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Abstrac t 

A formulatio n o f  learnin g i n dynami c decision-makin g task s i s 
developed ,  buildin g o n th e applicatio n o f  contro l  theor y t o th e 
stud y o f  huma n performanc e i n dynami c decisio n makin g an d 
a connectionis t  approac h t o moto r  control .  Th e formulatio n i s 
implemente d a s a  connectionis t  mode l  an d compare d wit h hu -
man subject s i n learnin g a  simulate d dynami c decision-makin g 
task .  Whe n th e mode l  i s pretraine d wit h th e prio r  knowledg e 
tha t  subject s ar e hypothesize d t o brin g t o th e task ,  th e model' s 
performanc e i s broadl y simila r  t o thato f  subjects .  Furthermore , 
individua l  run s o f  th e mode l  sho w variabilit y  i n learnin g muc h 
lik e individua l  subjects .  Finally ,  th e effect s o f  variou s manip -
ulation s o f  th e tas k representatio n o n mode l  performanc e ar e 
used t o generat e prediction s fo r  futur e empinca l  work .  I n thi s 
way,  th e mode l  provide s a  platfor m fo r  developin g hypothese s 
on ho w t o facilitat e learnin g i n dynami c decision-makin g tasks . 

Introduction 

I n business-relate d decision-makin g tasks ,  suc h a s managin g 
productio n output ,  decisio n maker s mak e multipl e recurrin g 
decision s t o reac h a  target ,  an d the y receiv e feedbac k o n th e 
outcom e o f  thei r  effort s alon g th e way .  Thi s typ e o f  dy -
nami c decision-makin g tas k ca n b e distinguishe d fro m one -
tim e decision-makin g tasks ,  suc h a s buyin g a  house ,  b y th e 
presenc e o f  fou r  element s (Brehmer ,  1990a ,  1992 ;  Edwards , 
1962) :  (1 )  Th e task s requir e a  serie s o f  decision s rathe r  tha n 
one isolate d decision ;  (2 )  Th e decision s ar e interdependent ; 
(3 )  Th e environmen t  change s bot h autonomousl y an d a s a 
resul t  o f  decisio n makers '  actions ;  (4 )  Decision s ar e goal -
directe d an d mad e unde r  tim e pressure ,  thereb y reducin g th e 
decisio n maker' s opportunitie s t o conside r  an d explor e op -
tions .  Give n tha t  dynami c decision-makin g task s tak e plac e 
i n changin g environments ,  researc h t o explai n performanc e 
i n thes e environment s mus t  accoun t  fo r  th e abilit y  o f  th e de -
cisio n make r  t o adap t  o r  lear n whil e performin g (Hogarth , 
1981) .  Wit h th e emphasi s o n learnin g a s a  mean s fo r  improv -
in g performance ,  th e mechanis m b y whic h learnin g occur s 
becomes o f  centra l  concern . 

Dynamic Decision Making and Control Theory 

Brehme r  (1990a ,  1992 )  use s contro l  theor y a s a  framewor k 
fo r  analyzin g decisio n makers '  goal-directe d behavio r  i n dy -
nami c decision-makin g environments .  H e hypothesize s tha t 
decisio n makers '  abilit y  t o lear n i n dynami c decision-makin g 
task s depend s criticall y o n th e sophisticatio n o f  thei r  under -
standin g o r  mode l  o f  th e environment .  I n particular ,  subject s 
w ho appea r  t o b e usin g les s sophisticate d environmen t  mod -
el s ar e abl e t o lear n t o improv e thei r  performanc e onl y whe n 
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Figur e 1 :  A  connectionis t  framewor k fo r  contro l  tasks ,  base d o n 
Jorda n an d Rumelhar t  (1992) .  Oval s represen t  group s o f  unit s an d 
arrow s represen t  set s o f  connection s betwee n groups .  Th e unlabele d 
group s ar e hidde n unit s tha t  lear n interna l  representations .  Th e 
dashe d arro w i s no t  par t  o f  th e network ,  bu t  depict s th e physica l 
proces s whereb y action s produc e outcomes . 

feedbac k i s timel y an d continuou s (Brehmer ,  1990a ,  i n press) . 
However ,  Brehme r  fail s  t o specif y ho w decisio n maker s for m a 
model  o f  th e environment ,  ho w th e mode l  o f  th e environmen t 
evolve s wit h experience ,  an d ho w decisio n maker s us e thi s 
model  t o lear n t o improv e thei r  performanc e whe n interactin g 
wit h th e environment . 

Castin g dynami c decisio n makin g i n term s o f  contro l  theor y 
allow s fo r  th e transfe r  o f  insight s fro m othe r  relate d domain s 
(Hogarth ,  1986) .  I n moto r  learning ,  Jorda n an d Rumelhar t 
(1992 ;  Jordan ,  1992 ,  i n press )  addres s issue s ver y simila r  t o 
thos e addresse d b y Brehmer .  Th e ke y t o applyin g thei r  ap -
proac h t o dynami c decisio n makin g i s t o divid e th e learnin g 
proble m int o tw o interdependen t  subproblems :  (1 )  learnin g 
ho w action s affec t  th e environment ,  an d (2 )  learnin g wha t  ac -
tion s t o tak e t o achiev e specifi c  goals ,  give n a n understandin g 
of  (1) .  Thes e tw o subproblem s ar e solve d simultaneousl y b y 
tw o connectionis t  network s joine d i n serie s (se e Figur e 1) . 

The tas k o f  th e actio n mode l  i s t o tak e a s inpu t  th e curren t 
stat e o f  th e environmen t  an d th e specifi c  goa l  t o achieve ,  an d 
t o generat e a s outpu t  a n actio n tha t  achieve s tha t  goal .  Thi s 
actio n the n lead s t o a n outcom e whic h ca n b e compare d wit h 
th e goa l  t o guid e behavior .  Unfortunately ,  whe n th e outcom e 
fail s t o matc h th e goal—a s i t  generall y wil l  unti l  learnin g i s 
complete—th e environmen t  does  no t  provid e direc t  feedbac k 
on ho w t o adjus t  th e actio n s o a s t o improv e th e correspondin g 
outcome' s matc h t o th e goal . 
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Such feedbac k can ,  however ,  b e derive d from  a n interna l 
model  o f  th e environment ,  i n th e for m o f  s i  forwar d model . 
Thi s networ k take s a s inpu t  th e curren t  stat e o f  th e envi -
ronmen t  an d a n action ,  an d generate s a s outpu t  a  prcdicic d 
outcome .  Thi s predicte d outcom e ca n b e comp;u-e d wit h th e 
actua l  outcom e t o deriv e a n erro r  signal .  A  gradicnt-descen l 
procedure ,  suc h a s back-propagatio n (Rumelhan .  Hinton ,  & 
Williams ,  1986) ,  ca n the n b e use d t o adjus t  th e parameter s 
(i.e. ,  connectio n weights )  o f  th e forwar d mode l  t o improv e it s 
abilit y  t o predic t  th e effect s o f  action s o n th e environment . 
Notic e tha t  learnin g i n th e forwar d mode l  i s  dependen t  o n th e 
behavio r  o f  th e actio n mode l  becaus e i t  ca n lear n environmen -
ta l  outcome s onl y ove r  th e rang e o f  action s actuall y produce d 
by th e actio n model . 

To th e exten t  tha t  th e behavio r  o f  th e forwar d mode l  ap -
proximate s tha t  o f  th e environment ,  i t  ca n provid e th e actio n 
model  wit h feedbac k fo r  learnin g i n th e followin g way .  Th e 
actua l  outcom e produce d b y th e actio n i s compare d wit h th e 
goal  t o deriv e a  secon d erro r  signal .  Back-propagatio n ca n 
agai n b e applie d t o th e forwar d mode l  (withou t  changin g it s 
own parameters )  t o determin e ho w changin g th e actio n woul d 
chang e th e error .  Thi s informatio n correspond s t o th e erro r 
signa l  tha t  th e actio n mode l  require s t o determin e ho w t o ad -
jus t  it s parameter s s o a s t o reduc e th e discrepanc y betwee n 
th e goa l  an d th e actua l  outcom e produce d b y it s action . 

Jorda n an d Rumelhart' s  (1992 )  framewor k provide s a n 
explici t  formulatio n o f  th e point s lef t  unclea r  i n Brehmer' s 
(1990a ,  1992 )  origina l  assertio n tha t  th e environmen t  mode l 
play s a  centra l  rol e i n learnin g i n dynami c decision-makin g 
tasks .  I n Jorda n an d Rumelhart' s  formulation ,  a n interna l  o r 
forwar d mode l  o f  environmen t  i s forme d an d revise d o n th e 
basi s o f  goal-directe d interactio n wit h th e environment .  Fur -
thermore ,  th e importanc e o f  thi s forwar d mode l  reside s i n it s 
rol e o f  interpretin g outcom e feedbac k a s th e decisio n make r 
attempt s t o lear n wha t  action s t o tak e i n orde r  t o achiev e give n 
goal s i n a n evolvin g context . 

A Test Case: The Sugar Production Factory 

I n orde r  t o evaluat e Jorda n an d Rumelhart' s (1992 )  computa -
tiona l  framewor k i n th e contex t  o f  dynami c decisio n making , 
a versio n o f  th e mode l  depicte d i n Figur e 1  wa s implemente d 
t o lear n a  computer-simulate d dynami c decision-makin g tas k 
tha t  ha s receive d significan t  attentio n i n th e experimenta l 
literature ,  th e Suga r  Productio n Factor y (Berr y &  Broad -
bent ,  1984,1988 ;  Brehmer ,  1992 ;  Stanley ,  Mathews ,  Russ ,  & 
Kotler-Cope ,  1989) .  I n on e versio n o f  th e tas k (th e origi -
nal  learner s conditio n fro m Experimen t  1  o f  Stanle y e t  al. , 
1989) ,  subject s manipulat e th e workforc e o f  a  hypothetica l 
suga r  factor y t o attemp t  t o achiev e a  particula r  goa l  produc -
tio n level .  A t  ever y tim e ste p t ,  subject s ar e presente d wit h a 
displa y scree n depictin g th e curten t  workforc e (measure d i n 
hundred s o f  workers) ,  th e curten t  productio n leve l  (measure d 
i n thousand s o f  pound s o f  sugar) ,  an d a  grap h o f  al l  pas t  pro -
ductio n levels .  Subject s mus t  indicat e th e workforc e fo r  tim e 
t  +  1  an d ar e limite d t o 1 2 discret e value s rangin g fro m 1  t o 
12 (representin g hundred s o f  workers) .  Similarly ,  th e outpu t 
of  th e factor y i s bounde d betwee n 1  an d 1 2 thousan d ton s 
i n discret e steps ,  an d i s governe d b y th e followin g equatio n 
(whic h i s unknow n t o subjects) : 

P ( < + l )  =  2M/( < +  l ) - P ( 0 +  e (i ; 

wher e P{ t  + 1 )  represent s th e ne w productio n a t  tim e <  -I- 1 (i n 
thousands) ,  W{ t  +  1 )  i s th e specifie d workforc e a t  <  +  1  (i n 
hundreds) ,  an d t  i s  a  rando m erro r  ter m o f  -1,0 ,  o r  1 .  Ove r  a 
serie s o f  suc h trial s withi n a  trainin g set ,  subject s repeatedl y 
specif y a  ne w workforc e an d observ e th e resultin g productio n 
level ,  attemptin g t o achiev e a  prespecifie d goa l  production . 

Stanle y e t  al .  (1989 )  repor t  o n th e performanc e o f  eleve n 
subject s traine d o n thi s tas k i n thre e session s takin g plac e ove r 
thre e weeks .  Eac h sessio n wa s divide d int o twent y set s o f  1 0 
trial s o r  tim e step s durin g whic h th e subject s attempte d t o 
reac h an d maintai n a  goa l  leve l  o f  6  thousan d ton s o f  suga r 
production .  A t  th e star t  o f  eac h se t  o f  trials ,  initia l  workforc e 
was alway s se t  a t  9  hundre d an d initia l  productio n wa s allowe d 
t o var y randoml y betwee n 1  an d 1 2 thousand .  Subject s wer e 
tol d t o tr y t o reac h th e goa l  productio n exactly .  However ,  du e 
t o th e rando m elemen t  i n th e underlyin g system ,  Stanle y e t 
al .  score d subjec t  performanc e a s cortec t  i f  i t  range d withi n 
± 1 thousan d ton s o f  th e goal .  I n addition ,  a t  th e en d o f  eac h 
set  o f  1 0 trials ,  subject s attempte d t o writ e dow n a  se t  o f 
instruction s fo r  yoke d naiv e subject s t o follow .  Th e relativ e 
initia l  succes s o f  thes e yoke d subject s compare d wit h tha t  o f 
purel y naiv e subject s wa s take n a s a  measur e o f  th e degre e o f 
explici t  knowledg e develope d b y th e origina l  subjects .  Th e 
instructio n writin g als o ha d a  direc t  beneficia l  impac t  o n th e 
performanc e o f  th e origina l  subjects . 

The Suga r  Productio n Factor y tas k contain s al l  o f  th e el -
ement s o f  mor e genera l  dynami c decision-makin g environ -
ments ,  wit h th e exceptio n o f  tim e pressure .  I n thi s regard , 
Brehmer  (1992 )  ha s observe d that ,  althoug h removin g tim e 
pressur e ma y lea d t o improve d performance ,  th e relativ e ef -
fect s o f  othe r  factor s o n performanc e ar e th e same .  Fur -
thermore ,  althoug h th e tas k appear s fairl y  simple ,  i t  exhibit s 
comple x behavior s tha t  ar e challengin g t o subject s (Berr y & 
Broadbent ,  1984 ,  1988 ;  Stanle y e t  al. ,  1989) .  I n particular , 
due t o th e la g ter m P{t) ,  tw o separate ,  interdependen t  in -
put s ar e require d a t  time s t  an d <  -t -  1  t o reac h steady-stat e 
production .  I n addition ,  als o du e t o th e la g term ,  maintain -
in g steady-stat e workforc e a t  non-equilibriu m value s lead s t o 
oscillation s i n performance .  Finally ,  th e rando m elemen t  al -
low s th e syste m t o chang e autonomously ,  forcin g subject s t o 
exercis e adaptiv e control .  Th e rando m elemen t  als o bound s 
th e expecte d percentag e o f  trial s a t  goa l  performanc e t o be -
twee n 1 1 % (fo r  randoml y selecte d workforc e values ;  Berr y & 
Broadbent ,  1984 )  an d 8 3 % (fo r  a  perfec t  mode l  o f  th e system ; 
Stanle y etal. ,  1989) . 

Implementation of the Model 

Jordan and Rumelhart's (1992) framework, depicted in Fig-
ur e 1 ,  wa s instantiate d i n th e followin g wa y t o interactivel y 
lear n t o contro l  th e Suga r  Productio n Factory .  Th e goa l  pro -
ductio n valu e wa s indicate d a s a  rea l  valu e o n a  singl e goa l 
unit .  Th e curten t  productio n an d th e cmren t  workforc e wer e 
each represente d a s rea l  value s o n separat e inpu t  units .  Th e 
grap h o f  pas t  productio n value s wa s represente d a s a  serie s o f 
rea l  value s o n separat e inpu t  units ,  on e fo r  eac h value .  Al l 
of  thes e input s wer e scale d linearl y t o betwee n 0  an d 1 .  Fi -
nally ,  th e hidde n layer s i n bot h th e forwar d an d actio n model s 
each containe d 3 0 hidde n unit s wit h sigmoida l  outpu t  rangin g 
betwee n ±1 .  Th e numbe r  o f  hidde n unit s wa s establishe d em -
piricall y base d o n serie s o f  simulatio n experiment s intende d 
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t o determin e th e m i n i m u m hidde n unit s require d t o lejir n a 
slightl y mor e comple x versio n o f  th e task . 

As describe d eiirlicr ,  th e networ k use d tw o differen t  erro r 
signal s t o trai n th e forwar d an d actio n models .  Th e predicte d 
outcom e generate d b y th e forwar d mode l  wa s subtracte d fro m 
th e actua l  (scaled )  productio n valu e generate d b y Equatio n 1 
t o produc e th e erro r  signa l  fo r  th e forwar d model .  Th e erro r 
signa l  fo r  th e actio n mode l  wa s generate d b y subtractin g th e 
actua l  productio n generate d b y Equatio n 1  fro m th e goa l  leve l 
and multiplyin g th e differenc e b y th e scal e factor . 

O ne trainin g tria l  wit h th e mode l  occurre d a s follows .  Th e 
initia l  inpu t  values ,  includin g th e goal ,  wer e place d o n th e 
inpu t  units .  Thes e the n fe d forwar d throug h th e actio n mode l 
hidde n layer .  A  singl e actio n uni t  too k a  linea r  weighte d su m 
of  th e actio n hidde n uni t  activations ,  an d thi s su m serve d a s th e 
model' s indicatio n o f  th e workforc e fo r  th e nex t  tim e period . 
Thi s workforc e valu e wa s use d i n tw o ways .  First ,  conformin g 
t o th e bound s stipulate d i n Stanle y e t  al.' s  origina l  experiment , 
th e valu e wa s use d t o determin e th e nex t  period' s productio n 
usin g Equatio n 1 .  Second ,  th e unmodifie d workforc e valu e 
serve d a s inpu t  int o th e forwar d model ,  alon g wit h al l  o f  th e 
input s t o th e actio n mode l  excep t  th e goal .  Thes e input s fe d 
throug h th e forwar d hidde n layer .  A  singl e predicte d outcom e 
uni t  compute d a  linea r  weighte d su m o f  th e forwar d hidde n 
uni t  activations ,  an d thi s su m serve d a s th e model' s predictio n 
of  productio n fo r  th e nex t  period .  I t  i s  importan t  t o not e tha t 
th e forwar d an d actio n model s wer e traine d simultaneously . 

Th e mode l  wa s traine d unde r  tw o condition s correspond -
in g t o differen t  assumption s abou t  th e prio r  knowledg e an d 
expectation s tha t  subject s brin g t o th e task .  I n th e first  con -
dition ,  correspondin g t o n o knowledg e o r  expectations ,  th e 
connectio n weight s o f  bot h th e forwar d an d actio n model s 
wer e se t  t o rando m initia l  value s sample d uniforml y betwee n 
±0.5 .  However ,  usin g th e sam e tas k bu t  a  differen t  train -
in g regimen .  Berr y an d Broadben t  (1984 )  observe d tha t  naiv e 
human subject s appea r  t o adop t  a n initia l  "direct "  strateg y 
of  movin g workforc e i n th e sam e directio n tha t  the y wan t  t o 
move production .  T o approximat e thi s strategy ,  i n th e secon d 
trainin g condition ,  model s wer e pretraine d fo r  tw o set s o f  te n 
trial s o n a  syste m i n whic h productio n wa s commensurat e t o 
siz e o f  workforc e withou t  lagge d o r  rando m erro r  terms . 

For  bot h initia l  conditions ,  th e regime n o f  trainin g o n th e 
Sugar  Productio n Factor y tas k exactl y mimicke d tha t  o f  Stan -
le y e t  al .  (1989 )  fo r  huma n subjects ,  a s describe d above ,  ex -
cep t  tha t  n o attemp t  wa s mad e t o mode l  instructio n writin g fo r 
yoke d subjects .  I n th e cours e o f  training ,  back-propagatio n 
(Rumelhar t  e t  al. ,  1986 )  wa s applie d an d th e weight s o f  bot h 
th e forwar d an d actio n model s wer e update d afte r  eac h tria l 
(wit h a  learnin g rat e o f  0. 1 an d n o m o m e n t u m ) .  T o ge t  a n ac -
curat e estimat e o f  th e abilitie s o f  th e network ,  2(X )  instance s 
(wit h differen t  initia l  rando m weight s prio r  t o an y pretraining ) 
wer e traine d i n eac h experiment . 

Comparison of Model and Human Performance 

Aggregate Comparison with Stanley et al. (1989). Fig-
ur e 2  show s a  compariso n o f  th e averag e performanc e o f  th e 
model  unde r  th e tw o differen t  initia l  condition s (wit h o r  with -
out  pretraining )  an d Stanle y e t  al.' s  (1989 )  eleve n origina l 
learners .  Performanc e i s measure d base d o n numbe r  o f  tri -
al s correc t  ou t  o f  te n usin g th e performanc e criterio n o f  goa l 
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Figur e 2 :  A  compariso n o f  th e averag e learnin g performanc e acros s 
trainin g session s o f  Stanle y e t  al.' s  (1989 )  huma n subject s an d model s 
wit h an d withou t  pretraining . 

productio n ± 1 thousand .  A s i s clea r  i n th e figure,  th e per -
formanc e o f  th e randoml y initialize d model s i s fa r  belo w tha t 
of  huma n subjects .  Thi s differenc e i s unlikel y t o b e du e t o 
explici t  knowledge ,  unavailabl e t o th e network ,  tha t  subject s 
wer e abl e t o acquir e earl y o n i n th e task :  Stanle y e t  al .  (1989 ) 
foun d tha t  th e instruction s writte n b y th e origina l  subject s 
wer e usefu l  t o yoke d naiv e subject s onl y nea r  th e en d o f  th e 
thir d trainin g session . 

By contrast ,  th e pretraine d model s perfor m equivalentl y t o 
human subject s i n th e first  trainin g session ,  an d actuall y lea m 
somewhat  mor e quickl y tha n d o subject s ove r  th e subsequen t 
tw o sessions .  Thi s advantag e m a y b e du e t o th e fac t  tha t  th e 
model  i s  no t  subjec t  t o forgettin g durin g a n intervenin g wee k 
betwee n eac h trainin g session .  Th e findings  o f  th e curren t 
modelin g wor k sugges t  tha t  th e prio r  knowledg e an d expecta -
tion s tha t  subject s brin g t o th e tas k ar e critica l  i n accountin g 
fo r  thei r  abilit y  t o lea m th e tas k a s effectivel y a s the y do .  Ac -
cordingly ,  th e remainde r  o f  th e pape r  present s dat a onl y fro m 
model s wit h pretraining . 

W hy shoul d pretraining ,  particularl y o n a  syste m tha t  dif -
fer s i n importan t  aspect s fro m th e Suga r  Productio n Factory , 
improv e performanc e i n learnin g t o perfor m i n th e task ? Pre -
trainin g provide s th e mode l  wit h a  coheren t  se t  o f  initia l  pa -
ramete r  estimate s describin g syste m performance .  Althoug h 
th e initia l  mode l  parameter s d o no t  describ e th e tru e syste m 
well ,  th e mode l  i s systemati c i n applyin g the m i n attemptin g 
t o contro l  th e system .  B y contrast ,  model s wit h n o pretrain -
in g d o no t  hav e th e benefi t  o f  a  coheren t  (albei t  incorrect )  se t 
of  paramete r  estimate s describin g syste m performanc e whe n 
startin g th e Suga r  Productio n Factor y task .  Thus ,  thei r  initia l 
attempt s t o contro l  th e syste m d o no t  sho w th e sam e sys -
tematicit y an d thei r  learnin g doe s no t  hav e th e advantag e o f 
adjustin g a n alread y coheren t  se t  o f  parameters . 

Single-Subject Comparison across Training Sets. In ad-
ditio n t o aggregat e data ,  Stanle y e t  al .  (1989 )  provid e tw o 
example s o f  individua l  subjec t  performanc e fo r  eac h se t  o f 
trials ,  ove r  th e ful l  6 0 sets .  Figur e 3  show s a  compariso n be-
twee n th e learnin g performanc e o f  on e suc h subjec t  an d tha t 
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Figur e 3 :  Th e performanc e ove r  6 0 trainin g set s o f  a  singl e huma n 
subjec t  (Stanle y e t  al ,  1989 ,  Subjec t  10 )  an d a  singl e model . 

12 

10 h 

§ F ' 

c 
. 2 6 

1 ' 

\  / • 

'  \ 

\ J 

Trainin g Se t  1 
Trainin g Se t  2 0 
Trainin g Se t  6 0 
Correc t  Rang e 

5 6 
Tria l 

10 

Figur e 4 :  Th e suga r  productio n generate d b y th e action s o f  a  singl e 
model  acros s th e te n trial s withi n trainin g set s 1 ,  20 ,  an d 60 . 

of  a n exampl e (pretrained )  mode l  ove r  th e cours e o f  th e 6 0 
trainin g sets . 

Althoug h ther e i s substantia l  variabilit y  ove r  th e cours e 
of  training ,  th e subjec t  appear s t o sho w a  breakpoin t  aroun d 
trainin g se t  30 ,  whe n th e improvemen t  i n performanc e i s m u c h 
mor e dramati c tha n a t  an y prio r  o r  subsequen t  time .  Ther e 
i s n o ^paren t  breakpoin t  fo r  th e mode l  (an d othe r  model s 
ar e broadl y similar) .  O n e possibilit y  i s  tha t  th e subjec t  (bu t 
not  th e model )  acquire d a n explici t  insigh t  int o th e behav -
io r  o f  th e underlyin g syste m a t  th e tim e o f  th e breakpoint . 
To tes t  thi s possibility ,  Stanle y e t  al .  (1989 )  analyze d th e 
performanc e o f  th e origina l  subject s fo r  bre^oints .  The y 
hypothesize d tha t  instruction s tha t  thes e subject s wrot e fo r 
thei r  naiv e yoke d partner s immediatel y afte r  thes e breakpoint s 
woul d hav e a  significan t  positiv e impac t  o n th e naiv e yoke d 
partners '  performance ,  thereb y indicatin g a  lin k betwee n ex -
plici t  understandin g o f  th e syste m an d performance .  H o w -
ever ,  thi s hypothesi s wa s no t  confirmed ;  instruction s writte n 
jus t  afte r  breakpoint s wer e n o mor e effectiv e tha n thos e writ -
te n jus t  prio r  t o breakpoint s i n guidin g yoke d subjects .  Thus , 
i t  appear s tha t  th e breakpoint s d o no t  represen t  a  measurabl e 
increas e i n subjects '  verbalizeabl e knowledg e abou t  control -
lin g th e task .  Furthermore ,  no t  al l  subject s exhibite d clea r 
breakpoint s i n learning .  Nonetheless ,  th e contras t  betwee n 
subjec t  an d mode l  performanc e suggest s tha t  huma n learnin g 
may b e mor e subjec t  t o rapi d transition s tha n mode l  learnin g 
(bu t  se e McClelland ,  1994 ;  McClellan d &  Jenkins ,  1990 ,  fo r 
example s o f  stage d learnin g i n connectionis t  networks) . 

Within-Set Performance for the Model Learner. As men-
tione d earlier .  Berr y an d Broadben t  (1984 )  foun d that ,  a t  th e 
beginnin g o f  training ,  subject s attemp t  t o increas e workforc e 
t o increas e productio n an d vic e versa .  Furthermore ,  the y 
note d tha t  subjects '  performanc e initiall y  show s larg e oscil -
lation s an d tha t  thes e oscillation s decreas e a s th e subject s 
gai n experienc e wit h th e system .  Figur e 4  show s thre e de -
taile d set s o f  trial s i n whic h th e exampl e mode l  whos e overal l 
performanc e i s depicte d i n Figur e 3  attempt s t o contro l  th e 
system .  Lik e huma n subjects ,  th e mode l  start s wit h highl y 

oscillator y performanc e an d reduce s thos e oscillation s a s i t 
becomes mor e adep t  a t  controllin g th e system . 

Th e initia l  over -  an d under-correctio n i s a  hallmar k o f  th e 
model' s systemati c applicatio n o f  it s pretraine d conceptual -
izatio n o f  th e system .  Attemptin g t o brin g abou t  a  chang e 
i n productio n b y a  commensurat e chang e i n th e workforc e 
has th e effec t  o f  increasin g oscillatio n i n productio n a t  non -
equilibriu m values .  A s trainin g progresses ,  th e mode l  slowl y 
revise s it s interna l  mode l  o f  th e system ,  a s represente d i n 
it s paramete r  estimates .  B y trainin g se t  60 ,  th e mode l  ha s 
overcom e it s tendenc y t o over -  an d under-correct . 

Forward and Action Model Learning Over Time. The 
importanc e o f  th e network' s interna l  mode l  o f  th e syste m ca n 
be clarifie d b y separatel y examinin g th e tim e cours e o f  learn -
in g i n th e forwar d an d actio n models .  Figur e 5  show s th e 
tota l  erro r  acros s trainin g set s fo r  th e forwar d an d actio n mod -
els ,  average d ove r  4 0 models .  T w o observation s ar e relevant . 
First ,  th e differenc e i n square d erro r  betwee n th e forwar d an d 
actio n model s decrease s ove r  time .  Second ,  i n th e earl y stage s 
of  learning ,  th e erro r  fo r  th e forwar d mode l  drop s mor e steepl y 
tha n tha t  o f  th e actio n model .  Thes e tw o observation s illus -
trat e h o w th e improvemen t  i n th e model' s understandin g o f  th e 
environmen t  precede s an d guide s it s increasin g effectivenes s 
i n takin g action . 

Summary of Comparisons with Human Performance. 
Th e performanc e o f  th e mode l  presente d her e i s broadl y sim -
ila r  t o tha t  o f  huma n subjects ,  give n th e availabl e data .  Al -
thoug h model s withou t  pretrainin g performe d mor e poorl y 
tha n huma n subjects ,  pretraine d model s outperforme d sub -
ject s i n performanc e measure s aggregate d ove r  sets .  Pre -
trainin g give s th e mode l  a n edg e becaus e i t  ha s a  coheren t 
model  o f  a  syste m instantiate d i n it s  parameter s tha t  i t  applie s 
an d revise s systematically .  Consisten t  wit h thi s observatio n 
i s th e model' s conformanc e t o Berr y an d Broadbent' s (1984 ) 
observatio n tha t  h u m a n subject s ten d t o reduc e oscillation s i n 
performanc e a s the y becam e mor e experienced .  However ,  un -
lik e th e model ,  som e h u m a n subject s sho w breakpoint s i n thei r 
learnin g performanc e acros s trainin g sets ,  althoug h thes e d o 
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not  appea r  t o b e du e t o a n increas e i n explici t  knowledg e abou t 
th e underlyin g system .  Finally ,  Figur e 5  characterize s th e evo -
lutio n o f  mode l  performanc e i n term s o f  improvement s i n th e 
forwar d mode l  guidin g improvement s i n th e actio n mode l  fo r 
thi s task . 

Effects of Manipulating Task Environment 

A n importan t  benefi t  o f  developin g a n explici t  computationa l 
formulatio n o f  dynami c decisio n makin g i s tha t  i t  provide s a 
platfor m fo r  evaluatin g factor s tha t  influenc e th e effectivenes s 
of  learnin g i n suc h tasks .  I n general ,  m a n y o f  th e relevan t  fac -
tor s hav e no t  bee n studie d extensivel y i n th e existin g empirica l 
literature .  Nonetheless ,  w e ca n us e th e implemente d mode l  t o 
generat e prediction s o f  h o w variou s manipulation s wil l  affec t 
th e performanc e o f  subjects .  A s a  first  step ,  w e performe d 
a numbe r  o f  simulatio n experiment s t o evaluat e h o w mode l 
performanc e depend s o n certai n aspect s o f  th e tas k represen -
tation .  Th e result s fro m thes e experiment s ar e presente d i n 
Figur e 6 .  Empirica l  studie s t o evaluat e thes e prediction s ar e 
currentl y bein g planned . 

Representing Values as Deviations. In the first experiment, 
th e mode l  i s  use d t o predic t  h o w tw o differen t  representation s 

of  tas k quantitie s migh t  affec t  huma n performance .  I n th e 
deviation s representation ,  th e goa l  an d ne w workforc e whic h 
th e mode l  set s ar e represente d a s deviation s (differences )  fro m 
th e curren t  productio n an d curren t  workforce ,  respectively .  I n 
addition ,  th e productio n histor y i s als o presente d a s deviation s 
from  th e goal . 

As ca n b e see n i n Figur e 6 ,  mode l  performanc e i n th e 
deviation s conditio n start s ou t  slightl y bette r  tha n bas e i n th e 
first  sessio n an d slowl y diverge s ove r  th e nex t  tw o session s 
unti l  i t  i s  almos t  a  ful l  poin t  belo w i n th e thir d session .  Th e 
reaso n fo r  th e divergenc e i n performanc e appear s t o b e a s 
follows .  Th e siz e o f  th e erro r  ter m relativ e t o th e actio n th e 
model  i s  tryin g t o modif y i s  large r  i n th e deviation s conditio n 
tha n i n th e bas e condition .  A t  th e beginning  o f  learning , 
model s i n bot h condition s ar e tryin g t o produc e relativel y 
larg e modification s i n workforc e (i.e. ,  siz e o f  erro r  ter m i s 
larg e fo r  bot h conditions) ,  s o th e differenc e i n condition s i s no t 
apparent .  However ,  late r  i n learning ,  th e modification s tha t 
bot h model s ar e tryin g t o produc e i n th e workforc e level s the y 
ar e learnin g t o se t  becom e finer.  I t  i s  her e tha t  th e differenc e 
i n siz e o f  th e erro r  ter m relativ e t o th e actio n t o b e modifie d 
becomes significan t  an d affect s learnin g performance . 

Simila r  effect s o f  feedbac k magnitud e hav e bee n foun d 
i n huma n learning .  I n a  repeate d predictio n task ,  Hogarth , 
McKenzie ,  Gibbs ,  an d Marqui s (1991 )  foun d tha t  subjec t  per -
formanc e wa s influence d b y th e absolut e scal e o f  th e feed -
bac k the y received .  I n particular ,  subject s receivin g feed -
bac k wit h low-magnitud e varianc e tende d t o undercorrect , 
wherea s thos e receivin g feedbac k wit h high-magnitud e vari -
anc e tende d t o overcorrect . 

Reducing the Number of Presented Relations. The sec-
on d experimen t  involve d manipulatin g th e numbe r  o f  variabl e 
relationship s wit h whic h th e mode l  i s  presented .  I n particular , 
a mode l  wa s traine d withou t  presentin g th e histor y grap h o f 
pas t  productio n values .  A s mentione d earlier ,  thi s grap h i s 
represente d i n th e bas e mode l  a s additiona l  inpu t  values .  A s 
such ,  th e representatio n ha s th e effec t  o f  providin g th e mode l 
wit h a  greate r  numbe r  o f  possibl e relationship s betwee n vari -
able s t o sor t  throug h a s i t  attempt s t o contro l  th e system . 
However ,  a s learnin g progresse s an d th e mode l  learn s whic h 
relationship s ar e relevan t  t o performance ,  th e differenc e i n 
performanc e betwee n th e bas e mode l  an d th e on e traine d wit h 
no histor y grap h lessens . 

Eliminating Random Variability. In the final experiment, 
performanc e o n learnin g th e origina l  syste m wa s compare d 
wit h learnin g a n equivalen t  deterministi c syste m (i.e. ,  with -
out  th e rando m componen t  e  i n Equatio n 1) .  I n th e origina l 
system ,  th e mode l  attempt s t o adap t  t o th e rando m element . 
By definition ,  thi s rando m elemen t  canno t  b e learned ,  so ,  a s 
woul d b e expecte d i n Figur e 6 ,  performanc e fo r  th e mode l  i n 
th e origina l  syste m i s degrade d relativ e t o th e deterministi c 
system .  Additionally ,  th e model' s attempt s t o adap t  t o th e 
rando m elemen t  appea r  t o b e responsibl e fo r  slowin g th e rat e 
of  learnin g i n th e origina l  system .  B y showin g a  decreas e i n 
th e lon g ter m rat e o f  adaptatio n du e t o th e learnin g mecha -
nis m itself ,  thi s resul t  conform s wit h an d extend s Brehmer' s 
(1990b )  observatio n tha t  rando m element s i n syste m perfor -
mance presen t  a  limi t  t o huma n adaptation . 
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C o n c l u s i o n 

This paper presents a connectionist model that builds on ihc 
previou s applicatio n o f  contro l  theor y t o psychologica l  studio s 
of  dynami c decisio n makin g an d a  connectionis t  formulatio n 
of  moto r  control .  Th e mode l  provide s a  broa d approximatio n 
t o existin g dat a o n h u m a n learnin g performanc e i n th e Suga r 
Productio n Factory ,  a n exampl e dynami c decision-makin g 
task .  I n addition ,  th e mode l  make s a  numbe r  o f  unteste d 
prediction s fo r  futur e empirica l  work . 

Thi s model' s approac h m a y b e contraste d wit h alternative s 
tha t  rel y o n explici t  hypothesi s testin g o r  sequence s o f  trainin g 
trial s t o initiat e learning .  Explici t  hypothesi s testin g woul d 
impl y tha t  improve d verba l  knowledg e o f  th e tas k woul d co -
occu r  wit h improve d performance .  However ,  th e result s o f 
Stanle y e t  al .  (1989 )  indicat e tha t  improve d verba l  knowledg e 
occur s wel l  afte r  improve d performance . 

T wo set s o f  author s presen t  theorie s tha t  requir e sequence s 
of  attempt s a t  controllin g th e syste m t o initiat e learning .  First , 
Mitchel l  an d Thru n (1993 )  presen t  a  learne r  implemente d a s a 
neura l  networ k tha t  attempt s t o pic k th e bes t  actio n base d o n 
it s existin g mode l  o f  th e environment .  Thi s mode l  i s update d 
base d o n it s assesse d accurac y i n predictin g th e outcom e o f  a 
sequenc e o f  trial s onc e tha t  sequenc e ha s occurred .  Second , 
Stanle y e t  al .  (1989 )  conjectur e tha t  performanc e i n th e Suga r 
Productio n Factor y depend s o n th e learner' s abilit y t o m a k e 
analogie s betwee n th e curren t  situatio n an d prio r  (successful ) 
sequence s o f  examples .  Thus ,  i n thi s scheme ,  knowledg e 
can b e sai d t o increas e ever y tim e a  successfu l  sequenc e i s 
encountere d an d retained .  Th e mode l  propose d her e differ s 
fundamentall y fro m thes e tw o approache s i n tha t  i t  i s abl e t o 
use informatio n fro m bot h successfu l  an d unsuccessfu l  singl e 
contro l  trial s t o alte r  it s  parameter s (connectio n weights )  t o 
reduc e th e erro r  i n it s performance .  I n particular ,  thi s prop -
ert y o f  th e mode l  i s  critica l  i n producin g a  relativel y rapi d 
decreas e i n productio n oscillation s a s trainin g progresses .  I f 
implemente d t o perfor m th e Suga r  Productio n Factor y task , 
i t  seem s unlikel y tha t  eithe r  Mitchel l  an d Thrun' s o r  Stanle y 
et  al.' s  approac h woul d produc e similarl y rapi d decrease s i n 
oscillations . 

Clearly ,  th e mode l  presente d her e ha s severa l  limitations .  I t 
does  no t  accoun t  fo r  meta-strategie s suc h a s plannin g h o w t o 
lear n i n th e task .  I t  als o doe s no t  accoun t  fo r  h o w verbalize -
abl e knowledg e i s acquire d durin g learning .  Finally ,  i t  doe s 
not  accoun t  fo r  h o w relevan t  informatio n presente d acros s 
multipl e tim e step s migh t  b e integrate d whil e learnin g t o per -
for m i n dynami c decision-makin g tasks .  Empirica l  validatio n 
of  th e prediction s m a d e s o fa r  an d thi s las t  limitatio n ar e th e 
focu s o f  ongoin g research .  Eve n wit h it s limitation ,  th e mode l 
constitute s on e o f  th e first  explici t  computationa l  formulation s 
of  ho w subject s develo p an d us e a n interna l  mode l  o f  th e en -
vironmen t  i n learnin g t o perfor m dynami c decision-makin g 
tasks . 
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