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Abstrac t 

This paper compares the Act-R and Soar cognitive architec-
tures ,  focusin g o n thei r  theorie s o f  control .  Act- R treat s con -
tro l  (conflic t  resolution )  a s a n automati c process ,  wherea s 
Soar  treat s i t  a s a  potentiall y  deliberate ,  knowledge-base d 
process .  Th e compariso n reveal s tha t  Soa r  ca n mode l  ex -
tremel y flexibl e control ,  bu t  ha s difficult y accountin g fo r 
probabilisti c  operato r  selectio n an d th e independen t  effect s o f 
histor y an d distanc e t o goa l  o n th e likelihoo d o f  selectin g a n 
operator .  I n contrast ,  Act-R' s contro l  i s  wel l  supporte d b y 
empirica l  data ,  bu t  ha s difficult y modelin g task-switching , 
multipl e interleave d tasks ,  an d dynami c abandonin g o f  sub -
goals .  Th e compariso n als o reveal s tha t  man y o f  th e justifica -
tion s fo r  eac h architecture' s contro l  structure ,  suc h a s som e 
form s o f  flexible  contro l  an d satisficing ,  ar e jus t  a s easil y 
handle d b y both . 

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

The last decade has seen the emergence of a variety of cog-
nitiv e architectures .  Thi s i s goo d fo r  cognitiv e modeling , 
becaus e architecture s provid e a  ready-mad e se t  o f  tool s an d 
theoretica l  constraint s tha t  ca n assis t  th e cognitiv e modelin g 
enterpris e b y constrainin g th e possibl e model s o f  a  se t  o f 
phenomen a o r  eve n makin g th e "right "  mode l  a n obviou s 
consequenc e o f  th e architectura l  constraint s (Newell ,  1990) . 
However ,  thes e architecture s m a k e man y differen t  theoreti -
cal  distinctions ,  whic h ca n o f  cours e hav e a  majo r  influenc e 
on th e natur e o f  cognitiv e model s supporte d b y each .  De -
spit e this ,  ver y littl e wor k ha s bee n don e t o compar e alter -
nativ e architectures .  Thi s pape r  attempt s t o rectif y thi s b y 
offerin g a n initia l  compariso n o f  tw o o f  th e mos t  wel l  know n 
cognitiv e architectures :  Act- R (Anderson ,  1993 ;  Lebiere , 
1996 )  an d Soa r  (Laird ,  Rosenbloo m &  Newell ,  1986 ;  Laird , 
Newel l  &  Rosenbloom ,  1987 ;  Newell ,  1990) . 

The first  goa l  o f  thi s compariso n i s t o identif y th e simi -
laritie s an d difference s betwee n Act- R an d Soa r  b y listin g 
eac h architecture' s fundamenta l  theoretica l  distinctions .  Th e 
secon d goa l  i s  t o asses s th e empirica l  suppor t  fo r  th e majo r 
difference s i n th e architectures '  contro l  mechanisms .  O n e 
caveat :  sinc e bot h architecture s ar e product s o f  activ e re -
searc h efforts ,  the y ar e alway s subjec t  t o change .  Thi s pape r 
compare s th e version s o f  Soa r  an d Act- R availabl e a t  th e 
end o f  1996 .  O n e shoul d no t  assum e tha t  thi s compariso n 
wil l  b e accurat e fo r  al l  (o r  any )  futur e version s o f  th e archi -
tectures .  However ,  th e majo r  theoretica l  distinction s i n bot h 
architecture s hav e bee n stabl e fo r  th e pas t  decade ,  s o i t  i s 
likel y tha t  portion s o f  thi s compariso n wil l  continu e t o hol d 
fo r  som e tim e t o come . 

Thi s i s no t  th e first  effor t  t o compar e an d evaluat e Soa r 
and Act .  Newell ,  Rosenbloo m an d Lair d (1989 )  previousl y 
compare d Soa r  t o Act* ,  Act-R' s precursor .  Thei r  goal ,  how -
ever ,  wa s mor e t o us e Soa r  an d Ac t  a s tw o differen t  exam -
ple s o f  cognitiv e architectures ,  no t  t o criticall y evaluat e an d 
compar e them .  Th e onl y seriou s effor t  t o criticall y evaluat e 
Soar  i s Coope r  an d Shallice' s (1995 )  evaluatio n o f  Soa r  a s 
bot h a  psychologica l  theor y an d a n exampl e o f  th e method -
olog y o f  unifie d theorie s o f  cognition .  Thei r  genera l  conclu -
sio n i s tha t  Soa r  fair s poorl y a s a  psychologica l  theor y an d 
tha t  th e unifie d theor y methodolog y (a t  leas t  a s exemplifie d 
by Soa r  research )  doe s no t  offe r  an y advantage s ove r  tradi -
tiona l  psychologica l  researc h methodology .  I n contras t  t o 
th e Soa r  approach ,  Anderso n an d hi s colleague s hav e regu -
larl y teste d Act-R .  M a n y o f  thes e result s ca n hel p u s dis -
criminat e betwee n Soa r  an d Act-R . 

Theoretical Assumptions 

This section briefly reviews the theoretical assumptions for 
Act- R an d Soar .  Thes e assumption s ar e summarize d i n Ta -
bl e 1 .  D u e t o spac e limitations ,  I  onl y discus s thos e mecha -
nism s relevan t  t o th e compariso n o f  control . 

Act-R 

The mechanisms proposed in Act-R are based on two foun-
dationa l  assumptions .  Th e first  i s  tha t  "th e implementatio n 
of  Act- R shoul d b e i n term s o f  neural-lik e computation " 
(Anderson ,  1993 ,  p .  12) .  T h e secon d assumptio n i s  tha t 
"cognitio n i s adapte d t o th e structur e o f  th e environment " 
(Anderson ,  1993 ,  p .  14) .  Consequently ,  m a n y o f  th e mecha -
nism s i n Act- R ar e designe d t o reflec t  th e statistica l  natur e 
of  th e environment . 

Act- R i s a  paralle l  matching ,  seria l  firing  productio n sys -
te m wit h a  psychologicall y motivate d conflic t  resolutio n 
strategy .  Act- R ha s a  declarativ e m e m o r y containin g a  net -
wor k o f  declarativ e m e m o r y element s ( D M E s ) '  an d a  proce -
dura l  m e m o r y containin g productio n rules .  D M E s hav e acti -
vatio n value s an d associativ e strength s wit h othe r  D M E s . 
Th e basi c cognitiv e operatio n i n Act- R i s a  productio n rul e 
firing.  Th e action s o f  a  productio n rul e i n Act- R modif y 
declarativ e memory—product ion s canno t  directl y tes t  o r 
modif y procedura l  memory . 

Anderso n call s declarativ e memor y element s chunks .  Sinc e 
thi s conflict s wit h Soar' s (nonstandard )  usag e o f  th e ter m chunk ,  I 
wil l  us e th e neutra l  ter m Declarativ e Memor y Elemen t  (DME) . 
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A c t - R 

Foundationa l  Assumption s 
Mechanism s shoul d b e implemente d i n neural-lik e compu -
tatio n 
Cognitio n i s adapte d t o th e structur e o f  th e environmen t 

Contro l 
Singl e goa l  hierarch y * 
Goal s originat e fro m tas k knowledg e 
Adaptive ,  satisficin g conflic t  resolutio n 

L o n g - T e r m M e m o r y ( L T M ) 
T wo form s o f  L T M :  Declarativ e an d Procedura l 
Procedura l  memor y i s represente d b y productio n rule s 
Procedura l  L T M i s opaqu e 
L T M i s permanen t 
Declarativ e m e m o r y i s a  networ k wit h activation s an d asso -
ciativ e strength s 

W o r k i n g m e m o r y 
Workin g memor y consist s o f  th e mos t  activ e declarativ e 
m e m o ry element s 

Learnin g 
The strengt h o f  declarativ e an d procedura l  memor y increas e 
as a  powe r  functio n o f  practic e an d decreas e a s a  powe r 
functio n o f  dela y 
Procedura l  knowledg e i s tune d base d o n experienc e 
Procedura l  knowledg e i s acquire d b y analog y 
Declarativ e knowledg e i s acquire d throug h rule s an d per -
ceptio n 
Activation s an d associativ e strength s ar e acquire d throug h 
experienc e 

Latenc y Derivatio n 
Latencie s deriv e fro m th e tim e neede d t o matc h rules ,  whic h 
i s th e su m o f  th e time s neede d t o matc h eac h conditio n i n 
th e rule .  Th e tim e t o matc h a  conditio n depend s o n th e 
strengt h o f  a  rul e an d th e strengt h o f  th e memor y element s i t 
matches . 

S o a r 

Humans approximat e knowledg e leve l  system s 

Humans ar e symbo l  system s 

Singl e goa l  hierarch y 
Goal s ar e create d automaticall y b y th e architectur e 
Knowledge-based ,  least-commitmen t  conflic t  resolutio n 

Unifor m L T M :  Al l  L T M i s i n procedura l  for m 
Procedura l  memor y i s represente d b y productio n rule s 
L T M i s opaqu e 
L T M i s permanen t 
Long-ter m declarativ e memor y i s represente d b y productio n 
rule s 

Workin g memor y i s distinc t  fro m L T M 

Al l  long-ter m knowledg e arise s throug h chunkin g 

Constan t  latenc y pe r  decisio n cycle .  Overal l  latenc y de -
pend s o n th e tota l  numbe r  o f  decisio n cycle s plu s th e tim e 
fo r  externa l  actions . 

Tabl e 1 :  Theoretica l  distinction s i n Act- R an d Soa r 

Act- R repeatedl y follow s thre e steps :  I )  Instantiat e pro -
duction s whos e condition s matc h D M E s ;  2 )  Selec t  a  singl e 
instantiatio n t o fir e base d o n Act-R' s conflic t  resolutio n 
mechanism ;  an d 3 )  Fir e th e selecte d rule . 

Act- R assume s tha t  cognitiv e behavio r  i s goal-oriente d 
and tha t  goal s ca n giv e ris e t o subgoals .  A  goa l  i n Act- R i s a 
D ME tha t  ha s bee n pushe d ont o th e architecturall y sup -
porte d goa l  stack .  A s wit h an y othe r  D M E i n Act-R ,  a  goa l 
has a  se t  o f  attribute s (als o calle d slots )  an d correspondin g 
values ,  whic h ar e jus t  othe r  D M E s .  Goal s i n Act- R typicall y 
contai n slot s tha t  hol d th e goal' s desire d an d curren t  prob -
le m states .  Act- R enforce s goal-oriente d behavio r  b y re -
quirin g ever y rul e t o matc h a  goal . 

Act- R use s a  singl e pushdow n (last-in-first-out )  goa l  stac k 
t o trac k goals .  Th e curren t  goa l  (th e on e a t  th e to p o f  th e 
stack )  i s give n a n activatio n weigh t  o f  1 ,  whic h i s equall y 
divide d amon g th e declarativ e memor y element s i n th e 
goal' s slots . 

N e w goal s ar e create d b y productio n rule s tha t  creat e a 
D ME representin g th e goa l  an d the n pus h th e D M E ont o th e 
goa l  stack .  Goa l  achievemen t  i s signale d b y a  productio n 

rul e tha t  pop s th e goa l  of f  th e goa l  stack .  I n addition ,  onl y 
rule s tha t  matc h th e curren t  goa l  ca n b e instantiated .  A s dis -
cusse d later ,  thi s restrictio n lead s t o som e difficultie s i n 
modelin g flexibl e control . 

Act- R instantiate s rule s i n parallel ,  bu t  onl y fires  on e rul e 
on a  give n cycle .  Th e tim e neede d t o instantiat e a  productio n 
i s th e su m o f  th e time s neede d t o instantiat e eac h conditio n 
i n th e production .  Th e tim e t o instantiat e a  conditio n i s a 
functio n o f  th e productio n strengt h an d th e activatio n o f  th e 
D ME t o whic h i t  matches .  Thi s means ,  tha t  a s tim e goe s b y 
durin g th e matc h process ,  mor e an d mor e instantiation s wil l 
be availabl e t o fire.  I n addition ,  instantiation s wil l  b e gener -
ate d roughl y i n orde r  o f  thei r  likelihoo d o f  bein g needed , 
becaus e rul e strengt h an d D M E activatio n increas e an d de -
creas e a s a  powe r  la w o f  practic e an d delay . 

Throughou t  th e instantiatio n process ,  Act- R mus t  decid e 
whethe r  t o wai t  fo r  additiona l  instantiation s o r  fire  th e cur -
ren t  bes t  instantiation .  T o determin e this ,  a s eac h instantia -
tio n become s availabl e i t  i s  assigne d a n expecte d utilit y  PG -
C,  wher e P  i s th e probabilit y  tha t  th e goa l  wil l  b e achieve d i f 
th e productio n i s fired,  G  i s th e expecte d utilit y  o f  th e goal . 
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and C  i s th e cos t  o f  achievin g th e goa l  b y takin g th e mov e 
specifie d b y th e instantiation .  Act- R fires  th e bes t  existin g 
instantiatio n whe n th e expecte d improvemen t  o f  th e nex t 
instantiatio n ove r  th e curren t  bes t  i s  les s tha n th e estimate d 
cos t  o f  th e tim e neede d t o determin e tha t  instantiation . 

The productio n parameter s P  an d C  ar e tune d base d o n 
experienc e wit h eac h rule .  Th e probabiht y o f  a  rule' s even -
tua l  succes s P  i s estimate d usin g a  weighte d averag e o f  th e 
prio r  probabilit y  an d th e empirica l  probability ,  whic h i s th e 
experientia l  probabilit y  derive d fro m a  rule' s histor y o f  suc -
ces s an d failure .  Rul e cos t  reflect s th e averag e cos t  o f  even -
tuall y achievin g th e goa l  b y wa y o f  th e rule .  I t  i s  estimate d 
usin g a  weighte d averag e o f  a  prio r  cos t  an d a n empirica l 
cost .  A  rule' s strengt h reflect s it s lo g odd s o f  bein g needed , 
base d o n it s histor y o f  use . 

Act-R' s conflic t  resolutio n schem e i s a n adaptiv e satis -
ficin g process .  I t  i s  adaptiv e becaus e a  rule' s expecte d valu e 
and th e tim e t o instantiat e th e rul e depen d o n parameter s tha t 
ar e change d throug h th e learnin g mechanism s discusse d 
below .  I t  i s  satisficin g becaus e i t  stop s instantiatin g rule s 
onc e i t  find s on e tha t  exceed s th e acceptanc e threshol d de -
fine d above . 

Soar 

Soar is based on two foundational assumptions. The first is 
tha t  human s ar e (a t  leas t  t o som e approximation )  knowledg e 
leve l  system s (Newell ,  1990 ,  p .  113-117) .  Thi s mean s tha t 
the y appl y thei r  knowledg e i n som e rationa l  manne r  t o 
achiev e thei r  goals .  Th e secon d i s tha t  human s ar e a  symbo l 
syste m (Newell ,  1990 ,  p .  113-117) .  Althoug h Newel l  admit s 
tha t  th e underlyin g neura l  leve l  migh t  hav e substantiv e ef -
fect s o n th e symbo l  leve l  (Newell ,  1990 ,  pp .  113-119) ,  Soa r 
itsel f  ha s alway s bee n base d o n a  stron g symbo l  leve l  an d 
many o f  it s  theoretica l  distinction s reflec t  thi s fact . 

Soar  i s  a  paralle l  matching ,  paralle l  firin g rule-base d sys -
tem.  Soar' s rule s represen t  bot h procedura l  an d declarativ e 
knowledge .  Soar' s workin g memor y contain s onl y declara -
tiv e knowledge .  Rule s canno t  tes t  othe r  rules ,  s o the y ca n 
onl y matc h declarativ e knowledg e tha t  othe r  rule s hav e al -
read y deposite d int o workin g memory .  O n a  give n produc -
tio n rul e cycle .  Soa r  fires  ever y rul e tha t  matches .  Rul e ac -
tion s ca n eithe r  propos e proble m solvin g operators ,  registe r 
a preferenc e fo r  on e o r  mor e propose d operators ,  o r  mak e 
modification s t o D M E s i n workin g memory . 

Al l  proble m solvin g i n Soa r  i s viewe d a s searc h i n a 
proble m space .  A  proble m spac e i s define d b y a n initia l 
state ,  on e o r  mor e goa l  states ,  an d a  se t  o f  operator s fo r 
transformin g states .  Soa r  solve s problem s b y repeatin g th e 
followin g step s unti l  th e proble m i s solve d o r  abandoned :  1 ) 
Fir e rule s tha t  propos e operator s t o appl y t o th e curren t 
state ;  2 )  Fir e rule s tha t  registe r  a  preferenc e fo r  on e o r  mor e 
operators ;  3 )  Selec t  a n operato r  t o appl y t o th e curren t  state , 
the n appl y it .  I f  n o operato r  ca n b e selected ,  creat e a n im -
passe .  Al l  o f  thes e decision s ca n b e eithe r  mad e b y knowl -
edge tha t  i s directl y encode d i n rule s o r  b y knowledg e gen -
erate d b y searchin g anothe r  proble m space . 

Soar  ha s a  singl e goa l  stac k tha t  i s automaticall y create d 
and manage d b y th e architecture .  Goal s aris e automaticall y 
from  a n impasse—a n architecturall y detecte d lac k o f  direc t 

procedura l  knowledg e tha t  inhibit s furthe r  progress .  W h e n -
eve r  Soa r  reache s a n impass e i t  automaticall y generate s a 
subgoa l  t o acquir e th e relevan t  knowledge . 

Conflic t  resolutio n i n Soa r  i s concerne d wit h th e selectio n 
of  a n operator ,  no t  a  productio n rule .  Soa r  fires  ever y pro -
ductio n rul e tha t  matche s i n a  give n cycle ,  however ,  onl y a 
singl e operato r  ca n b e applie d t o a  stat e a t  an y give n time . 
Unlik e mos t  rule-base d systems ,  includin g Act-R ,  conflic t 
resolutio n i n Soa r  i s completel y knowledge-based .  Onc e 
operator s ar e proposed ,  othe r  rule s ca n registe r  preference s 
fo r  (o r  against )  them .  A  rul e ca n rejec t  a n operator ,  mar k i t 
as th e bes t  o r  wors t  operator ,  indicat e tha t  i t  i s  bette r  o r 
wors e tha n on e o r  mor e othe r  operators ,  o r  indicat e tha t  tw o 
or  mor e operator s ar e equall y good .  Afte r  thi s preferenc e 
phase .  Soa r  determine s whethe r  th e preference s indicat e a 
singl e bes t  operator .  I f  so .  Soa r  select s tha t  operato r  fo r  ap -
plicatio n t o th e statê .  I f  not ,  o r  i f  ther e ar e contradictor y 
preferences ,  the n Soa r  create s a  subgoa l  t o resolv e th e 
problem .  Lik e an y subgoal ,  thi s subgoa l  i s  achieve d b y 
searchin g a  proble m space .  Thus ,  Soa r  represent s th e op -
erato r  ti e o r  contradictio n even t  a s declarativ e knowledg e i n 
workin g memory ,  whic h enable s Soar' s procedura l  knowl -
edg e t o detec t  th e even t  an d brin g t o bea r  th e ful l  problem -
solvin g powe r  o f  th e agent . 

Al l  long-ter m knowledg e i n Soa r  arise s throug h chunking , 
a learnin g mechanis m tha t  compile s th e result s o f  subgoa l 
searc h int o a  productio n rul e tha t  ca n produc e th e resul t 
withou t  subgoaling .  Thi s implie s tha t  Soa r  ca n onl y acquir e 
long-ter m declarativ e memor y b y learnin g a  rul e tha t  en -
code s th e appropriat e condition s i n whic h th e declarativ e 
memory wil l  b e needed . 

Soar  use s a  constan t  latenc y pe r  decisio n cycle ,  roughl y 
estimate d a t  5 0 msec ,  base d o n th e min imu m amoun t  o f  tim e 
neede d t o mak e on e deliberat e cognitiv e action .  Rule s tha t 
specif y externa l  action s ar e assume d t o tak e additiona l  tim e 
consisten t  wit h initiatin g thos e actions . 

Comparison 

Both Soar and Act-R organize control around a single goal 
hierarchy ,  bu t  thei r  similaritie s en d there .  Act-R' s produc -
tio n rule s ar e simila r  t o Soar' s operators :  bot h ar e equivalen t 
t o a  singl e operato r  i n a  proble m space .  Th e goa l  o f  conflic t 
resolutio n i n Soa r  i s t o selec t  a n operator ,  wherea s i n Act- R 
i t  i s  t o selec t  a  rule .  Goal s i n Act- R ar e create d b y rules , 
wherea s goal s i n Soa r  ar e create d b y th e architectur e i n re -
spons e t o a n impasse . 

The distinctio n betwee n task-initiate d goal s an d architec -
turall y initiate d goal s become s importan t  whe n w e conside r 
th e architectures '  conflic t  resolutio n strategies ,  whic h ar e th e 
majo r  theoretica l  differenc e betwee n contro l  i n Soa r  an d 
Act-R .  Act- R use s a n automati c conflic t  resolutio n strateg y 
tha t  select s a n actio n ( a rule )  base d o n th e matc h tim e o f  th e 
availabl e rule s an d th e expecte d utilit y  o f  eac h rule .  Othe r 
tha n th e matc h tim e an d expecte d utility ,  whic h depen d o n 
th e histor y o f  declarativ e an d procedura l  memory ,  n o othe r 
knowledg e ca n influenc e conflic t  resolution .  I n contrast , 

^  I f  th e preference s indicat e a  singl e se t  o f  equivalen t  operators , 
the n Soa r  wil l  choos e on e o f  thos e operator s a t  random . 
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Soar  use s a n open ,  knowledge-base d conflic t  resolutio n 
strateg y tha t  select s a n actio n (a n operator )  base d o n al l 
availabl e knowledge . 

W h at  kin d o f  empirica l  suppor t  i s  ther e fo r  thes e differen t 
conflic t  resolutio n strategies ? Soar' s contro l  schem e wa s 
designe d aroun d tw o genera l  characteristic s o f  huma n cog -
nition .  First ,  i s  th e observatio n tha t  peopl e behav e flexibly . 
Newel l  argue s tha t  problem-solvin g method s (suc h a s th e 
weak methods )  emerg e during  proble m solvin g a s a  functio n 
of  availabl e knowledg e an d tas k demand s (Newell ,  1990) . 
Soar' s conflic t  resolutio n strateg y i s a  least-commitmen t 
contro l  schem e tha t  naturall y support s thi s kin d o f  behavior . 
I n fact ,  som e o f  th e earlies t  wor k i n Soa r  showe d tha t  man y 
of  th e wea k method s emerg e b y combinin g Soar' s contro l 
strategy ,  a  fe w independen t  bit s o f  genera l  problem-solvin g 
knowledge ,  an d variou s kind s o f  knowledg e o f  th e tas k do -
mai n (Lair d e t  al. ,  1986) . 

Researc h tha t  i s mor e recen t  explore s th e us e o f  Soa r  fo r 
modelin g interleave d task s an d interactio n wit h th e externa l 
worl d (Nelson ,  L e h m a n &  John ,  1994) .  Soar' s abilit y  t o 
respon d t o an y goa l  i n th e goa l  hierarch y alon g wit h it s  abil -
it y  t o replac e goal s anywher e i n it s goa l  stack ,  mak e i t  well -
suite d fo r  modelin g interleave d tasks .  Likewise ,  Soa r  ca n 
respon d t o change s i n it s environmen t  b y immediatel y de -
tectin g th e change s an d switchin g t o a  differen t  goal . 

T h e secon d characteristi c i n suppor t  o f  Soa r  i s tha t  peopl e 
generall y behav e i n a  rationa l  manne r  t o achiev e thei r  goals . 
Accordin g t o Newell ,  intelligen t  system s behav e accordin g 
t o th e principl e o f  rationality ,  whic h state s tha t  "th e syste m 
take s action s t o attai n it s  goals ,  usin g al l  th e knowledg e tha t 
i t  has. "  (Newell ,  1990 ,  p .  50 )  Soar' s knowledge-base d con -
flic t  resolutio n strateg y wit h it s automati c impasse s support s 
thi s kin d o f  behavior . 

We mus t  nex t  conside r  whethe r  Act- R ca n accoun t  fo r  th e 
same phenomena .  A t  first  glance ,  i t  seem s tha t  thi s migh t  b e 
difficu h fo r  Act-R .  Sinc e it s conflic t  resolutio n strateg y al -
ways pick s a n actio n regardles s o f  th e numbe r  o f  competin g 
action s an d h o w closel y thos e action s ar e ranked ,  onl y a 
ver y limite d amoun t  o f  knowledg e i s use d t o selec t  actions . 

On close r  inspection ,  however ,  th e situatio n fo r  Act- R i s 
not  a s bleak .  Accordin g t o Act-R ,  cognitiv e skil l  acquisitio n 
begin s wit h th e deliberat e interpretatio n o f  instruction s an d 
examples^ ,  whic h ar e the n proceduralize d b y th e analog y 
mechanis m int o productio n rule s tha t  directl y specif y appro -
priat e actions .  Thi s mean s tha t  Act- R mus t  begi n t o solv e a 
tas k b y placin g declarativ e representation s o f  action s int o 
workin g memory .  Onc e thes e action s ar e i n workin g m e m-
ory ,  an y availabl e knowledg e ca n b e brough t  t o bea r  o n 
them ,  includin g knowledg e generate d b y proble m solvin g i n 
a subgoal .  Fo r  Act- R t o reaso n i n thi s way ,  i t  mus t  hav e a 
genera l  se t  o f  rule s fo r  recallin g instruction s abou t  th e task . 
Once Act- R proceduralize s som e o f  it s knowledge ,  th e gen -
era l  rule s wil l  compet e wit h th e newl y forme d rules ,  whic h 
means tha t  Act- R wil l  reaso n deliberatel y o n som e trial s an d 
automaticall y o n others .  However ,  i f  th e tas k environmen t 
change s suc h tha t  th e procedura l  knowledg e i s n o longe r 
appropriate ,  Act- R wil l  agai n fal l  bac k t o deliberat e reason -

'  Soa r  adopt s th e sam e view . 

ing .  Thus ,  i t  seem s tha t  Act- R i s capabl e o f  displayin g a t 
leas t  som e flexible ,  knowledge-base d behavior . 

Unlik e Soar ,  Act-R' s approac h t o flexibl e behavio r  i s no t 
directl y supporte d b y th e architecture .  Soar' s conflic t  reso -
lutio n mechanis m woul d essentiall y  nee d t o b e programme d 
int o Act-R' s rules .  However ,  th e implication s o f  thi s differ -
enc e ar c unclear .  B .  Chandrasekara n (persona l  communica -
tion )  ha s argue d tha t  th e Soa r  architectur e migh t  emerg e 
fro m a  lowe r  leve l  architectur e becaus e o f  th e nee d t o d o 
proble m solving .  I t  i s  possibl e tha t  Act- R i s on e suc h lowe r 
leve l  architecture . 

O ne potentia l  sourc e o f  difficult y fo r  modelin g flexible 
behavio r  i n Act-R ,  i s tha t  i t  instantiate s onl y rule s tha t  matc h 
th e curren t  goal .  Thi s severel y limit s Act-R' s flexibility  i n 
respondin g t o dynami c interna l  o r  externa l  changes ,  becaus e 
rule s relate d t o th e curren t  goa l  hav e complet e contro l  o f 
proble m solving ,  includin g whe n t o surrende r  control . 

Next ,  w e mus t  conside r  th e evidenc e i n suppor t  o f  Act- R 
and conside r  h o w Soa r  migh t  accoun t  fo r  it .  Severa l  result s 
suppor t  th e Act- R account .  First ,  i t  i s  wel l  know n tha t  peo -
pl e satisfice—w e ten d t o se t  a n acceptanc e threshol d an d 
the n pic k th e first  actio n tha t  rate s abov e tha t  threshold .  Thi s 
i s modele d i n Act- R b y forcin g a  decisio n a t  eac h cycl e 
base d o n compariso n amon g th e expecte d utilit y  o f  a n ac -
tion ,  th e estimate d cos t  o f  searchin g fo r  additiona l  actions , 
and th e estimate d gai n o f  th e nex t  action .  Fo r  example ,  i f 
Act- R i s give n onl y a  se t  o f  rule s fo r  makin g th e move s i n 
th e Towe r  o f  Hano i  alon g wit h a  rul e fo r  detectin g th e goa l 
state ,  i t  wil l  quickl y selec t  on e o f  th e move s an d execut e it , 
withou t  doin g an y interna l  lookahea d search .  I n contrast , 
give n th e sam e knowledge ,  Soa r  (alon g wit h it s defaul t 
knowledge )  wil l  d o exhaustiv e depth-firs t  lookahea d searc h 
unti l  i t  finds  a  solution ,  a t  whic h poin t  i t  wil l  directl y solv e 
th e problem .  Johnson ,  Zhan g an d W a n g (1994 )  hav e pro -
duce d a  modifie d se t  o f  Soa r  defaul t  rule s tha t  enable s Soa r 
t o solv e problem s wit h ver y limite d lookahea d search ,  how -
ever ,  th e psychologica l  validit y o f  thei r  approac h ha s no t 
bee n adequatel y tested . 

I t  i s  importan t  t o understan d tha t  Act-R' s architectura l 
mechanis m fo r  producin g satisficin g behavio r  doe s no t  ap -
pl y outsid e a  singl e rul e selection .  I t  i s  als o unclea r  whethe r 
peopl e actuall y satisfic e a t  th e rul e matchin g leve l  propose d 
by Act-R .  However ,  i t  i s clea r  tha t  peopl e ofte n satisfic e a t  a 
highe r  leve l  b y deliberatel y considerin g an d evaluatin g op -
tion s until ,  a t  som e point ,  the y decid e t o ac t  rathe r  tha n con -
tinu e searching .  A s wit h Soar ,  i t  i s  possibl e t o mode l  thi s 
behavio r  i n Act- R b y deliberatel y evaluatin g declarativ e 
representation s o f  move s an d takin g th e first  m o v e tha t  rise s 
abov e a n acceptanc e threshold ;  however ,  thi s bypasse s Act -
R' s architectura l  suppor t  fo r  satisficing . 

Anderso n ha s als o argue d tha t  Act-R' s conflic t  resolutio n 
mechanis m ca n b e use d t o mode l  speed-accurac y trade-off s 
by alterin g th e threshol d tha t  i t  use s t o decid e whe n t o sto p 
matchin g additiona l  rules .  (Anderson ,  1993 ,  p .  62 )  H o w -
ever ,  thi s als o applie s onl y t o th e selecfio n o f  a  singl e rule , 
not  t o mor e extende d deliberat e decisions .  Thus ,  neithe r 
Soar' s no r  Act-R' s conflic t  resolutio n mechanism s directl y 
suppor t  satisficin g durin g deliberat e search .  Thi s doe s no t 
necessaril y  indicat e a  flaw  wit h eithe r  architecture .  Give n 
th e computationa l  importanc e o f  satisficing ,  i t  seem s likel y 
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tha t  cognitio n develope d t o suppor t  satisficin g behavio r  a t 
many differen t  levels ,  usin g m a n y differen t  mechanisms , 
includin g one s tha t  ar e mor e deliberate . 

Althoug h th e sourc e o f  satisficin g behavio r  i n Soa r  an d 
Act- R ar e somewha t  different ,  a t  present ,  th e evidenc e doe s 
not  appea r  t o favo r  eithe r  one .  Thi s i s i n par t  a  consequenc e 
of  th e generalit y o f  th e evidenc e supportin g satisficin g be -
havior .  M o r e detaile d quantitativ e evidenc e migh t  discrimi -
nat e betwee n th e tw o architectures . 

A secon d bod y o f  evidenc e support s th e us e o f  expecte d 
utilit y  an d instantiatio n tim e i n Act-R' s conflic t  resolutio n 
strategy .  Anderson ,  Kushmerick ,  an d Lebier e (1993 )  showe d 
tha t  th e distributio n o f  a n individual' s choice s fro m amon g a 
set  o f  move s reflect s th e expecte d utilit y  o f  thos e moves . 
Act- R model s probabilisti c  m o v e selectio n b y addin g a  ran -
d o m amoun t  o f  nois e t o th e expecte d utilitie s o f  eac h rul e 
instantiation .  Thi s i s difficul t  t o mode l  i n Soa r  becaus e 
Soar' s contro l  strateg y i s largel y deterministic .  Th e onl y 
exceptio n occur s whe n tw o o r  mor e operator s ar e give n in -
differenc e preference s (whic h i s mean t  t o indicat e tha t  thos e 
operator s ar e equall y  good) ,  i n whic h cas e Soa r  wil l  ran -
doml y selec t  fro m a m o n g th e operators .  I t  i s  possibl e t o us e 
indifferenc e preference s t o implemen t  probabilisti c  operato r 
selection .  Suppos e on e want s t o mode l  a  situatio n i n whic h 
operato r  A  i s twic e a s likel y t o b e chose n a s operato r  B .  B y 
proposin g tw o A  operators ,  on e B  operator ,  an d makin g al l 
of  the m indifferent .  Soa r  wil l  hav e a  2/ 3 chanc e o f  selectin g 
an A  operator ,  bu t  onl y a  1/ 3 chanc e o f  selectin g B . 

Ther e ar e fou r  problem s wit h th e indifferenc e technique . 
First ,  i t  violate s th e semantic s o f  Soar' s indifferenc e prefer -
ence ,  whic h i s suppose d t o mea n tha t  th e operator s ar e 
equall y good .  Second ,  i t  require s on e t o avoi d usin g man y o f 
Soar' s preferences ,  suc h a s thos e tha t  indicat e tha t  on e op -
erato r  i s  bette r  tha n another ,  becaus e usin g suc h preference s 
woul d automaticall y exclud e on e o r  mor e operator s fro m 
consideration .  Third ,  sinc e al l  operator s ar e mad e indiffer -
ent .  Soa r  wil l  neve r  generat e a n operato r  ti e impasse ,  effec -
tivel y bypassin g Soar' s knowledge-base d conflic t  resolutio n 
strateg y fo r  selectin g a m o n g operators .  Finally ,  th e tech -
niqu e mus t  b e augmente d wit h a  theor y o f  learnin g tha t 
shows h o w chunkin g ca n lear n n e w rule s tha t  chang e th e 
distributio n o f  operator s i n a  wa y tha t  reflect s th e operators ' 
expecte d utility .  Give n tha t  Soa r  ca n (theoretically )  lear n 
any productio n tha t  a  programme r  ca n write ,  i t  seem s likel y 
tha t  suc h a  learnin g theor y i s possible ,  bu t  i t  i s  unclea r  h o w 
natura l  o r  psychologicall y vali d th e theor y wil l  be . 

Anderson ,  Kushmerick ,  an d Lebier e (1993 )  als o showe d 
tha t  th e tim e t o selec t  a  rul e correlate s wit h instantiatio n 
time ,  no t  th e numbe r  o f  alternativ e rules .  Thi s implie s tha t 
subject s d o no t  evaluat e al l  availabl e moves ,  bu t  instea d tak e 
th e first  m o v e tha t  exceed s som e threshol d o f  acceptability . 
Thi s i s a  direc t  predictio n o f  Act-R' s satisficin g conflic t 
resolutio n strategy ,  whic h sequentiall y  consider s rules , 
roughl y i n orde r  o f  thei r  likelihoo d o f  bein g needed ,  unti l  i t 
finds  a n acceptabl e one . 

Soar  ca n produc e simila r  behavio r  throug h us e o f  a  delib -
erat e satisficin g techniqu e a s describe d above .  Sinc e thi s 
satisficin g techniqu e ca n selec t  a n operato r  withou t  consid -
erin g al l  operators ,  th e selectio n tim e wil l  depen d o n th e 
tim e neede d t o evaluat e onl y thos e operator s considere d 

befor e on e i s selected .  Thi s i s sufficien t  t o reproduc e th e 
genera l  behavior ,  bu t  i t  i s  unclea r  whethe r  i t  ca n mode l  th e 
detaile d quantitativ e data .  Th e predicte d time s fro m th e Soa r 
and Act- R model s ste m fro m differen t  sources .  T h e Act- R 
model  depend s o n th e instantiatio n tim e fo r  eac h rule , 
wherea s th e Soa r  mode l  depend s o n th e numbe r  o f  decisio n 
cycle s neede d t o evaluat e eac h operator .  I f  w e assum e tha t 
Soar  use s a  simpl e evaluatio n metric ,  the n eac h evaluatio n 
wil l  tak e a  constan t  numbe r  o f  decisio n cycles .  I n contrast , 
rul e instantiatio n latencie s i n Act- R ar e governe d b y th e 
number  o f  condition s i n eac h rule ,  an d i n th e strengt h o f 
eac h rul e an d th e matche d m e m o r y elements . 

Lovet t  an d Anderso n (1996 )  showe d tha t  th e likelihoo d o f 
selectin g a  rul e instantiatio n i s sensitiv e t o th e rule' s histor y 
of  succes s an d distanc e t o goal .  I n general ,  peopl e prefe r 
moves tha t  tak e the m close r  t o th e goa l  an d hav e a  highe r 
likelihoo d o f  success .  I n particular ,  the y showe d tha t  histor y 
and distanc e t o goa l  independentl y affec t  th e likelihoo d o f 
selectin g a  move .  Onc e subject s gai n experienc e wit h a  rule , 
thei r  experienc e wil l  affec t  thei r  likelihoo d o f  selectin g in -
stantiation s o f  tha t  rule ,  regardles s o f  th e rul e instantiation' s 
distanc e t o goal .  Thi s support s Act-R' s assumptio n tha t  his -
tor y i s kep t  wit h eac h rule ,  withou t  regar d fo r  th e contex t  i n 
whic h th e rul e fires. 

Befor e considerin g Act- R 3.0' s explanafio n o f  thes e phe -
nomena,  w e mus t  first  loo k a t  Lovet t  an d Anderson' s ex -
perimenta l  tas k i n detail .  Lovet t  an d Anderso n use d th e 
buildin g stick s tas k (BST )  i n whic h subject s ha d t o buil d a 
stic k o f  a  desire d lengt h b y addin g o r  subtractin g stick s o f 
thre e differen t  lengths .  Fo r  instance ,  give n buildin g stick s o f 
lengt h 1 ,  2 ,  an d 10 ,  an d a  desire d stic k lengt h o f  5 ,  a  subjec t 
coul d solv e th e proble m b y addin g tw o stick s o f  lengt h 2  an d 
on e stic k o f  lengt h 1 .  Alternatively ,  th e subjec t  coul d solv e 
th e proble m b y first  selectin g th e stic k o f  lengt h 10 ,  the n 
subtractin g tw o sfick s o f  lengt h 2  an d on e o f  lengt h 1 .  T h e 
first  solutio n ( 2 - h 2  - h 1  =  5 )  i s calle d th e undershoo t  strat -
egy ,  becaus e th e initia l  stic k selectio n i s les s tha n th e desire d 
length .  Th e secon d solutio n (1 0 -  2  -  2  -  1  =  5 )  i s calle d th e 
overshoo t  strategy ,  becaus e th e initia l  stic k selectio n i s 
longe r  tha n th e desire d length .  I n problem s i n whic h bot h 
strategie s ar e applicable ,  subject s ten d t o selec t  th e strateg y 
tha t  get s the m close r  t o th e desire d length .  I n th e abov e ex -
ample ,  subject s woul d ten d t o selec t  undershoo t  becaus e 5  i s 
close r  t o 2  tha n i t  i s  t o 10 .  Lovet t  an d Anderso n als o showe d 
tha t  th e likelihoo d o f  selectin g a  strateg y wa s influence d b y 
th e magnitud e o f  a  problem' s bias ,  whic h the y define d a s th e 
differenc e betwee n th e distanc e t o goa l  fo r  th e bes t  under -
shoo t  m o v e an d th e distanc e t o goa l  fo r  th e bes t  overshoo t 
move.  I n th e exampl e above ,  th e bia s i s 3  5  =  -2 .  A  nega -
tiv e bia s indicate s a  bia s towar d undershoot ,  wherea s a  posi -
tiv e bia s indicate s overshoot .  A s th e absolut e magnitud e o f 
th e bia s increases ,  s o doe s th e likelihoo d o f  selectin g th e 
correspondin g strategy .  Finally ,  th e probabilit y  tha t  a  strat -
egy wil l  succee d (base d o n it s history )  affect s it s likelihoo d 
of  bein g selecte d regardles s o f  proble m bias .  Althoug h som e 
B ST problem s ca n b e solve d b y eithe r  undershoo t  o r  over -
shoot ,  som e ca n onl y b e solve d b y on e o f  th e strategies . 
Furthermore ,  problem s ca n b e designe d tha t  ar e biase d to -
war d on e strategy ,  bu t  solve d b y th e other . 
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T o mode l  thi s data ,  Lovet t  an d Anderso n (persona l  com -
munication )  hav e propose d a  mode l  tha t  contain s bot h dis -
tance-specifi c  rules ,  whic h includ e a  tes t  fo r  distanc e i n thei r 
conditions ,  an d genera l  rule s whic h appl y regardles s o f  dis -
tance .  Th e mode l  contain s fou r  productio n rules :  closer -
overshoot ,  general-overshoot ,  closer-undershoot ,  an d gen -
eral-undershoot .  Th e closer- x rule s sugges t  x  onl y whe n x 
moves close r  t o th e goa l  tha n th e competin g moves .  Th e 
general- x rule s ar e identica l  t o th e rule s use d i n th e origina l 
model :  the y propos e overshoo t  o r  undershoo t  move s re -
gardles s o f  relativ e distance .  I n initia l  tests ,  thi s mode l  ap -
pear s t o explai n th e phenomena .  Th e computatio n o f  dis -
tanc e fo r  B S T i s assume d t o b e directl y availabl e fro m per -
ception ,  s o sensitivit y t o th e magnitud e o f  th e bia s i s simu -
late d b y addin g perceptua l  noise .  Th e mode l  wil l  initiall y 
ten d t o prefe r  move s accordin g t o th e bias ,  becaus e closer- x 
rule s ar e give n a  highe r  prio r  probabilit y  o f  success ,  reflect -
in g subjects '  pas t  experienc e tha t  similarit y increase s prob -
abilit y  o f  success .  Th e independenc e o f  histor y an d distanc e 
t o goa l  i s  als o achieved ,  becaus e th e mode l  tend s t o us e bot h 
th e general- x an d closer- x rules ,  althoug h initially ,  general- x 
rule s hav e a  lowe r  probabilit y  o f  bein g used .  I f  o n average , 
th e general- x rule s hav e mor e succes s tha n th e closer- x 
rules ,  th e general- x rule s wil l  hav e a  highe r  probabilit y  o f 
bein g selected ,  regardles s o f  distanc e t o goal . 

Modelin g th e independen t  influenc e o f  histor y an d dis -
tanc e t o goa l  present s a  challeng e t o Soar .  Soa r  ca n easil y 
make us e o f  distanc e t o goa l  information ,  however .  Soa r 
doe s no t  automaticall y maintai n histor y o f  succes s informa -
tio n fo r  eac h operator .  O n e coul d progra m Soa r  t o remembe r 
th e numbe r  o f  successe s an d failure s fo r  overshoo t  an d un -
dershoo t  an d the n us e a n operato r  evaluatio n metri c tha t 
combine s distanc e t o goa l  wit h histor y information ;  how -
ever ,  i t  i s  unlikel y tha t  subject s deliberatel y kee p suc h 
counts .  Anothe r  possibilit y  i s  t o us e a  mode l  tha t  attempt s t o 
categoriz e eac h proble m a s a n overshoo t  o r  undershoo t 
problem .  Soar-base d Symboli c Concep t  Acquisitio n (SCA ) 
ca n perfor m suc h a  tas k an d ha s bee n show n t o produc e 
grade d performanc e wit h respec t  t o accurac y an d respons e 
tim e (Mille r  &  Laird ,  1996) .  S C A tend s t o respon d faste r 
and mor e accuratel y t o concept s tha t  ar e simila r  t o fre -
quentl y encountere d concepts .  T o us e S C A ,  on e coul d us e 
eac h B S T proble m an d solutio n a s a  trainin g exampl e fo r 
categor y learning .  N e w problem s ar e solve d b y categorizin g 
th e curren t  proble m usin g th e classificatio n rule s acquire d 
durin g previou s attempts .  Continue d succes s wit h on e strat -
egy wil l  resul t  i n a  numbe r  o f  classificatio n rule s fo r  tha t 
strateg y an d relativel y fe w rule s fo r  th e alternative .  Thus ,  th e 
syste m wil l  b e mor e Hkel y t o classif y ne w example s i n term s 
of  th e successfu l  strategy ,  althoug h thi s depend s o n th e 
similarit y t o previousl y categorize d examples .  O f  course , 
one woul d nee d t o construc t  a  detaile d S C A mode l  o f  B S T 
t o adequatel y evaluat e thi s solution . 

Conclusions 

This comparison of control reveals two problem areas for 
Soar .  I t  i s  difficul t  t o se e h o w Soa r  ca n accoun t  fo r  prob -
abilisti c  m o v e selectio n a s wel l  a s th e independen t  effect s o f 
histor y an d distanc e t o goa l  o n th e likelihoo d o f  selectin g a 

move.  I n contrast ,  Act-R' s contro l  mechanis m appear s t o b e 
wel l  supporte d b y empirica l  data ,  bu t  doe s no t  appea r  t o 
suppor t  th e rang e o f  flexibl e contro l  supporte d b y Soar .  Th e 
compariso n als o reveal s tha t  man y o f  th e justification s fo r 
eac h architecture' s contro l  structure ,  suc h a s flexibl e contro l 
and satisficing ,  ar e jus t  a s easil y handle d b y both . 

Acknowledgments 

I thank the members of the Soar and Act-R research 
communit y fo r  thei r  detaile d comment s o n earlie r  draft s o f 
thi s paper .  Thi s researc h wa s supporte d i n par t  b y grant s 
NOOO14-95-1-024 1 an d NOOO14-96-1-047 2 fro m th e Offic e 
of  Nava l  Research ,  Cognitiv e an d Neura l  Science s an d 
Technolog y Division . 

References 

Anderson, J. R. (1983). The Architecture of Cognition. 
Cambridge :  Harvard . 

Anderson ,  J .  R .  (1990) .  Th e Adaptiv e Characte r  o f  Thought . 
Hillsdale ,  NJ :  Lawrenc e Erlbau m Associates . 

Anderson ,  J .  R .  (1993) .  Rule s o f  th e Mind .  Hillsdale ,  NJ : 
Lawrenc e Erlbau m Associates . 

Anderson ,  J .  R. ,  Kushmerick ,  N. ,  &  Lebiere ,  C .  (1993) . 
Navigatio n an d Conflic t  Resolution .  I n J .  R .  Anderso n 
(Ed.) ,  Rule s o f  th e Min d (pp .  93-119) .  Hillsdale ,  NJ :  Law -
renc e Erlbau m Associates . 

Cooper ,  R. ,  &  Shallice ,  T .  (1995) .  Soa r  an d th e cas e fo r 
unifie d theorie s o f  cognition .  Cognition ,  55 ,  115-149 . 

Johnson ,  T .  R. ,  Zhang ,  J. ,  &  W a n g ,  H .  (1994) .  Bottom-u p 
recognitio n learning :  a  compilation-base d mode l  o f  lim -
ited-lookahea d learning .  I n A .  R a m &  K .  Eisel t  (Eds.) , 
Proceeding s o f  th e Sixteent h Annua l  Conferenc e o f  th e 
Cognitiv e Scienc e Societ y (pp .  469-474) :  Lawrenc e Erl -
bau m Associates . 

Laird ,  J. ,  Rosenbloom ,  P. ,  &  Newell ,  A .  (1986) .  Universa l 
Subgoalin g an d Chunking :  Kluwe r  Academi c Publishers . 

Laird ,  J .  E. ,  Newell ,  A. ,  &  Rosenbloom ,  P .  S .  (1987) . 
S O A R:  A n architectur e fo r  genera l  intelligence .  Artificia l 
Intelligence ,  33 ,  1-64 . 

Lebiere ,  C .  (Jun e 1996) .  Act-R :  A  User s Manua l  [On-line] . 
Available :  ftp://ftp.andrew.cmu.edu/pub/act -
r/ftp/release/beta/ACTR3TXT/Manual.rt f 

Lovett ,  M .  C ,  &  Anderson ,  J .  R .  (1996) .  Histor y o f  succes s 
and curren t  contex t  i n proble m solving :  Combine d influ -
ence s o n operato r  selection .  Cognitiv e Psychology ,  57(2) . 

Miller ,  C .  S. ,  &  Laird ,  J .  E .  (1996) .  Accountin g fo r  grade d 
performanc e withi n a  discret e searc h framework .  Cogni -
tiv e Science ,  20(4) ,  499-537 . 

Nelson ,  G. ,  Lehman ,  J .  F. ,  &  John ,  B .  E .  (1994) .  Integratin g 
cognitiv e capabilitie s i n a  real-tim e task .  Proceeding s o f 
th e Sixteent h Annua l  Conferenc e o f  th e Cognitiv e Scienc e 
Societ y (pp .  658-663) .  Hillsdale ,  NJ :  Lawrenc e Erlbau m 
Associates . 

Newell ,  A .  (1990) .  Unifie d Theorie s o f  Cognition .  Cam-
bridge ,  M A :  Harvar d Universit y Press . 

Newell ,  A. ,  Rosenbloom ,  P .  S. ,  &  Laird ,  J .  E .  (1989) .  Sym -
boli c Architecture s fo r  Cognition .  I n M .  I .  Posne r  (Ed.) , 
Foundation s o f  Cognitiv e Scienc e (pp .  93-131) .  Cam-
bridge ,  M A :  M I T Press . 

348 

ftp://ftp.andrew.cmu.edu/pub/act

	cogsci_1997_343-348

