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Abstrac t 

This research investigates the impact of time pressure and 
individua l  difference s o n learnin g i n a  Real-Tim e Dynami c 
Decisio n Makin g ( R T D D M )  task .  Ou r  empirica l  result s 
indicat e tha t  hig h tim e pressur e generate s hig h cognidv e 
load s inhibitin g learning .  Th e result s als o sho w tha t  hig h 
time  pressur e hav e a  differentia l  impac t  o n th e learnin g o f 
individual s wit h hig h o r  lo w Workin g Memor y ( W M ) 
capacity .  W e presen t  a  cognitiv e mode l  base d o n ACT- R 
intende d t o explai n learnin g i n tiiis  task .  Ou r  cognitiv e 
model  simulate s learnin g b y recognizin g regularitie s i n th e 
decisio n task ,  an d buildin g "chunks "  tha t  guid e decisio n 
makin g (instance-base d learning) .  W e describ e ho w th e 
model  wil l  b e use d t o explai n th e impac t  o f  tim e pressur e an d 
W M capacit y b y varyin g th e numbe r  o f  chunk s acquire d b y 
th e syste m give n alternativ e time  pressur e condition s an d 
individua l  differences . 

Introduction 

Real-Tim e Dynami c Decisio n Mak in g ( R T D D M )  task s hav e 
thre e mai n characteristics :  a )  th e decisio n make r  ha s t o 

m a ke a  serie s o f  interdependen t  decisions ;  b )  th e 
environmen t  change s becaus e o f  exogenou s event s an d 
becaus e o f  prio r  decisions ;  an d c )  th e pacin g o f  decision s i s 
dictate d b y th e tas k rathe r  tha n b y th e decisio n make r 
(Brehmer ,  1990) .  Thi s researc h investigate s th e impac t  o f 
tim e pressur e an d individua l  difference s o n learnin g i n a 
R T D DM task .  I t  attempt s t o explai n thes e phenomen a b y 
buildin g a  detaile d cognitiv e mode l  o f  th e decisio n maker . 

T h e rational e fo r  th e cognitiv e mode l  i s t o hav e a  mor e in -
dept h understandin g o f  w h y tim e pressur e an d individua l 
difference s foste r  o r  inhibi t  learning .  W e expec t  thi s 

detaile d understandin g woul d hel p u s buil d bette r  trainin g 
an d decisio n aid s fo r  R T D D M tasks . 

Theory 

I n mos t  R T D D M task s th e rule s fo r  makin g individua l 
decision s ar e simple .  Fo r  example ,  ai r  traffi c  controller s 

nee d t o identif y i f  tw o airplane s ar e i n a  collisio n course .  I f 
thi s i s  th e case ,  the y nee d t o as k on e o f  th e airplane s t o 
chang e direction .  Bu t  th e task s ar e rathe r  comple x becaus e 

of  th e interdependenc y o f  decision s an d th e tim e pressur e t o 

m a ke them .  Unde r  thes e conditions ,  w e expec t  mos t 
learnin g wil l  b e instance-base d learning .  Tha t  is ,  decisio n 

maker s wil l  lear n chunk s expressin g unde r  whic h tas k 

condition s specifi c  decision s hav e th e desire d effec t  o n th e 

system . 

W M i s th e syste m fo r  holdin g an d manipulatin g 

informatio n durin g th e performanc e o f  cognitiv e task s 
(Baddeley ,  1990) .  Limitation s i n W M capacit y hav e bee n 
recognize d a s a  majo r  bottlenec k i n huma n cognitiv e 

processing .  W e expec t  tha t  difference s i n W M capacit y wil l 
hav e a  grea t  impac t  o n h o w individual s perfor m an d lea m i n 
R T D DM task s becaus e thes e environment s impos e a  hig h 
cognitiv e workload .  M o r e specifically ,  w e expec t  tha t 
individual s wit h hig h W M resource s wil l  lea m faste r 
becaus e the y hav e th e additiona l  cognitiv e resource s t o 
reflec t  o n th e impac t  o f  thei r  prio r  decisions ,  an d t o stor e 
mor e an d bette r  chunks .  Also ,  sinc e W M capacit y i s use d 

fo r  bot h performanc e an d learning ,  w e expec t  tha t  decisio n 
maker s wil l  lear n faste r  i f  the y ar e first  traine d i n a  lo w time 
pressur e environment ,  an d the n the y ar e aske d t o mak e 

decision s i n th e highe r  time  pressur e environment . 
Conversely ,  individual s tha t  ar e ti-ained  fro m th e beginnin g 
i n th e hig h tim e pressur e environmen t  shoul d find  i t  harde r 

t o lea m becaus e al l  thei r  cognitiv e resource s ar e devote d t o 
executin g th e task ,  an d the y hav e les s spar e resource s 
devote d t o leaming .  Thi s predictio n shoul d b e mediate d b y 
individua l  difference s i n W M. 

W M i s  divide d int o tw o subsystem :  1 )  a  hnguisti c sub -
system ,  an d 2 )  a  spatia l  sub-system .  I n th e linguisti c sub -
system ,  informatio n i s  kep t  i n linguisti c code ,  an d th e 
processin g ca n b e characterize d a s sequentia l  an d 
prepositional .  I n th e spatia l  sub-system ,  informatio n i s kep t 
i n visua l  code ,  an d th e processin g ca n b e characterize d a s 
mor e paralle l  an d analogical .  Ther e i s stron g evidenc e tha t 
languag e processin g an d spatia l  thinkin g ar e supporte d b y 

separat e pool s o f  W M capacit y (Sha h an d Miyake ,  1996) . 
Prio r  studie s hav e show n tha t  individual s wit h hig h 
linguisti c W M capacit y perfor m bette r  tha n individual s wit h 
lo w linguisti c W M capacit y i n a  variet y o f  real-tim e task s 

suc h a s readin g comprehensio n (Jus t  an d Carpenter ,  1992 ) 
and phone-base d interactio n (Huguenard ,  Lerch ,  Junker , 
Pat z an d Kass ,  1997) .  Ou r  R T D D M tas k i s highl y spatia l  s o 
we expec t  tha t  individual s wit h hig h spatia l  W M capacit y 

wil l  perfor m an d lea m bette r  tha n individual s wit h lo w 

spatia l  W M capacity . 
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I n ou r  researc h w e us e traditiona l  measurement s o f 

linguisti c an d spatia l  W M capacity .  W e als o us e th e Rave n 

Progressiv e Matrice s Tes t  (Raven ,  1962 )  a s a n additiona l 
measuremen t  o f  spatia l  W M.  Prio r  researc h usin g detaile d 

eye-trackin g analysi s ha s show n tha t  difference s i n Rave n 

test s ca n b e explaine d b y th e abilit y  t o induc e abstrac t  spatia l 
relation s an d th e abilit y  t o dynamicall y manag e a  larg e se t  o f 

problem-solvin g goal s i n W M (Carpenter ,  Jus t  an d Shell , 

1990) . 

th e first  tw o days .  I n thes e tw o days ,  the y onl y ra n 2  trial s 
per  day ,  s o thei r  tota l  tim e o n tas k wa s th e sam e a s th e tim e 
on tas k fo r  Fast-Fas t  participant s (Ver y Slow-Fast :  2  trial s x 

24 nainute s =  4 8 minute s pe r  day ;  Fast-Fast :  6  trial s x  8 

minute s =  4 8 minute s pe r  day) .  I n th e thir d (last )  day ,  th e 
Ver y Slow-Fas t  participant s ra n th e simulatio n 6  time s i n th e 

Fast  mod e ( 8 minute s trials) ,  th e sam e a s th e Fast-Fas t 

participants .  W e expec t  Ver y Slow-Fas t  (VSF )  participant s 

wil l  exhibi t  mor e learnin g tha n Fast-Fas t  (FF )  participants . 

L a b o r a t o r y S t u d y 

We use d a  simulatio n too l  calle d Pipes .  Pipe s i s a n 
abstractio n o f  a  resourc e managemen t  tas k tha t  ca n b e 
performe d b y a  singl e individua l  o r  a  group .  Th e tas k i s a n 
isomorp h o f  a  real-worl d tas k i n a n organizatio n wit h large -
scal e logistica l  operation s (th e Unite d State s Posta l  Service) . 
We hav e buil t  a  realisti c simulatio n o f  th e task ,  bu t  thi s 

simulatio n i s to o comple x an d take s to o lon g t o lear n t o b e 
practica l  i n laborator y studie s (Se e Lerch ,  Ballo u an d Harter , 
1997 fo r  a  detaile d descriptio n o f  th e realisti c  simulation) . 

On th e othe r  hand ,  Pipe s ca n b e learne d i n approximatel y 
one hour ,  an d a  complet e tria l  ca n b e ru n i n fe w minutes . 
Pipe s simulate s a  wate r  distributio n syste m (isomorp h t o 
mai l  sorting )  wit h multipl e deadline s fo r  alternativ e tank s i n 
th e system .  Th e whol e simulatio n i s spatial .  Decisio n 
maker s hav e t o decid e whe n t o activat e o r  de-activat e pump s 
give n tha t  th e numbe r  o f  pump s workin g a t  an y give n tim e i s 
restricte d (thi s i s isomorphi c t o havin g a  limite d numbe r  o f 
sortin g machine s i n th e USPS) .  Th e tas k i s highl y dynami c 
becaus e wate r  ma y arriv e int o a  tan k a t  an y time ,  an d th e 
leve l  o f  wate r  i n eac h tan k depend s o n prio r  decision s (i.e. , 
th e pump s tha t  wer e activate d o r  de-activate d b y th e decisio n 
maker  i n th e past) .  Th e tas k i s als o real-tim e becaus e pump s 
ar e activate d o r  de-activate d a s th e simulatio n cloc k i s 
runnin g (Se e Figur e 1  fo r  th e mai n layou t  o f  th e simulation) . 

We ra n 3 3 participant s usin g thi s simulation .  Eac h 
participan t  wa s ru n i n five  consecutiv e days ,  an d pai d $5 0 a t 
th e en d o f  th e 5  days .  I n th e first  tw o days ,  eac h participan t 
complete d thre e psychologica l  tests :  th e Readin g Spa n Tes t 
(Daneman an d Carpenter ,  1980 )  tha t  measure s W M capacit y 
fo r  languag e processing ;  th e Spatia l  Spa n Tes t  (Sha h an d 
Miyake ,  1996 )  tha t  measure s W M capacit y fo r  spatia l 
thinking ;  an d th e Rave n Progressiv e Matrice s Tes t  (Raven , 
1962) . 

We manipulate d tim e pressur e b y changin g th e spee d o f 
events .  I n th e las t  thre e days ,  eac h participan t  wa s randoml y 
assigne d t o on e o f  tw o groups :  th e Fast-Fas t  (FF )  conditio n 
and th e Ver y Slow-Fas t  (VSF )  condition .  Th e exogenou s 
event s i n al l  trial s wer e identical .  Th e simulatio n wa s ru n 
eithe r  i n a  Fas t  mod e ( 8 minute s trials) ,  o r  i n a  Ver y Slo w 
mode (2 4 minute s trials) .  I n th e F F condition ,  participant s 
ra n th e simulatio n 6  time s fo r  thre e day s i n th e Fas t  mod e 
(1 8 trial s ove r  thre e days) .  I n th e V S F condition , 
participant s ra n th e simulatio n i n th e Ver y Slo w mod e fo r 
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Figur e 1 .  T h e Pipe s simulatio n 

Experimental Results 

Figur e 2  show s tha t  al l  thre e measure s o f  individua l 
difference s ar e correlated .  Also ,  a s expected ,  the y sho w tha t 
Raven i s mor e highl y correlate d t o spatia l  W M capacit y tha n 
t o linguisti c W M capacity . 

We average d th e result s o f  eac h participan t  acros s trial s 
fo r  eac h da y s o eac h participan t  ha d onl y thre e repeate d 
performanc e measure s (on e fo r  eac h day) .  Ou r  performanc e 
measur e i s th e numbe r  o f  wate r  bucket s tha t  wer e no t 
pumped i n time ,  therefor e th e highe r  th e numbe r  o f  wate r 
bucket s missed ,  th e wors e th e performanc e o f  th e decisio n 
maker . 

We first  ra n a n analysi s o f  varianc e wit h thre e repeate d 
measure s wit h onl y spatia l  W M a s a  covariate .  Th e result s 
sho w tha t  individual s wit h hig h spatia l  W M capacit y 
performe d bette r  tha n thos e wit h lo w spatia l  W M capacit y 
[F(l,29)=4.813 ,  p=.036)] .  Second ,  w e ra n th e sam e analysi s 
wit h onl y linguisti c W M capacit y a s a  covariate .  Linguisti c 
W M capacit y wa s no t  significan t  [F(l,29)=.341,ns] .  W e 
the n ra n th e sam e analysi s wit h spatia l  W M capacit y an d 
Raven a s covariates .  Th e result s ar e show n i n Figur e 3 . 
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Figur e 2 .  Correlation s A m o n g th e T h r e e Tests . 
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df 

27 
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F 
0.87 9 
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7.01 3 
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set s Eff e 

F 
1.06 5 
7.14 9 
0.48 7 
0.80 3 
0.29 0 
6.48 0 

Big 
0.35 7 
0.47 8 
0.18 1 
0.01 3 
0.21 4 

ct s 

Sig 
0.35 2 
0.00 2 
0.61 7 
0.45 3 
0.74 9 
0.00 3 

Observe d 
Power 

0.14 8 
0.10 7 
0.26 3 
0.72 3 
0.23 3 

Observe d 
Power 

0.22 7 
0.91 9 
0.12 6 
0.18 0 
0.09 4 
0.89 0 

Figur e 3 .  B e t w e e n an d Wi th i n Subject s Effect s 

These results indicate that when both covariates are used 
onl y R a v e n i s significan t  (p=.013) .  T h e analysi s o f  varianc e 
als o s h o w s t w o significan t  interactio n effects :  Tria l  X 
Condit io n interactio n (p=.002 )  an d Tria l  X  Conditio n X 
R a v e n interactio n (p=.003) . 

Figur e 4  s h o w s th e interactio n be twee n tria l  an d tim e 
pressure .  T h e grap h s h o w s tha t  per formanc e w a s ver y 
simila r  th e first  d a y b e t w e e n th e F F an d V S F participants . 
B u t  V S F participant s imp rove d thei r  per formanc e faste r  tha n 
F F participants .  I t  i s  importan t  t o r e m e m b e r  tha t  V S F 

participant s onl y h a d 4  trial s i n th e first  t w o day s ( 2 trial s pe r 
d a y )  whil e F F participant s ra n th e simulatio n 1 2 time s ( 6 
t ime s pe r  day ) .  Al l  participant s ra n th e simulatio n 6  time s 
th e las t  d a y unde r  hig h t im e pressure . 

Tlm« Prssaurs'Trlal 

' ~ r * ^ X « ^ 
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Finally ,  Figur e 5  s h o w s th e tripl e interaction .  T h e lef t 
pane l  s h o w s th e result s o f  th e L o w R a v e n subject s (w e 
divide d subject s b y usin g th e m e a n o f  ou r  sample) .  Th e 

grap h s h o w s tha t  L o w R a v e n subject s greatl y benefite d b y 

first  bein g traine d i n th e l o w tim e pressur e conditio n before 

bein g expose d t o th e hig h tim e pressur e versio n o f  th e 

simulatio n ( V S F condition) .  A l thoug h L o w R a v e n subject s 
i n th e F F conditio n per forme d bette r  th e first  day s tha n 

subject s i n th e V S F condition ,  the y exhibite d littl e learnin g 
throughou t  th e thre e days . 

T h e right  pane l  grap h s h o w s th e result s fo r  th e Hig h 

R a v e n subjects .  I n thi s case ,  th e benefit s o f  th e V S F 

conditio n o n learnin g an d per formanc e ar e ver y smal l 

throughou t  th e 3  days .  I t  als o s h o w s tha t  H ig h Rave n 
subject s ha d a  bette r  per formanc e tha n L o w R a v e n subject s 
consistentl y (compar e lef t  an d right  panels) . 
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Figur e 4 .  Tria l  -  T i m e pressur e interaction . 

Figur e 5 .  Tripl e interactio n 

What Was Learned? 

O ur  nex t  ste p w a s t o analyz e eac h decisio n m a d e b y eac h 
subjec t  i n orde r  t o figure  ou t  w h a t  subject s wer e learning . 
We hypothesize d tha t  subject s w o u l d lear n chunk s 

representin g unde r  wh i c h tas k condition s specifi c  decision s 
improv e performanc e rathe r  tha n learnin g decisio n rule s (o r 
improvin g thei r  implementatio n o f  thes e rules) .  I n ou r 
analysis ,  w e c o m p a r e d eac h decisio n i n eac h tria l  (betwee n 
3 0 an d 6 0 decisio n pe r  trial )  fo r  eac h da y ( 6 trial s i n th e Fas t 
conditio n an d 2  trial s i n th e V e r y - S l o w condition )  fo r  eac h 

subjec t  (3 3 participants )  agains t  standar d decisio n rules . 
Thes e rule s wer e derive d f ro m th e schedulin g literatur e an d 
th e verba l  protocol s o f  pilo t  subjects .  Fo r  example ,  a 
standar d rul e i s th e slac k rule .  I n th e slac k rul e yo u tak e int o 

accoun t  th e tim e lef t  befor e th e deadlin e an d th e vo lum e o f 
wate r  i n eac h tank ,  an d selec t  t o activat e th e p u m p ( s )  o f  th e 
tan k wit h th e lowes t  slac k ( w e cal l  thi s strateg y th e T ime -
V o l u m e rule) .  W e di d thi s analysi s usin g severa l  decisio n 
rules .  Fo r  eac h decisio n an d fo r  eac h decisio n rul e w e 
calculate d a  goodnes s o f  fit  coefficien t  usin g th e followin g 
formula : 

Goodnes s o f  fit  =  1  -  ((slac k -  minimum )  /  (maximu m -  minimum) ) 

Thi s coefficien t  ha s value s be twee n 0  an d 1  an d represent s 
th e similarit y be twee n a  decisio n rul e an d eac h decisio n 
m a de b y th e subject .  A  coefficien t  fit  o f  1  m e a n s perfec t 
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agreemen t  (i.e. ,  th e slac k o f  th e subject' s decisio n i s th e s a m e 

as th e m i n i m u m slac k i n th e env i ronment ) .  I n suc h a  cas e 

th e subjec t  ha s chose n th e bes t  decisio n accordin g t o th e 
T i m e - V o l u m e rule .  O n th e othe r  hand ,  a  coefficien t  fit  o f  0 

i s equivalen t  t o th e subjec t  selectin g th e m a x i m u m slac k i n 

th e environment .  I n thi s case ,  th e subjec t  ha s chose n th e 
wors t  decisio n accordin g t o thi s rule .  I n thi s pape r  w e onl y 

repor t  th e result s o f  th e fit  fo r  th e T i m e - V o l u m e rul e sinc e 
th e result s ar e simila r  fo r  th e othe r  rule s (an d becaus e o f 
spac e constraints) . 

Figur e 6  s h o w s th e result s o f  th e averag e fit  o f  al l 
decision s fo r  eac h d a y (severa l  trial s pe r  d a y )  acros s al l 

subject s i n th e F F a n d V S F conditions .  T h e grap h s h o w s 
tha t  th e rul e fit  decline s throug h t ime ,  tha t  is ,  subject s follo w 
th e rul e les s a s the y ar e learning .  I t  als o s h o w s tha t  V S F 
subject s (th e bes t  learners )  h a d a  m o r e p ronounce d declin e i n 

thei r  rule-followin g fit.  Simila r  decline s w e r e foun d fo r 

simple r  an d fo r  m o r e c o m p l e x rules .  T h o s e subject s tha t 
lear n th e m o s t  ar e thos e tha t  lear n t o follo w th e standar d 
rule s les s often .  T h e s e subject s s e e m t o m a k e decision s b y 
bein g m o r e dat a driven ,  tha t  is ,  b y  exploitin g specifi c  tas k 
condition s an d m a k i n g decision s tha t  m a y hav e w o r k e d i n 
th e past . 

Tknf t  PrMHiraTrta l 

Figur e 6 .  A v e r a g e fit  o f  al l  decision s pe r  d a y 

Figure 7 shows the results of the average fit for the Time-
V o l u m e decisio n rul e fo r  L o w a n d H i g h R a v e n subjects .  W e 
woul d expec t  tha t  L o w R a v e n subject s m a y b e les s abl e t o 
exploi t  th e specifi c  condition s o f  th e tas k env i ronmen t 
becaus e the y hav e les s cognitiv e resource s t o analyz e a n d 
stor e chunk s o n w h a t  decision s w o r k e d unde r  w h i c h tas k 
conditions ,  especiall y i f  the y ar e traine d i n th e hig h t im e 
pressur e simulatio n ( F F condition) .  T h e lef t  pane l  s h o w s 
tha t  L o w R a v e n subject s i n th e F F conditio n i n fac t  increas e 
thei r  fit  t o th e T i m e - V o l u m e rul e f r o m da y 1  t o d a y 3 .  T h e s e 
ar e th e subject s w h o exhibite d th e wors t  learning .  O n th e 
othe r  hand .  L o w R a v e n subject s i n th e V S F conditio n starte d 
wit h a  hig h fit  coefficien t  bu t  lowe r  thi s coefficien t  throug h 
time .  T h e righ t  pane l  s h o w s th e result s fo r  th e H i g h R a v e n 
subjects .  Thei r  rul e fit  coefficient s w e r e lowe r  tha n fo r  th e 
L o w R a v e n subjects ,  a n d declin e throug h t im e fo r  bot h 
experimenta l  conditions . 

O ur  hypothesi s her e i s  tha t  subject s tha t  ar e m o r e dat a 
drive n shoul d per for m bette r  a n d lear n m o r e .  I f  thi s i s  true , 
the n w e shoul d expec t  tha t  th e bes t  performer s w e r e no t  onl y 

thos e tha t  fol lowe d th e rul e th e least ,  bu t  ar e als o m o r e 

adaptive .  O n e m e a s u r e o f  adaptatio n i s  th e standar d 

deviatio n o f  th e g o o d n e s s o f  fit  coefficient s withi n a  trial . 

T w o subject s m a y hav e th e s a m e averag e g o o d n e s s o f  fit 

coefficien t  i n a  trial ,  bu t  ver y differen t  standar d deviations . 

T h e subjec t  wit h th e hig h standar d deviatio n fol low s th e rul e 

ver y closel y fo r  s o m e decisions ,  a n d no t  al l  fo r  others ,  whi l e 

th e subjec t  wit h th e l o w standar d deviatio n fol low s th e rul e 
at  th e s a m e leve l  fo r  al l  decisions .  T o tes t  thi s hypothesi s w e 
ra n a  regressio n o f  pe r fo rmanc e fo r  eac h tria l  (  4 5 0 trial s fo r 

al l  subjects)agains t  th e followin g variables : 

a)  Rave n scor e 
b)  Averag e rul e fit  pe r  tria l 
c )  Standar d deviatio n o f  rul e fit  pe r  tria l 
d )  T w o othe r  measurement s o f  h o w wel l  subject s use d 

th e tas k environment s resource s (i.e. ,  p u m p time ) 

Th e result s wer e highl y significan t  (Adjuste d R ^  =  .785) . 
Ther e ar e n o co-linearit y problem s a m o n g th e explanator y 
variables .  Th e highes t  standardize d coefficient s wer e fo r  th e 
tw o measurement s o f  resourc e utilizatio n (-.64 7 an d .320 ; 
negativ e coefficient s mea n performanc e improvements) .  Th e 
standardize d coefficient s fo r  th e othe r  thre e variable s are : 
Rave n =  -.16 1 (p<.001) .  Averag e fit  =  .11 4 (p=.015) ,  an d 
Standar d Deviatio n o f  fit =  .20 8 (p<.001) .  Thes e 
coefficient s indicat e tha t  subject s wit h highe r  Rave n score s 
hav e bette r  performance ,  trial s wit h a  highe r  averag e rul e fit 
hav e wors e performanc e (afte r  controllin g fo r  Rave n scor e 
and resourc e utilization) ,  an d finally,  trial s wit h highe r 
standar d deviatio n hav e highe r  performance .  Th e las t 
coefficien t  suggest s tha t  th e les s consisten t  subject s ar e 
followin g th e Time-Volum e rul e (afte r  controllin g fo r 
averag e fit),  th e bette r  thei r  performance .  Simila r  result s 
appl y t o othe r  decisio n rules .  Thes e result s indicat e tha t  dat a 
drive n decisio n makin g i s  beneficia l  i n thi s tas k 
environment . 

Figur e 7 .  Averag e fit  fo r  T ime-Volum e Rul e fo r  L o w an d 
Hig h Raven . 

The Act-R Theory 

ACT-R i s a  theor y o f  cognitio n tha t  ha s bee n applie d t o a 
wid e rang e o f  cognitiv e task s sinc e it s introductio n i n 199 3 
(Anderso n an d Lebiere ,  1998) .  A C T - R assume s tw o type s 
of  memory :  procedura l  an d declarative .  Procedura l  m e m o r y 
contain s skill s  i n th e for m o f  production s o r  rule s o f  action . 
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Declarativ e m e m o r y hold s explici t  knowledg e represente d a s 

chunks .  Productio n rule s specif y h o w th e chunk s ar e use d t o 
solv e problems .  A C T - R i s a  goal-directe d architecture .  A t 

eac h cycle ,  on e goa l  i s  designate d a s th e to p goa l  o r  focu s o f 

attention .  A  productio n i s  the n selecte d tha t  matche s tha t 

goal ,  retrieve s a  chun k fro m m e m o r y (i f  necessary) ,  the n 

transform s th e goal .  Thi s i s a  symboli c descriptio n o f  A C T -

R i n term s o f  h o w production s an d chunk s interact . 
A C T - R ha s als o a  sub-symboli c level .  A t  thi s level ,  A C T -

R provides  real-value d quantitie s associate d wit h declarativ e 

and procedura l  knowledg e t o produc e a  mor e accurat e 

pictur e o f  th e graduate d natur e o f  huma n cognition .  Thei r 

purpos e i s t o resolv e conflicts :  whe n severa l  production s 
matc h th e curren t  goa l  o r  severa l  chunk s matc h a  productio n 

condition ,  th e sub-symboli c parameter s associate d wit h 

thos e symboli c structure s wil l  determin e whic h i s selected , 
and h o w quickly .  Thos e parameter s ar e learne d t o optimiz e 
th e mode l  t o th e structur e o f  th e environment . 

I n thi s model ,  w e wil l  concentrat e o n th e acquisitio n an d 
us e o f  declarativ e knowledge .  W e wil l  assum e tha t  th e 
production s use d t o manipulat e thos e chunks ,  an d thei r 
parameters ,  reflec t  som e general ,  well-establishe d 

knowledg e o n h o w t o solv e problem s o f  thi s type . 
For  declarativ e knowledge ,  a  chun k i s  define d a s a 

collectio n o f  slots ,  eac h o f  whic h ca n hol d anothe r  chun k a s 
value ,  an d i s associate d t o a  quantit y calle d activatio n whic h 
represent s th e chunk' s histor y o f  us e an d determine s it s 
availability .  Specifically ,  th e activatio n A j  o f  chun k i  i s 

define d b y th e formula : 

Ai  =  B i  +  j:Wj-Sj i  +  N  {0,(7 ) 
J 

Bj  i s  calle d th e base-leve l  activation .  I t  increase s wit h th e 

number  o f  reference s t o th e chun k (practice )  an d decay s wit h 
tim e (forgetting) .  Th e secon d ter m represent s th e activatio n 
sprea d fro m eac h sourc e j  accordin g t o it s sourc e leve l  W ; 

and it s strengt h o f  association ,  Sjj ,  t o th e chunk .  Th e value s 

of  th e curren t  goa l  ar e th e source s o f  activation ,  whic h 
evenl y shar e a  tota l  sourc e amoun t  W .  Finally ,  zero-mea n 

Gaussia n nois e o f  standar d deviatio n a  i s  adde d t o th e 
activation . 

I n a  tas k suc h a s thi s featurin g continuousl y evolvin g 
quantitie s suc h a s tim e an d amoun t  o f  water ,  n o matc h t o 
declarativ e m e m o r y i s eve r  likel y t o b e perfec t  becaus e n o 
situatio n i s eve r  encountere d precisel y th e sam e wa y twice . 
A mechanis m calle d partia l  matchin g allow s a  chun k t o b e 
retrieve d eve n i f  i t  onl y partiall y  matche s a  productio n 
condition .  A  quantit y calle d th e matc h scor e o f  chun k i  t o 
productio n p  i s  define d b y subtractin g fro m th e chun k 
activatio n a n amoun t  proportiona l  t o th e degre e o f 
mismatch : 

Mip=Ai-MPZ(i-Simiv,d) ) 
v, d 

M P i s a  scalin g paramete r  calle d th e mismatc h penalt y an d 

Sim(v,d )  i s th e similarit y betwee n eac h productio n condifio n 
d an d correspondin g chun k valu e v .  Th e chun k wit h th e 
highes t  matc h scor e wil l  b e retrieve d fro m m e m o r y i f  it s 

scor e i s  abov e th e activatio n threshol d x .  Otherwise ,  th e 

productio n fail s  an d anothe r  i s selected .  Finally ,  th e latenc y 

t o retriev e a  chun k i s  inversel y proportiona l  t o it s matc h 

score ,  makin g mor e active ,  better-matchin g chunk s faste r  t o 
access .  Th e additio n o f  nois e t o th e activatio n make s 

declarativ e retrieva l  a  probabilisti c  process ,  an d th e 
mechanis m o f  partia l  matchin g make s i t  a n approximat e 

process .  Stochasticit y an d generalizatio n ar e tw o huma n 
qualitie s i n constan t  displa y i n thi s task . 

Thes e mechanism s o f  A C T - R ca n b e use d t o implemen t  a 

"use r  model "  o f  th e tas k tha t  wil l  generat e detaile d 

prediction s fo r  eac h actio n an d it s latenc y a t  ever y ste p o f 
th e problem-solvin g process . 

An ACT-R Model of the Pipes RTDDM 

Task . 

ACT-R ha s successfull y modele d phenomen a o f  memory , 
proble m solvin g an d skil l  acquisitio n (Anderso n an d 

Lebiere ,  1998) .  However ,  mos t  o f  th e task s modele d u p t o 
n o w ar e static ,  relativel y simpl e tasks .  Recently ,  ther e ha s 

bee n mor e interes t  i n modelin g mor e dynami c an d comple x 
task s i n A C T - R .  Figur e 8  represent s ou r  propose d A C T - R 
model  fo r  th e Pipe s task .  Th e overal l  goa l  i s  represente d a s 

a se t  o f  deadlin e chunks .  Th e focu s o f  attentio n i s th e 
deadlin e closes t  t o th e curren t  simulatio n time . 

Declarativ e m e m o r y ha s tw o mai n chun k structures :  "th e 

tank "  an d "th e decision. "  Th e informatio n provide d i n th e 
tan k chun k correspond s t o th e physica l  representatio n o f  a 
tan k i n th e system ,  an d wha t  th e use r  i s awar e of :  th e wate r 

amount ,  th e deadline ,  th e connection s wit h othe r  tanks ,  an d 
th e statu s o f  th e pump s i n tha t  tank .  Th e chun k calle d 
"decision "  store s th e informatio n o n th e evaluation s 
performe d o n th e tank s durin g th e cours e o f  th e learnin g 
process ,  namel y wate r  amount ,  tim e unti l  th e deadlin e an d 
evaluation .  Th e first  tim e th e mode l  i s  run ,  n o decisio n 
chunk s exist .  Decisio n chunk s ar e create d i n th e cours e o f 
solvin g th e curren t  problem :  whe n a  goa l  tha t  wa s se t  t o 
evaluat e a  tan k i s  completed ,  i t  become s a  declarativ e 
m e m o ry chun k holdin g th e informatio n relevan t  t o th e 
evaluation .  I f  th e sam e evaluation s ar e mad e o r  retrieve d i n 

futur e trials ,  th e decisio n chun k increase s it s  activatio n 
value ,  increasin g th e probabilit y o f  bein g retrieve d i n th e 
future .  Decision s ar e update d accordin g t o th e feedbac k 
provide d b y th e syste m (i.e. ,  n o misse d bucket s decrease s 
th e evaluatio n becaus e mor e slac k wa s availabl e wherea s a 
hig h numbe r  o f  misse d bucket s increase s th e evaluatio n tha t 
generate d thi s situatio n becaus e th e tan k shoul d hav e bee n 
give n a  highe r  priority) .  Sinc e a n identica l  situatio n i s 

unlikel y t o occur ,  th e partia l  matchin g mechanis m provide s a 
certai n amoun t  o f  generalizatio n i n finding  th e "correct " 

decision ,  i.e .  a  particula r  decisio n chun k m a y b e retrieve d i f 
th e time  unti l  deadlin e an d amoun t  o f  wate r  i n th e tan k i s 
clos e enoug h t o th e curren t  situation . 

Procedura l  m e m o r y consist s o f  5  basi c activities :  evaluat e 

tank s fo r  whic h p u m p s m a y b e turne d o n o r  off ,  tur n specifi c 
pumps o n o r  off ,  an d revie w th e environmen t  (e.g. ,  re-star t 
th e evaluatio n cycle) .  W h e n th e use r  evaluate s th e tanks ,  th e 
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model  assume s tha t  th e use r  wil l  kee p a  valu e o f  "urgency " 

fo r  eac h tan k an d typ e o f  actio n (urgenc y t o tu rn-pump s 
associate d wit h eac h tan k o n o r  off )  i n th e chunks .  T w o 

production s ar e availabl e t o evaluat e a  tank .  T h e first  on e 

wil l  tr y t o retriev e a  prio r  decisio n closel y match in g Ih c 

characteristic s o f  thi s tan k (water ,  deadline) .  I f  n o prio r 
decisio n i s sufficientl y activ e an d matche s closel y e n o u g h t o 

reac h th e retrieva l  threshold ,  the n tha t  productio n wil l  fail . 
T h e secon d productio n the n wil l  b e selecte d tha t  evaluate s 
th e chun k accordin g t o s o m e genera l  heuristi c function . 

Afte r  ai l  th e tank s hav e b e e n evaluated ,  th e use r  the n decide s 

t o tur n o n th e p u m p associate d t o th e m o s t  urgen t  tan k i f  a 
p u mp i s available ,  o r  t o tur n of f  th e p u m p associate d t o th e 

leas t  urgen t  tank ,  thereb y freeing  a  p u m p ,  assumin g tha t  th e 
urgenc y o f  tha t  tan k i s significantl y les s tha n tha t  o f  th e tan k 
tha t  need s t o b e turne d on .  Act ion s i n th e use r  m o d e l  mod i f y 

th e statu s o f  th e env i ronment ,  w h i c h i s  update d b y th e 
simulation .  Accord in g t o th e definitio n o f  R T D D M ,  th e 
environmen t  als o change s independentl y f r o m user' s actions . 
T h e syste m add s wate r  t o th e tanks ,  p u m p s wate r  f r o m 
previou s tanks ,  automaticall y turn s of f  p u m p s tha t 
correspon d t o tank s wit h n o m o r e water ,  an d turn s o n p u m p s 
tha t  hav e bee n q u e u e d b y th e user .  T h e simulatio n als o 
verifie s th e deadline s t o provid e feedbac k t o th e user . 

ACT-R symboli c represenution :  Use r  Mode l 

GOAL:  Meet  al l  deadUne s 

Focus o n 
CuiTcn l 

Conflic l  V  deadlin e 
resolutio n 

Activatio n 

Procedura l  M e m o r y 
Evaluate to ON 
Tum-ON 
Evaluat e t o O F F 
Tuni^DF F 
Revie w environmen t 

Declarativ e M e m o r y 
Tank Structur e 

Statu s o f  pump s 
Water  amoun t 
E)eadlin c 
Previou s tank s 
Evaluatio n 

Decisio n 
Water  amoun t 

Deadlin e 
Evaluatio n 

Simulatio n Tim e 
Number  o f  pump s I n us e 

Act io n 

Environment :  Simulatio n 

- ^  Action s cause d b y User : 
Change Pum p statu s 

Independent change of the 
Environment ; 

Aut o ad d wate r 
I îm p Wate r  fro m previou s tank s 
Verif y cleaning/queue d pump s 
Verif y deadline s Feedbac k action s 

Calculat e misse d bucket s 

Perceotio n 

Figur e 8 .  A C T - R Mode l  fo r  Pipe s 

Although very little work has been done in ACT-R to 
model  individua l  differences ,  wor k b y Lovett ,  Reder ,  an d 
Lebier e (1999 )  indicat e tha t  th e W paramete r  ma y b e 
manipulate d t o captur e individua l  difference s i n W M. 
However,  tha t  paramete r  control s th e spreadin g activatio n 
component ,  whic h i s essentia l  t o account s o f  memor y 
phenomena suc h a s th e fa n effect ,  bu t  no t  particularl y 
relevan t  i n thi s model .  Therefore ,  w e wil l  als o investigat e i f 
othe r  parameter s ca n accoun t  fo r  individua l  differences , 
includin g th e deca y rat e o f  base-leve l  activatio n d ,  th e 

mismatc h penalt y M P ,  th e retrieva l  threshol d T  an d th e 

activatio n nois e magnitud e a .  Al l  o f  thes e parameter s affec t 
th e activatio n tha t  control s th e availabilit y  o f  decision s 

chunks ,  bu t  the y ac t  o n separat e component s o f  th e 

activatio n an d thu s ar e expecte d t o exhibi t  differen t  effects . 

Tim e pressur e i n th e mode l  i s implemente d b y modifyin g 

th e ral e a t  whic h th e environmen t  changes ,  an d comparin g 
th e ACT-R' s tim e t o tha t  rate .  I f  th e rat e o f  chang e i s ver y 
lo w (n o tim e pressure) ,  th e use r  mode l  wil l  hav e tim e t o 

complet e mor e evaluation s befor e th e environmen t  changes , 
and t o bette r  reflec t  an d updat e it s evaluation s followin g 
syste m feedback .  I f  th e rat e o f  chang e i s ver y high ,  th e use r 

may no t  hav e tim e t o evaluat e th e environmen t  completel y 

befor e i t  change s again ,  o r  t o updat e it s evaluations . 

Conclusions 
Thi s researc h suggest s tha t  learnin g i n real-tim e dynami c 
decisio n task s d e p e n d s o n th e spar e W M resource s availabl e 

durin g tas k execution .  I t  als o suggest s tha t  m o s t  learnin g i s 
base d o n acquirin g relevan t  decisio n instance s tha t  exploi t 

th e tas k env i ronment . 
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