer e requeste d t o as k fo r  advic e whe n the y di d no t 
kno w wha t  t o do .  Eac h subjec t  solve d a  tota l  o f 

18 differen t  schedulin g problems . 

Thes e subjects '  learnin g rat e i s show n i n Fi -

gur e 3 .  W e foun d tha t  a  powe r  functio n ( T = 

109.6 s X  Ar-°-^* )  account s bes t  fo r  th e average d 

dat a (r ^  =  0.82 ,  compare d t o 0.7 1 an d 0.7 3 fo r 

linea r  o r  exponentia l  fits).  Th e averag e proces -

sin g time s fo r  tria l  1  t o 1 8 var y betwee n 99. 4 an d 

36. 3 s .  Lik e m a n y cognitiv e model s (e.g. ,  Pec k k . 

John ,  1992) ,  Sched-Soa r  perform s th e tcis k mor e 

efficientl y tha n subject s do ,  predictin g value s bet -

ween 27 0 an d 11 6 decisio n cycles .  Tha t  mean s on e 

has t o assum e 36 9 o r  31 3 m s / D C ,  whic h i s .slightl y 

abov e th e regio n define d b y Newel l  (1990) .  T h e 
learnin g rat e (powe r  la w coefficient )  o f  th e sub -

ject s i s approximatel y 2 6 % highe r  tha n th e lear -

nin g rat e o f  th e mode l  (-0. 3 versu s -0.38) .  I n ge -

nera l  tha t  mean s tha t  th e tas k i s eeisie r  fo r  th e 
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Figur e 3 :  Processin g tim e fro m tria l  1  t o 1 8 fo r  2 

individual s (thi n soli d lines) ,  th e averag e solutio n 

tim e o f  al l  subject s (dashe d line) ,  an d a  powe r  la w 

fit  t o th e average . 

model and its performance improves more quickly 

(bu t  wil l  als o sto p improvin g mor e quickly) .  I f 

thi s tim e constrain t  i s  take n seriously ,  futur e ex -

tension s t o Sched-Soa r  shoul d includ e mor e o f  th e 

task s tha t  subject s mus t  perfor m tha t  Sched-Soa r 

has performe d fo r  it ,  suc h a s waitin g fo r  advic e t o 

be generated ,  readin g th e job s ofll '  th e screen ,  an d 

typin g i n th e schedule .  Anothe r  explanatio n fo r 

th e difference s betwee n th e model' s an d th e sub -

jects '  behavio r  migh t  b e base d o n th e assumptio n 

tha t  th e learnin g mechanism s o f  Soa r  an d h u m a n 

subject s ar e qualitativel y simila r  bu t  tha t  ther e 

ar e quantitativ e differences .  T h e model' s beha -

vio r  migh t  b e mor e efficien t  becaus e i t  learn s o n 

ever y opportunity ,  wherea s h u m a n subject s lear -

nin g m a y b e mor e specifi c  tha n w e propos e here ,  o r 

eve n probabilistic .  W e als o foun d a  correlatio n o f 

r  =  0.4 6 betwee n subjects '  request s fo r  advise ,  du e 

t o lac k o f  knowledg e o r  wron g decisions ,  an d pro -

cessin g time .  Thi s correspond s wit h th e finding 

abou t  negativ e transfe r  o f  chunke d knowledg e o f 
th e model ,  suggestin g tha t  th e strikin g similari -

tie s i n Figur e 1  an d 3  ar e bot h produce d b y th e 

same mechanism .  Bu t  thi s mus t  b e examine d o n 

a finer  leve l  befor e w e not e the m a s equivalent . 

Conclusions 

A major claim of this analysis is that the power 

la w o f  practic e (Newell ,  1990 )  wil l  appea r  whe n 

performin g th e kin d o f  schedulin g tas k use d i n 

thes e studies ,  bu t  onl y whe n th e dat a ar e avera -

ged ove r  subject s o r  trials .  I n thi s task ,  th e caus e 
of  th e varianc e i s show n clearl y no t  t o b e nois e i n 

th e measuremen t  proces s o r  varianc e i n th e pro -

cessin g rat e o f  th e imderlyin g cognitiv e architec -

tur e (whic h migh t  hav e bee n propo.se d fo r  simp -

ler ,  mor e perceptua l  tasks) ,  o r  throug h improve d 
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interaction s wit h th e environmen t  (Agr e <V.  Shra -

ger ,  1990 )  (althoug h i t  i s  relate d t o tliis) ,  bu t  i t 

i s  cause d b y varianc e i n ho w learne d knowleilg c i s 

applie d t o differen t  situations .  I t  cannot ,  however , 

predic t  ho w lon g a  searc h fo r  a n alternativ e strat -

egy wil l  tak e becaus e thi s i s a n open-loo p searc h i n 

which ,  i n principle ,  al l  explici t  a s wel l  ci s implici t 

knowledg e coul d brough t  t o bear .  Thi s regularit y 

m ay b e furthe r  overshadowe d b y mor e deliberatio n 

effort .  Fo r  example ,  a  subjec t  ca n mak e simpl e de -

cision s t o as k fo r  advice ,  o r  star t  mor e elaborat e 

lookahea d searc h t o a n arbitrar y dept h constrai -

ned onl y b y thei r  workin g memor y and ,  o f  course , 

thei r  motivation .  Strippin g awa y thi s tim e o r  re -

placin g i t  wit h a  constan t  facto r  shoul d als o yiel d 

a powe r  la w functio n o n th e empirica l  side ,  bu t 

onl y whe n averaged .  A  mor e fine-graine d analysi s 

(Agr e &  Shrager ,  1990 ;  Ritter ,  1993 )  i s  require d 

(an d i s  fdread y planned )  t o loo k a t  th e firin g o f 

eac h episodi c chun k tha t  lea d t o negativ e trans -

fer ,  comparin g thi s wit h eac h subject' s behavior . 

On th e othe r  hand ,  furthe r  empirica l  wor k wil l 

be necessar y t o answe r  som e o f  th e question s pose d 

by th e model .  Fo r  example ,  whe n wil l  a  strateg y 

chang e tak e place ,  an d wil l  th e result s b e o f  a  loca l 

or  globa l  nature ? 

Thi s i s on e o f  th e firs t  proble m .solvin g model s 

t o us e episodi c m e m o r y base d o n learnin g throug h 

reflectio n t o lear n a  tas k i n a  cognitivel y plausi -

bl e manner .  I t  als o show s ho w bot h th e acquisi -

tio n an d storag e o f  genera l  rule s i n m e m o r y ca n 

be modelle d b y th e Soar-architectur e throug h ac -

quisitio n o f  specific ,  contex t  dependen t  rule s (i n 

contras t  t o VanLehn' s (1991 ,  p .  38 )  account) .  A s 

thi s mode l  i s  furthe r  developed ,  i t  shoul d prov e 

usefu l  fo r  explainin g othe r  cispect s o f  schedulin g 

behavio r  (e.g. ,  th e effec t  o f  furthe r  kind s o f  feed -

bac k o n rul e acquisition )  an d provid e a  possibl e 

ne w approac h t o constraint-base d planning . 
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