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Abstrac t 

In this paper, we present a lineage of models that is used to 
identif y th e additiona l  knowledg e require d t o perfor m tw o 
task s concurrentl y a t  a n exper t  level .  TTi e underlyin g architec -
tur e use d fo r  thi s modelin g i s EPIC-Soar ,  a  combinatio n o f  th e 
sensor y an d moto r  module s o f  EPIC ,  an d th e cognitiv e pro -
cessin g o f  Soa r  Withi n EPIC-Soar ,  w e buil d model s fo r  th e 
Wickens '  task ,  a  combinatio n o f  trackin g an d choice-reactio n 
tim e tasks .  A  ke y produc t  o f  th e model s i s a n identificatio n o f 
th e knowledg e require d t o combin e thes e tw o tasks :  th e execu -
tiv e proces s knowledge .  W e als o demonstrat e tha t  i t  i s possibl e 
t o lear n som e o f  thi s knowledg e throug h experience .  W e 
achiev e performanc e comparable ,  i n term s o f  error-rate s an d 
reactio n times ,  t o huma n dat a an d a n EPI C model . 

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

Possibly the most persuasive reason to study dual-task acqui-
sitio n an d performanc e i s becaus e i t  ca n giv e u s insight s int o 
th e architectur e o f  th e mind .  Suc h situation s stres s h u m a n 
capabilitie s t o th e exten t  tha t  th e observe d pattern s o f  behav -
ior s se t  constraint s o n th e h u m a n information-processin g 
architecture ,  sometime s leadin g t o detaile d hypothese s abou t 
th e cognitiv e architectur e (Meye r  &  Kieras ,  1997a ,  1997b) . 

D a m os an d Wicken s (1980 )  reporte d a  stud y tha t  demon -
strate d th e existenc e an d effec t  o f  timesharin g skil l  o n th e 
performanc e o f  a  dual-tas k combination .  Thi s timesharin g 
skil l  i s  ofte n referre d t o a s th e "executiv e process" .  I t  i s  th e 
jo b o f  th e executiv e t o contro l  o r  mediat e th e executio n o f 
th e task s tha t  nee d t o b e performe d concurrently . 

F ro m a  computationa l  modelin g perspective ,  w e defin e th e 
"executiv e process "  a s th e knowledg e necessar y t o mode l 
dual-tas k behavior s abov e an d beyon d tha t  whic h i s require d 
t o d o th e tw o task s individually .  T w o reasonabl e question s t o 
ask are ,  "Wha t  i s th e natur e o f  th e knowledg e tha t  describe s 
th e executiv e process, "  and ,  " H o w ca n thi s knowledg e b e 
learned? " 

Th e goa l  o f  ou r  wor k i s t o begi n t o answe r  thes e difficul t 
question s fo r  th e clas s o f  simpl e perceptual-moto r  tasks .  Ou r 
approac h i s t o first  identif y an d classif y th e knowledg e o f  th e 
executiv e proces s (whic h i s  presente d here) ,  an d the n t o 
develo p plausibl e task-independent  learnin g procedure s fo r 
acquirin g th e knowledge .  Ou r  earl y result s sugges t  tha t  som e 
of  th e knowledg e require d t o orchestrat e dua l  task s ca n b e 
learne d fro m failure s throug h experienc e wit h knowledg e 
compilatio n mechanism s suc h a s chunking . 

T h e W i c k e n s '  T a s k 

In our work, we use a task combination we call the Wickens' 
Tas k (Martin-Emerso n &  Wickens ,  1992) .  I t  consist s o f  a 
trackin g an d a  choice-reactio n tim e task .  Th e tas k environ -
ment  a s show n i n Figur e 1  wa s use d i n a  stud y o f  dual-tas k 
performanc e fo r  th e purpos e o f  evaluatin g th e effec t  o f  verti -
cal  separatio n o n th e trackin g an d choic e task .  Th e applica -
tio n o f  thi s stud y i s t o th e desig n o f  th e heads-u p display s 
use d i n aviation . 

The experimenta l  setu p include d tw o displays :  th e track -
in g windo w an d th e informatio n display .  Th e trackin g win -
do w containe d a  curso r  an d a  targe t  circle .  I n th e trackin g 
task ,  th e subjec t  use d a  joystic k t o kee p a  curso r  (whic h i s 
alway s moving )  i n th e targe t  circle .  Thi s tas k simulate d a 
pilo t  trackin g a  groun d targe t  whe n landing . 

The choice-reactio n tas k stimulu s wa s presente d i n th e 
informatio n display ,  wher e eithe r  a  lef t  o r  righ t  arro w woul d 
periodicall y  appear .  Th e stimulu s duratio n wa s on e second . 
W h en th e stimulu s appeared ,  th e subjec t  wa s t o pres s on e o f 
tw o button s beneat h thei r  middl e an d inde x fingers  o n th e 
lef t  hand ;  lef t  butto n fo r  th e lef t  arrow ,  righ t  butto n fo r  th e 
righ t  arrow .  Thi s tas k simulate d warning s o r  othe r  indica -
tion s requirin g som e sor t  o f  immediat e respons e tha t  m a y 
appea r  whil e a  pilo t  i s  landing . 

Th e tas k requirement s wer e fo r  th e subjec t  t o kee p th e cur -
sor  i n th e target ,  bu t  t o respon d t o th e choic e stimulu s o n th e 
informatio n displa y a s soo n a s possible .  R M S trackin g error . 

Trackin g Windo w 

Target 

-  o 

Curso r 

Vertica l 
Separatio n 

Informatio n Displa y 

. . 7 

Figur e 1 :  T h e Wickens '  tas k environment . 
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reactio n tim e data ,  an d respons e correctnes s wer e gathered . 
The trackin g erro r  wa s recorde d onl y durin g th e one-secon d 
presentatio n o f  th e choic e stimulu s an d th e one-secon d 
immediatel y followin g th e stimulu s offse t  becaus e i t  wa s 
anticipate d tha t  trackin g error s du e t o allocatio n o f  attentio n 
t o th e choic e tas k woul d occu r  durin g thi s period . 

I n th e origina l  study ,  severa l  experimenta l  variable s wer e 
manipulated ,  tw o i n particular :  th e vertica l  separatio n 
betwee n th e trackin g an d choic e display s (separation s range d 
fro m zer o degree s (superimposed )  t o 35. 2 degrees) ;  th e diffi -
cult y o f  th e trackin g tas k (considere d t o b e eithe r  "high "  o r 
"low") .  Fo r  ou r  work ,  w e als o varie d th e vertica l  separation , 
but  fixed  th e trackin g difficult y a t  "high" .  Thi s conditio n put s 
th e mos t  stres s o n th e mode l  and ,  a s a  result ,  make s th e 
effect s o f  change s t o th e mode l  mos t  evident . 

The Architecture 

Our approach to modeling behavior is to start with a set of 
fixe d assumption s tha t  ar e realize d i n a  computationa l  archi -
tecture .  Fo r  ou r  wor k w e hav e create d a  hybrid ,  whic h con -
sist s o f  th e senso r  an d moto r  module s o f  EPI C an d th e 
cognitiv e modul e o f  Soar . 

EPIC 

EPIC (Executive Process-Interactive Control) (Meyer & 
Kieras ,  i n press )  i s a n architectur e whos e primar y goa l  i s  t o 
accoun t  fo r  detaile d huma n dual-tas k performance .  I t 
extend s th e wor k begu n wit h th e Mode l  Huma n Processor , 
M HP (Card ,  Moran ,  &  Newell ,  1983) . 

Lik e M H P,  EPI C consist s o f  a  collectio n o f  processo r  an d 
memories .  Ther e ar e thre e classe s o f  processors :  perceptual , 
cognitive ,  an d motor .  However ,  EPI C i s distinguishe d from 
M HP i n tw o ver y significan t  ways .  First ,  th e EPI C proces -
sor s an d memorie s ar e muc h mor e elaborate ,  eac h represent -
in g a  synthesi s o f  th e mos t  recen t  empirica l  evidenc e 
describin g psychologica l  phenomena .  Secondly ,  EPI C i s a 
syste m tha t  ca n b e programme d an d executed .  Whe n per -
formin g a  task ,  thes e processor s ru n asynchronousl y wit h 
one another . 

Ther e ar e thre e perceptua l  processors ,  visual ,  auditor y an d 
tactile ,  whic h receiv e input s from  simulate d physica l  sen -
sors .  Th e outpu t  o f  thes e processor s i s sen t  t o th e workin g 
memory o f  th e cognitiv e processor .  Th e cognitiv e processo r 
consist s o f  workin g memory ,  long-ter m memory ,  an d pro -
ductio n memory ,  an d a  multi-match ,  multi-fir e productio n 
system .  Th e cognitiv e processo r  ha s n o learnin g mechanism . 
On receivin g inpu t  fro m th e perceptua l  processors ,  i t  per -
form s th e reasonin g necessar y fo r  th e tas k bein g modele d 
and send s outpu t  command s t o th e moto r  processors ,  o f 
whic h ther e ar e three :  ocular ,  vocal ,  an d manual . 

Ever y EPI C mode l  require s a n executiv e process ,  encode d 
as productions ,  whos e purpos e i s t o coordinat e th e progres s 
of  th e othe r  processe s (tasks )  i n th e model .  Th e executiv e 
proces s doe s no t  tak e par t  i n accomplishin g th e task s directl y 

(suc h a s sendin g moto r  command s i n servic e o f  a  task) ;  i t 

onl y modulate s th e activit y o f  th e tasks . 

Soar 

Soar is a general architecture for building artificially intelli-
gent  system s an d fo r  modelin g huma n behavio r  (Rosen -
bloom ,  Laird ,  &  Newell ,  1993 ;  Newell ,  1990) .  Soa r  ha s bee n 
used t o mode !  centra l  huma n capabilitie s suc h a s learning , 
proble m solving ,  planning ,  search ,  natura l  languag e an d HC I 

tasks .  Soa r  i s a  goal-oriente d architecture ,  wher e th e primi -
tiv e deliberativ e ac t  consist s o f  th e selectio n an d applicatio n 
of  operators .  Soar' s long-ter m knowledg e i s encode d a s pro -
ductions ,  whic h carr y ou t  th e basi c function s o f  selectin g an d 
applyin g operators .  Soar' s sensor y informatio n an d curren t 
situationa l  analysi s ar e hel d i n a  declarativ e workin g mem-
ory ,  whic h i s matche d agains t  productio n memory .  Goal s 
automaticall y aris e whe n th e knowledg e encode d a s produc -
tion s i s insufficien t  t o directl y selec t  o r  appl y a n operator .  I n 
th e subgoals ,  thi s basi c processin g recurs ,  s o tha t  produc -
tion s i n th e subgoa l  wil l  matc h t o selec t  an d appl y operator s 
i n servic e o f  determinin g whic h operato r  t o selec t  o r  t o appl y 
i n th e supergoal .  Soa r  incorporate s a  singl e learnin g mecha-
nis m calle d chunkin g whic h compile s th e proble m solvin g i n 
th e subgoal s int o productions .  I n combinatio n wit h variou s 
proble m solvin g methods ,  chunkin g ha s bee n foun d t o b e 
sufficien t  fo r  a  wid e variet y o f  learnin g (Lewis ,  e t  al. ,  1990 ; 
Mille r  an d Laird ,  1996) . 

EPIC-Soar 

EPIC-Soar is an integration of the perceptual and motor pro-
cesso r  model s o f  EPIC ,  an d Soar .  Thi s i s a n attemp t  t o ge t 
th e bes t  o f  bot h worlds :  th e detaile d prediction s an d explana -
tion s o f  sensor y an d moto r  system s from  EPI C (a n abilit y 
Soar  doe s no t  possess) ,  an d th e broader ,  cognitiv e proble m 
solving ,  planning ,  an d learnin g capabilitie s o f  Soa r  (a n abil -
it y  EPI C doe s no t  possess) . 

To creat e th e hybri d architecture ,  w e performe d a  "min d 
transplant" ;  EPIC' s cognitiv e processo r  wa s replace d wit h 
Soar .  EPI C an d Soa r  remai n independen t  program s whic h 
communicat e usin g socke t  connections .  Soa r  no w accept s 
EPI C perceptua l  an d moto r  processo r  message s a s inpu t  t o 
it s  workin g memory ,  an d return s moto r  processo r  command s 
t o EPI C a s output .  Th e cycl e o f  interactio n an d informatio n 
exchang e betwee n th e system s i s a s follows :  EPI C send s per -
ceptua l  an d moto r  message s t o Soa r  an d the n waits ;  Soa r 
accept s th e inputs ,  run s fo r  on e decisio n cycle ,  return s t o 
EPI C an y moto r  command s tha t  ma y hav e bee n generate d 
and the n waits ;  EPI C accept s th e moto r  command s an d exe -
cute s them .  Thi s cycl e repeats . 

EPIC On The Wickens' Task 

EPIC has previously been used to produce a quantitatively 
accurat e mode l  fo r  th e Wickens '  tas k (Kieras ,  1994) .  I n th e 
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EPI C system ,  th e Wickens '  Tas k i s a  simulatio n tha t  run s 
asynchronousl y t o th e othe r  component s (th e perceptual , 
cognitive ,  an d moto r  processors )  o f  th e EPI C architecture . 
The perceptua l  an d moto r  processo r  interac t  wit h th e simula -
tio n t o perceiv e th e worl d an d t o effec t  change s t o th e world . 
As ca n b e see n i n Figur e 2 ,  th e EPI C mode l  provide s a  goo d 
matc h t o th e empirica l  dat a o n bot h th e reaction-tim e an d 
trackin g erro r  measures . 

Applying EPIC-Soar to the Wickens' Task 

The production rules of the EPIC model realize a model of 
exper t  dual-tas k performance .  M a n y o f  thes e rule s explicitl y 
contro l  th e coordinatio n o f  th e tw o tasks ;  the y ar e th e "exec -
utiv e process" .  Thes e executiv e proces s rule s "micro-man -
age "  th e executio n o f  th e tasks ,  providin g deliberat e contro l 
t o intermi x th e componen t  action s o f  th e tw o tasks .  Also , 
EPI C doe s no t  attemp t  t o explai n wh y thes e executiv e pro -
ces s rule s exis t  o r  h o w the y ar e learned . 

Our  inten t  i s t o replicat e th e EPI C result s i n EPIC-Soa r 
usin g a  a  les s task-dependen t  executiv e an d t o explor e idea s 
of  ho w exper t  executiv e proces s knowledg e ca n b e learned . 

Befor e modelin g th e Wickens '  Tas k withi n EPIC-Soar ,  w e 
neede d t o mak e som e change s t o bot h EPI C an d Soar .  D u e t o 
limite d space ,  w e wil l  giv e onl y a  brie f  discussio n o f  thes e 
changes . 

First ,  w e foun d i t  necessar y t o ad d ne w moto r  an d percep -
tua l  processo r  statu s message s t o EPIC .  Thes e message s 
allowe d u s t o reduc e th e amoun t  o f  knowledg e neede d t o 
perfor m th e tas k an d free d Soa r  fî o m havin g t o comput e an d 
maintai n informatio n tha t  i s readil y availabl e fro m th e pro -
cessors .  Thes e message s wer e no t  neede d i n th e EPI C mode l 
becaus e o f  it s us e o f  explici t  contro l  o f  th e tasks .  Th e EPIC -
Soar  approach  o n th e othe r  han d i s on e o f  minima l  control , 
relyin g o n th e stat e o f  th e processor s t o guid e behavior . 

The change s t o Soa r  wer e mad e t o correc t  a  proble m wit h 
th e post-learnin g behavio r  o f  cognitiv e model s (Wray ,  Laird , 
& Chong ,  1997) .  Thes e change s provide d a n architectura l 
approac h t o producin g th e correc t  behavio r  an d wil l  b e 
include d i n futur e release s o f  Soar . 

Identifying Executive Process Knowledge 

The rest of this paper will present a lineage of six models 
(on e individual ,  tw o sequential ,  an d thre e concurrent )  tha t 
wer e use d t o transitio n fro m novic e behavio r  t o exper t 
behavio r  fo r  th e Wickens '  Task .  Eac h mode l  i n th e lineag e 
represent s th e additio n o f  knowledg e t o th e previou s model . 
We relie d heavil y o n th e existin g EPI C exper t  mode l  t o guid e 
us i n buildin g o f  ou r  o w n models . 

Models Of The Individual Tasks 

We first built models of the individual tasks. In Soar, a task is 
encode d a s th e operator s tha t  mus t  b e selecte d an d applie d t o 
perfor m th e function s o f  th e task .  S o m e o f  thes e operator s 

wil l  b e primitive ,  an d wil l  b e carrie d ou t  directl y a s produc -
tion s whic h chang e interna l  dat a structur e o r  sen d moto r 
commands t o EPIC .  Thes e operator s m a p almos t  directl y 
ont o th e production s i n EPI C whic h tak e 5 0 m s o f  simulate d 
tim e t o execute .  Soa r  production s ar e finer-grai n tha n EPI C 
or  A C T - R (Anderson ,  1993 )  productions ,  wit h multipl e pro -
duction s contributin g t o th e selectio n an d applicatio n o f  a n 
operator .  W e adopte d thi s approac h i n Soa r  s o tha t  th e 
knowledg e fo r  selectin g a n actio n ca n b e learne d an d modi -
fie d independen t  o f  th e knowledg e abou t  performin g th e 
action .  Thi s als o make s i t  possibl e t o hav e man y differen t  sit -
uation s i n whic h a n operato r  i s selecte d (becaus e multipl e 
production s ca n sugges t  th e sam e operato r  i n differen t  situa -
tions) ,  an d a n operato r  ca n lea d t o differen t  o r  eve n paralle l 
action s i n differen t  situation s (becaus e multipl e production s 
ca n b e involve d i n performin g th e action s o f  a n operator) . 

However ,  no t  al l  operator s fo r  a  tas k ar e directl y execut -
able ,  possibl y becaus e o f  insufficien t  learning .  I n thes e cases , 
th e operator s automaticall y becom e goal s whic h ar e solve d 
by selectin g an d applyin g additiona l  operators .  Fo r  th e 
Wickens '  task ,  th e top-leve l  se t  o f  operator s includ e a n oper -
ato r  fo r  th e trackin g tas k ( t r a c k i n g - t a s k ) ,  an d th e 
choic e tas k ( c h o i c e - t a s k ) . 

tracking-tas k 
track-targe t 
watch-curso r 

choice-tas k 
recognize-sti m 
verify-sti m 
find-response 
send-respons e 

Each o f  thes e operator s ha s constituen t  suboperator s liste d 
below .  W e ha d n o independen t  empirica l  guidanc e fo r  choos -
in g thi s structure ,  althoug h th e lower-leve l  primitive s ar e 
consisten t  wit h som e o f  th e primitive s use d i n th e EP I C 
model ,  an d wit h earlie r  model s i n Soa r  (Wiesmeyer ,  1992) . 

Thes e operator s ar e sufficien t  t o perfor m eac h o f  thes e 
task s independently ,  usin g th e EPI C perceptua l  an d moto r 
processors .  T o generat e "expert "  behavio r  an d knowledge , 
eac h tas k wa s ru n independentl y usin g Soar' s learnin g mech -
anism ,  whic h buil t  production s (chunks )  tha t  allo w th e task s 
t o b e performe d withou t  th e subgoals .  Thes e exper t  version s 
(th e origina l  operator s plu s th e chunks )  ar e use d fo r  th e fol -
lowin g studies . 

Strategies for Dual-Task Behavior 

At least two dual-task strategies can be used to have tasks 
ru n simultaneously .  Th e first  i s  t o hav e th e task s ru n sequen -
tiall y  — d o tracking ,  the n sto p trackin g an d switc h t o th e 
choic e tas k whe n th e stimulu s ha s occurred ;  afte r  th e stimu -
lu s ha s bee n responde d to ,  resum e tracking .  A  secon d strat -
egy i s t o ru n th e task s concurrentl y wit h thei r  component s 
part s interleaved .  Thi s latte r  strateg y seem s mos t  consisten t 
wit h th e instructio n a s reporte d b y Martin-Emerso n &  Wick -
ens (1992) ,  "Subject s wer e instructe d t o execut e a  respons e 
withi n th e one-secon d stimulu s displa y perio d an d t o divid e 
thei r  attentio n equall y betwee n th e tw o tasks" .  Thi s i s als o 
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th e strateg y Kiera s (1994 )  foun d necessar y t o adopt .  W e 

explore d bot h strategies . 

Sequential Strategy 

Th e sequentia l  strateg y arise s b y selectin g first  th e tracking -
tas k operator ,  an d the n interruptin g i t  wit h th e choice-tas k 
operato r  wheneve r  th e choic e stimulu s appears ,  the n resum -
in g trackin g afte r  a  respons e i s produced .  W e manuall y 
adde d tw o rule s t o th e EPIC-Soa r  mode l  t o achiev e thi s strat -
egy :  on e rul e prefer s th e trackin g tas k whe n th e stimulu s i s 
absent ;  th e othe r  rul e prefer s th e choic e tas k whe n th e stimu -
lu s i s present .  Additionally ,  sinc e th e choic e tas k assume s 
tha t  th e ey e i s alread y fixated  a t  th e locatio n wher e th e stim -
ulu s wil l  appear ,  a n extr a rul e wa s neede d tha t  woul d mov e 
th e ey e t o th e choic e stimulu s whe n th e vertica l  separatio n 
was sufficien t  t o caus e detaile d perceptua l  informatio n o f  th e 
stimulu s t o b e unavailable .  Thi s i s th e mos t  basi c sequentia l 
strategy .  W e ra n thi s mode l  fo r  30 0 trial s pe r  visua l  separa -
tio n condition .  (Al l  EP I C an d EPIC-Soa r  model s presente d 
i n thi s pape r  wer e ru n a t  thi s level. )  Th e averag e perfor -
mance o n eac h conditio n i s reported .  Th e R T an d R M S 
trackin g erro r  result s ar e plotte d i n Figur e 2  an d ar e labele d 

Sequential . 
I t  i s  possibl e t o improv e th e R T matc h t o EPI C o f  thi s 

model  b y addin g knowledg e tha t  allow s th e syste m t o antici -
pat e an d prepar e fo r  th e appearanc e o f  th e stimulus .  W h e n a 
c o m m a nd i s sen t  t o EPIC ,  i t  passe s throug h th e moto r  pro -
cesso r  i n tw o phases ,  preparatio n the n execution ,  bot h o f 
whic h tak e tim e t o perform .  However ,  th e tota l  elapse d tim e 
of  a  c o m m a n d ca n b e reduce d if ,  a t  a n earlie r  time ,  th e com -
m a nd ha s bee n prepare d for .  I n th e Wickens '  task ,  whil e th e 
trackin g tas k i s takin g place ,  w e ca n prepar e th e ey e t o loo k 
at  th e locatio n wher e di e choic e stimulu s wil l  appear .  Thus , 
when th e choic e stimulu s appears ,  th e rul e tha t  fixates  th e 
ey e o n th e stimulu s wil l  b e performe d i n a  shorte r  time .  W e 
manuall y adde d a  productio n t o generat e a  preparatio n fo r 
ey e movemen t  throughou t  th e trackin g task .  Thes e result s 
ar e plotte d a s Sequentia l  +  prepar e i n Figur e 2 .  Her e w e se e 
tha t  preparin g fo r  th e stimulu s improve s th e R T matc h t o th e 

EPI C results .  Th e trackin g erro r  unde r  bot h condition s i s 
ver y high . 

The poo r  predictio n o f  trackin g erro r  i s th e mos t  glarin g 
proble m wit h thi s sequentia l  sU-ategy .  However ,  ther e i s a 
straightforwar d explanation :  trackin g erro r  i s measure d fro m 
th e beginnin g o f  th e choic e tas k unti l  on e secon d afte r  th e 
choic e tas k completes .  Sinc e n o trackin g wa s don e i n th e 
sequentia l  mode l  durin g th e choic e task ,  th e erro r  rat e i s 
expecte d t o b e high .  Th e mode l  strongl y suggest s tha t  i t  i s 
necessar y fo r  trackin g t o continu e durin g th e choic e task ;  i.e . 

fo r  bot h task s t o ru n concurrently . 

Concurrent Strategy 

Allowing both tasks to run concurrently is easily done by 
usin g th e operato r  compositio n techniqu e use d i n earlie r 
Soar  wor k b y Covrigar u (1992) . 

WTien tw o task s ar e allowe d t o ru n concurrently ,  ther e i s 
th e ris k o f  tw o o r  mor e moto r  command s bein g simulta -
neousl y sen t  t o th e sam e modality .  Fo r  example ,  i n th e Wick -
ens '  task ,  th e mode l  m a y attemp t  t o respon d t o th e choic e 
stimulu s an d a t  th e sam e tim e attemp t  t o m o v e th e joystick , 
bot h o f  whic h us e th e manua l  moto r  system .  I n EPIC ,  thi s 
conditio n i s calle d a  "jam "  an d bot h command s ar e ignored . 

The origina l  EPI C mode l  avoide d jam s becaus e o f  th e 
executiv e process ,  whic h orchestrate d th e intermixin g o f  th e 
componen t  action s o f  th e tw o task s s o tha t  jam s di d no t  arise . 
I n contrast ,  ou r  genera l  approac h i s t o tr y t o perfor m bot h 
task s concurrentl y a s m u c h a s possible .  W h e n jam s arise ,  th e 
syste m use s a  task-independen t  recover y mechanis m t o lear n 
t o avoi d th e jam s i n th e future .  Thus ,  th e EPIC-Soa r  mode l 
incrementall y learn s h o w t o intermi x th e command s base d 

on failure s an d experience . 
I n mor e detail ,  whe n EPIC-Soa r  jams ,  a  subgoa l  i s  auto -

maticall y created .  Withi n th e subgoal ,  domain-independen t 
operator s reconstruc t  th e situatio n tha t  produce d th e jam . 
Thi s create s a n interna l  situatio n mode l  wit h whic h th e sys -
te m ca n deliberatel y reaso n abou t  whic h actio n i t  shoul d 
take .  Withi n thi s subgoal ,  th e rule s tha t  initiall y  cause d th e 
ja m wil l  refire .  Thi s time ,  th e jam-repai r  mechanis m exam -
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Figure 2: Comparison of the sequential strategy models to observed data and EPIC predictions. 
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Figur e 3 :  C o m p a r i s o n o f  th e variou s concurren t  strateg y m o d e l s t o observe d dat a an d E P I C predictions . 

ine s th e m o t o r  c o m m a n d s an d usin g th e tas k requirement s 
k n o w l e d g e (tha t  choic e action s ar e preferre d t o trackin g 
actions )  decide s o n w h i c h c o m m a n d shoul d b e sent .  A  rul e i s 
learne d s o tha t  th e nex t  t im e th e stat e o f  th e wor l d put s th e 
syste m i n th e s a m e situatio n w h e r e i t  coul d agai n simulta -
neousl y sen d bot h c o m m a n d s ,  thi s n e w k n o w l e d g e "step s in " 
an d produce s th e preferre d c o i m n a n d ,  thu s avoidin g th e j a m 
condition .  Th i s m e c h a n i s m w a s abl e t o buil d al l  th e j a m 
avoidanc e k n o w l e d g e necessar y fo r  thi s task .  T h e ke y aspec t 
of  thi s learnin g i s  tha t  i t  transform s th e genera l  declarativ e 
statement ,  tha t  choic e i s t o b e preferred ,  int o procedura l 
k n o w l e d g e tha t  applie s a t  th e exac t  poin t  w h e r e i t  i s  needed , 
i.e .  avoidin g a  j a m .  Figur e 3  s h o w s th e result s o f  thi s 
approac h labele d Concurrent .  Thi s m o d e l  ha s t w o qualitativ e 
effects :  trackin g erro r  ha s b e e n significantl y lowere d c o m -
pare d t o Sequentia l  +  prepare ;  trackin g erro r  i s  n o w inde -
penden t  o f  increasin g vertica l  separation .  Thi s m o d e l  i s stil l 
a poo r  predicto r  o f  trackin g error . 

To improv e th e model ,  w e returne d t o th e EPI C mode l  an d 
observe d tha t  i t  include d a  productio n calle d t r a c k -  f  o l -
l o w - i t - e x p r e s s .  Th e purpos e o f  thi s rul e wa s t o trac k 
as soo n a s possibl e afte r  th e choic e respons e ha d bee n made . 
The norma l  trackin g rul e fires  whe n th e manua l  moto r  pro -
cesso r  i s free .  However ,  durin g th e completion  o f  th e choic e 
task ,  th e trackin g tas k ca n b e initiate d a s soo n a s th e moto r 
processo r  ha s finished  preparin g th e choic e response .  Thi s 
allow s th e preparin g o f  th e trackin g c o m m a n d t o overla p 
wit h th e executio n o f  th e choic e action .  Figur e 3  show s th e 
result s o f  thi s approac h labele d Concurren t  +  track_express . 
Wit h th e additio n o f  thi s rule ,  th e trackin g erro r  i s no w close r 
t o th e observe d an d EPI C data .  Interestingly ,  i t  predict s bet -
te r  performance ;  th e erro r  i s independen t  o f  th e separation . 

To attai n th e upwar d slop e o f  th e trackin g error ,  w e agai n 
returne d t o th e EPI C mode l  an d foun d a  grou p o f  rule s whic h 
explicitl y  disable d trackin g whe n th e ey e wa s movin g fro m 
th e curso r  t o th e stimulu s an d t o th e cursor .  Th e rational e i s 
tha t  n o dat a abou t  th e curso r  shoul d b e availabl e (base d o n 
th e EPI C visua l  perceptio n model) ,  s o an y attemp t  t o trac k a t 

thi s tim e wil l  b e i n error .  T o obtai n th e sam e behavior , 
instea d o f  addin g a n equivalen t  productio n a s wa s don e 
before ,  w e instea d modifie d ou r  trac k rul e suc h tha t  i t  woul d 
fire  onl y i f  th e ey e wa s no t  moving .  W e hypothesiz e tha t  ou r 
origina l  tas k encodin g wa s incorrect ,  an d tha t  th e trackin g 
tas k a s originall y define d shoul d hav e thi s condition .  Th e 
Concurren t  +  track_expres s +  disablejrac k trace s i n Figur e 
3 sho w ou r  final  results . 

Analyzing The Executive Process Knowledge 

In this section we review this knowledge and discuss possi-
bl e mechanism s fo r  it s acquisition .  Althoug h thi s i s a  ver y 
simpl e task ,  fou r  classe s o f  knowledg e ca n b e identified . 

Task Requirements Knowledge 

Subjects acquire this knowledge from listening to and inter-
pretin g tas k instructions ,  a  comple x proces s involvin g lan -
guag e comprehension .  Previou s Soa r  researc h (Huffman , 
1994 ;  Lewis ,  Newell ,  &  Polk ,  1989 )  ha s explore d th e acquisi -
tio n o f  procedure s fro m natura l  languag e instructions . 

Strategic Knowledge 

Two forms of strategic knowledge were used: opportunistic, 
and pipelining .  Opportunisti c knowledg e appeare d i n th e 
for m o f  th e rul e tha t  prepare d th e ey e fo r  movemen t  t o th e 
stimulus .  Opportunisti c prepare s ar e beneficia l  onl y fo r  com -
mands wher e ther e i s som e certaint y tha t  th e actio n bein g 
prepare d fo r  wil l  nee d t o b e done .  I n th e cas e o f  lookin g a t 
th e stimulus ,  w e kno w tha t  i t  wil l  alway s occu r  and ,  mor e 
importantly ,  w e kno w wher e i t  wil l  alway s occur .  O n ho w 
thi s knowledg e m a y b e acquired ,  w e hypothesiz e tha t  sinc e 
prepare s ar e a n architectura l  capabilit y  an d ca n b e use d t o 
increas e performance ,  the n ther e m a y b e a  task-independen t 
learnin g procedur e tha t  create s prepar e rule s base d o n tas k 
knowledg e o r  observe d regularitie s i n th e tas k environment . 

Il l 



The secon d for m o f  strategi c knowledg e i s cal l  pipelinin g 
knowledge .  A n exampl e o f  thi s i s th e t rack - fo l l ow -
i t - e x p r e s s rule .  Th e sourc e o f  thi s knowledg e ma y b e 
attribute d t o th e tas k inducements .  Martin-Emerso n &  Wick -

ens (1992 )  reporte d tha t  "subjects...wer e pai d accordin g t o 
th e numbe r  o f  correc t  responses;...i n orde r  t o elici t  th e bes t 
possibl e trackin g performanc e independen t  o f  th e discret e 
respons e task ,  th e magnitud e o f  th e paymen t  pe r  correc t 
respons e wa s inversel y proportiona l  t o th e trackin g error " 

Innate Knowledge 

When building a cognitive model in Soar, one of the guide-
line s use d t o estimat e th e veracit y o f  th e mode l  i s t o deter -
min e i f  ther e ar e an y component s (rules ,  operators ,  o r 
mechanisms )  i n th e mode l  tha t  coul d no t  b e learne d b y th e 
architecture .  I f  thi s i s th e case ,  the n th e mode l  make s th e 
clai m tha t  suc h component s ar e innat e meanin g tha t  th e 
knowledg e exist s a  prior i  t o performin g th e tas k an d there -
for e i s no t  learne d durin g performance .  Th e jam-repai r 
mechanism ,  lik e othe r  mechanism s suc h a s tas k instructio n 
acquisition ,  ma y b e a n exampl e o f  innat e knowledge . 

Experiential Knowledge 

This knowledge is acquired from experience in performing 
th e task .  On e instanc e o f  thi s knowledg e i s th e rule s tha t 
wer e generate d b y th e jam-repai r  mechanism .  Strategi c 
knowledg e coul d als o b e classe d a s experientia l  knowledg e 
thoug h i t  depend s o n whe n th e knowledg e i s acquired . 

Summary 

In this paper, we presented a lineage of six models that was 
use d t o identif y th e additiona l  knowledg e require d t o per -
for m tw o task s concurrentl y a t  a n exper t  leve l  fo r  th e Wick -
ens '  Task .  Eac h mode l  i n th e lineag e represent s th e additio n 
of  knowledg e t o th e previou s model . 

Most  o f  th e knowledg e ha s bee n manuall y adde d an d ar e 
essentiall y  Soa r  analogue s o f  th e EPI C productions ,  whic h 
on it s ow n i s uninteresting .  However ,  ou r  large r  goa l  i s  t o 
hav e a  syste m tha t  learn s thes e rules .  Th e meri t  o f  thi s wor k 
the n i s tha t  i t  take s th e first  smal l  step s toward s tha t  goal :  (1 ) 
we hav e a  hybri d learnin g an d performanc e architecture ;  (2 ) 
we hav e a  exper t  performanc e mode l  tha t  i s  no w situate d i n a 
learnin g architecture ;  (3 )  w e ca n identif y th e kind s o f  knowl -
edge neede d t o progres s fro m novic e t o expert ;  (4 )  w e ca n 
no w posi t  genera l  task-independen t  learnin g procedure s t o 
acquir e thi s knowledge ;  an d (5 )  w e hav e demonstrate d on e 
suc h task-independen t  acquisitio n procedur e tha t  learn s ho w 
t o dea l  wit h som e o f  th e initia l  problem s o f  concurren t  per -
formance . 

We ar e continuin g t o refin e ou r  model .  Whe n satisfie d 
wit h it s performance ,  w e wil l  pursu e a  task-independen t 
learnin g mechanis m t o acquir e experientia l  strategi c knowl -
edge .  W e hav e ye t  t o settl e o n a  satisfactor y hypothesi s fo r 

th e origi n o f  thi s knowledge .  T o thi s end ,  w e hav e begu n a 
fine-grained  stud y o f  th e condition s o f  th e executiv e proces s 
rule s t o explai n th e sourc e o f  each . 
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