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M e m o r y fo r  Goals :  A n Architectura l  Perspectiv e 
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Georg e Maso n Universit y 
Fairfax ,  V A 2203 0 

J. Gregory Trafton (trafton@itd.nrl.navy.mil) 
Naval  Researc h Laboratory ,  Cod e 551 3 

455 5 Overloo k Ave. ,  S W 
Washington ,  D C 20375-533 7 

Abstrac t 

The notio n tha t  memor y fo r  goal s i s organize d a s a  stac k i s 
centra l  i n cognitiv e theor y i n tha t  stack s ar e cor e con -
struct s leadin g cognitiv e architectures .  However ,  th e stac k 
over-predict s th e strengt h o f  goa l  memor y an d th e preci -
sio n o f  goa l  selectio n order ,  whil e under-predictin g th e 
maintenanc e cos t  o f  both .  A  bette r  wa y t o stud y memor y 
fo r  goal s i s t o trea t  the m lik e an y othe r  kin d o f  memor y 
element .  Thi s approac h make s accurat e an d well -
constraine d prediction s an d reveal s th e natur e o f  goa l  en -
codin g an d retrieva l  processes .  Th e approac h i s  demon -
strate d i n a n ACT- R mode l  o f  huma n performanc e o n a  ca -
nonica l  goal-base d task ,  th e Towe r  o f  Hanoi .  Th e mode l 
and othe r  consideration s sugges t  tha t  cognitiv e architec -
ture s shoul d enforc e a  two-elemen t  limi t  o n th e dept h o f  th e 
stac k t o dete r  it s us e fo r  storin g tas k goal s whil e preserv -
in g it s us e fo r  attentio n an d learning . 

Introduction 

The abilit y  t o decompos e a  comple x proble m int o subgoal s 
i s t o comple x cognitio n roughl y a s th e opposabl e thum b i s 
t o comple x action .  However ,  despit e a  generatio n o f  researc h 
int o cognitiv e goal-base d processin g strategie s lik e means -
ends analysis ,  an d int o goal-base d processin g i n artificia l 
intelligence ,  w e lac k a n adequat e theor y o f  h o w cognitio n 
manages th e fine-grain  goal s o f  everyda y tasks .  Th e mos t 
c o m m on descriptio n w e hav e i s th e stac k — tha t  is ,  a  dat a 
typ e take n fro m compute r  scienc e an d interprete d a s a  de -
scriptio n o f  cognitiv e processing . 

The stac k i s a n appealin g descriptiv e too l  becaus e i t  ele -
gantl y capture s th e structur e o f  everyda y task s tha t  hav e t o 
be decompose d t o becom e achievabl e (Miller ,  Galanter ,  & 
Pribram ,  1960) .  Fo r  example ,  travelin g t o a  conferenc e m a y 
entai l  takin g a n airplane ,  an d wherea s gettin g t o th e confer -
enc e i s i n som e sens e th e top-leve l  goal ,  gettin g o n th e air -
plan e ha s t o happe n first.  Thu s th e orde r  i n whic h step s ar e 
planne d (conference ,  the n airplane )  i s opposit e th e orde r  i n 
whic h step s ar e execute d (airplane ,  the n conference) .  Thi s i s 
precisel y th e kin d o f  reversa l  supplie d b y a  stack ,  i f  goal s ar e 
pushe d i n th e orde r  the y ar e planne d an d poppe d i n th e orde r 
the y ar e achieve d (Figur e 1) .  Th e theoretica l  inferenc e ha s 
been that ,  becaus e task s ar e ofte n decomposabl e i n thi s way , 
th e huma n cognitiv e architectur e incorporate s a  stac k t o 
suppor t  suc h processing . 

However ,  fro m a  theoretica l  an d empirica l  perspective ,  th e 
stac k i s a n idealize d mode l  o f  m e m o r y fo r  goal s tha t  raise s 

mor e question s tha n i t  answers .  Fo r  example ,  th e stac k im -
plemente d i n th e A C T - R architectur e invite s question s abou t 
reactivity ,  dual-tasking ,  an d m e m o r y fo r  ol d goal s (Anderso n 
& Lebiere ,  1998) .  Th e stac k implemente d i n Soa r  (Newell , 
1990 )  invite s simila r  question s abou t  simila r  issue s (John , 
1996 ;  Rosenbloom ,  Laird ,  &  Newell ,  1988 ;  Y o u n g & 
Lewis ,  i n press) . 

We offe r  a  critica l  analysi s o f  th e stac k a s cognitiv e the -
ory .  Th e suppl y o f  suc h theor y i s limite d essentiall y t o th e 
A C T - R an d Soa r  cognitiv e architectures ,  bu t  i n bot h case s 
th e stac k ha s bee n use d t o mode l  a  broad  rang e o f  goal-base d 
behavior .  Th e rol e o f  th e stac k i s typicall y t o stor e goal s 
associate d wit h th e tas k — tas k goal s — lik e takin g a  flight 
or  attendin g a  conference .  I n bot h architectures ,  stacke d tas k 
goal s ar e immediatel y availabl e fo r  error-fi-e e retrieva l  wit h 
thei r  orde r  preserve d regardles s o f  whe n the y wer e place d o n 
th e stac k an d regardles s o f  h o w m u c h o r  h o w littl e the y wer e 
use d since .  Thes e propertie s m a k e th e stac k a s poo r  a  cogni -
tiv e theor y a s i t  i s  usefu l  a  programmin g construct .  A s a 
theor y i t  mask s strategi c adaptatio n an d variatio n i n goa l 
management  acros s task s an d individuals ,  an d it s usefiilnes s 
as a  programmin g too l  simpl y add s t o th e proble m b y 
temptin g th e analyst .  A  bette r  w a y t o represen t  goal s i s t o 
trea t  the m lik e an y othe r  kin d o f  m e m o r y elemen t  an d the n 
as k wha t  (i f  any )  supportin g processe s ar e necessar y t o ac -
coun t  fo r  h o w peopl e remembe r  them . 

We star t  b y comparin g prediction s o f  th e task-goa l  stac k 
t o evidenc e fro m th e literature .  W e the n presen t  a n A C T - R 
model  o f  th e Towe r  o f  Hanoi ,  a  tas k ofte n take n t o revea l 
th e cognitiv e realit y o f  th e task-goa l  stac k (Anderso n &  Le -
biere ,  1998 ;  Anderson ,  Kushmerick ,  &  Lebiere ,  1993 ;  Ega n 
& Greeno ,  1973) .  Th e mode l  conform s t o ou r  proposa l  t o 
trea t  tas k goal s lik e an y othe r  kin d o f  m e m o r y element ,  an d 
show s tha t  stackin g the m i s no t  necessar y t o accoun t  fo r 
h u m an performance .  Th e mode l  use s ACT-R ' s stac k i n prin -

achiev e an d 

po p 

airplan e 

shuttl e 

airplan e airplan e 

conferenc e conferenc e conferenc e conferenc e 

Figur e 1 :  Pushin g an d poppin g tas k goal s o n a  stack . 
Gettin g t o th e conferenc e mean s flying ,  whic h i n tur n 
means shuttlin g t o th e airport . 
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ciple d way s t o suppor t  encodin g an d retrieva l  processes ,  an d 
goe s beyon d a  previou s A C T - R mode l  t o predic t  error s a s 
wel l  a s response-tim e data .  W e analyz e thi s an d othe r  use s o f 
th e stac k i n A C T - R an d Soa r  t o propos e a  limi t  o f  tw o ele -
ment s a s a n architectura l  constrain t  o n stac k depth . 

The Stack: Predictions and Contradictions 

A stac k i s a n ordere d se t  o f  elements ,  wit h th e elemen t  a t 
on e en d designate d th e top .  Th e onl y operation s define d o n a 
stac k affec t  thi s to p element .  A  ne w elemen t  ca n b e pushe d 
ont o th e stack ,  coverin g th e to p elemen t  an d itsel f  becomin g 
th e top ,  o r  th e to p elemen t  ca n b e poppe d of f  th e stack ,  un -
coverin g th e elemen t  underneat h i t  a s th e ne w to p elemen t 
(Figur e 1). '  Thu s stac k element s ar e ordere d b y age ,  wit h th e 
newes t  elemen t  alway s o n top . 

O ne propert y o f  th e stac k i s tha t  onc e a n elemen t  i s 
pushed ,  i t  remain s o n th e stac k unti l  i t  i s  popped .  I f  th e 
elemen t  i s a  tas k goa l  bein g pushe d ont o a  stac k a s par t  o f  a 
plannin g process ,  the n tha t  goa l  remain s o n th e stac k a s 
lon g a s i t  take s t o accomplis h al l  tas k subgoal s pushe d o n 
to p o f  it .  Thi s i s h o w tas k goal s ar e store d o n th e A C T - R 
stack .  Th e to p goa l  control s th e system' s behavior ,  an d 
when tha t  goa l  i s  popped ,  th e nex t  olde r  on e take s over ,  n o 
matte r  h o w ol d i t  is .  Thus ,  ACT-R ' s stac k predict s tha t 
m e m o ry fo r  ol d goal s i s perfect . 

Empirically ,  however ,  m e m o r y fo r  pendin g goal s (ofte n 
referre d t o a s prospectiv e m e m o r y )  i s generall y variabl e an d 
strategic .  Subjectivel y i t  seem s quit e c o m m o n t o embar k o n 
a simpl e erran d o r  chor e an d midwa y throug h forge t  th e pur -
pose .  I n on e stud y o f  intentions ,  action s t o b e carrie d ou t 
direcd y wer e remembere d bette r  tha n action s t o b e verifie d a s 
carrie d ou t  b y someon e els e (Goschk e &  Kuhl ,  1993) .  A 
stack-base d account ,  i n whic h m e m o r y fo r  goal s i s perfect , 
predict s tha t  m e m o r y shoul d b e a t  ceilin g i n eithe r  case . 

A secon d propert y o f  th e stac k i s tha t  it s  element s ar e or -
dere d last-i n first-out,  o r  L IFO .  I f  thes e element s ar e agai n 
tas k goal s pushe d a s the y aris e durin g planning ,  the n th e 
stac k preserve s tha t  orde r  perfectly ,  i n additio n t o th e ele -
ment s themselves . 

L I F O goa l  selectio n i s no t  a s pervasiv e a s a n architectura l 
stac k migh t  predict .  Fo r  example ,  goa l  selectio n i n arithme -
ti c ca n b e highl y variabl e bot h withi n an d betwee n subjects , 
and th e varianc e i s bette r  explaine d b y idiosyncrati c goa l 
selectio n strategie s tha n b y unifor m L I F O orderin g (Van -
Lehn ,  Ball ,  &  Kowalski ,  1989) .  Similarly ,  goa l  selectio n i n 
mundane task s lik e V C R programmin g i s guide d b y back -
groun d knowledg e an d b y simpl e difference-reductio n strate -
gie s tha t  m a k e extensiv e us e o f  perceptua l  informatio n 
(Gray ,  i n press) .  Finally ,  a  phenomeno n tha t  defie s L I F O 
goa l  selectio n i s post-completio n error ,  fo r  exampl e leavin g 
th e original s i n th e photocopie r  afte r  takin g th e copie s 
(Byrn e &  Bovair ,  1997) .  Makin g copie s i s th e to p leve l  goa l 
and henc e shoul d b e th e first  goa l  pushe d an d th e las t  goa l 

'  Th e po p operatio n i n Soa r  i s generalize d t o allo w poppin g 
any stac k elemen t  alon g wit h al l  newe r  elements .  Thi s let s Soa r 
reac t  t o event s that ,  fo r  example ,  achiev e a n olde r  tas k goa l  an d 
thu s mak e al l  it s  subgoal s o n th e stac k moot .  However ,  thi s 
more flexibl e po p operatio n doe s no t  materiall y  alte r  th e predic -
tion s o f  perfect ,  zero-cos t  memor y fo r  goal s an d goa l  order . 

popped ,  wit h n o stragglers .  Thu s i f  cognitio n ha d a  task -
goal  stack ,  post-completio n erro r  woul d no t  b e th e c o m m o n 
procedura l  erro r  tha t  i t  is . 

A thir d propert y o f  th e stack ,  a t  leas t  a s implemente d i n 
Soar  an d A C T - R ,  i s tha t  i t  deplete s n o resource s direcd y 
affectin g declarativ e memory .  A n elemen t  o n th e stac k re-
quire s neithe r  activatio n no r  activ e maintenanc e t o sta y 
availabl e an d maintai n it s rank .  Thus ,  m e m o r y fo r  goal s i s 
not  onl y perfec t  bu t  free . 

Severa l  studie s sho w tha t  maintainin g goal s i n memor y 
doe s involv e cognitiv e opportunit y cost .  Fo r  example ,  goa l 
management  strategie s tha t  reduc e m e m o r y loa d hav e bee n 
linke d t o performanc e o n Raven' s Progressiv e Matrice s i n 
tha t  bette r  strategie s allo w mor e activatio n t o b e focusse d o n 
th e underlyin g inferenc e tas k (Carpenter ,  Just ,  &  Shell , 
1990) .  Similarly ,  workin g m e m o r y capacit y ha s bee n linke d 
t o goal-selectio n error s i n th e Towe r  o f  Hano i  (Just ,  Carpen -
ter ,  &  Hemphill ,  1996) .  Finally ,  fewe r  post-completio n 
error s occurre d whe n complete d goal s wer e allowe d t o decay , 
suggestin g tha t  activatio n i s a  limite d resourc e tha t  ca n shif t 
among goal s (Byrn e &  Bovair ,  1997) .  Th e traditiona l  task -
goal  stack ,  fo r  exampl e a s foun d i n A C T - R an d Soar ,  sim -
pl y canno t  accoun t  fo r  thes e results . 

I n sum ,  a  variet y o f  evidenc e suggest s tha t  memor y fo r 
pendin g goal s i s strategi c an d effortfu l  rathe r  tha n perfec t  an d 
automatic ,  contradictin g th e stack' s fundamenta l  predictions . 

Storing Task Goals in Memory 

I f  th e analys t  mus t  d o withou t  th e stac k a s a  goa l  store ,  the n 
othe r  storag e mechanism s mus t  provid e whateve r  critica l 
functionalit y i s  lost .  Th e natura l  store s t o conside r  a s substi -
tute s ar e thos e tha t  hol d othe r  kind s o f  declarativ e informa -
tion ,  namel y m e m o r y an d th e environment .  Thes e stores , 
togethe r  wit h supportin g cognitiv e processes ,  woul d hav e t o 
provid e memor y fo r  goal s an d guidanc e fo r  goa l  selection , 
and d o s o a t  reasonabl e cognitiv e cost . 

T o examin e thi s possibility ,  w e modele d huma n perform -
anc e o n a  canonica l  goal-base d task ,  th e Towe r  o f  Hanoi . 
The structur e o f  thi s tas k i s suc h tha t  th e overal l  goa l  (o f 
relocatin g a  towe r  o f  disks )  ha s t o b e recursivel y decompose d 
int o subgoal s (o f  movin g individua l  disks) .  Th e tas k ha s 
bee n widel y studie d an d modeled ,  generall y o n th e assump -
tio n tha t  peopl e manag e thi s decompositio n usin g a  stack . 

Our  startin g poin t  wa s a  mode l  b y Anderso n an d Lebier e 
(1998 )  tha t  use s ACT-R ' s stac k i n traditiona l  fashio n t o 
stor e tas k goals .  Thei r  mode l  (Traditiona l  Goa l  Stack ,  o r 
T G S)  fits  thei r  dat a se t  (Anderso n e t  al. ,  1993 )  remarkabl y 
well ,  wit h R ^  =  .9 9 fo r  respons e time s o n 4-dis k trial s an d 
R^  =  .9 5 fo r  5-dis k trials . 

Our  mode l  (Memor y a s Goa l  Store ,  o r  M A G S)  fits  th e 
same dat a se t  equall y well ,  wit h R ^  =  .9 9 fo r  4-dis k trial s 
and R ^  =  .9 5 fo r  5-dis k trials . 

M A GS als o goe s beyon d T G S t o predic t  errors .  T G S per -
form s ever y tria l  perfectl y i n th e fewes t  possibl e moves , 
whic h i s 1 5 move s fo r  4-dis k trial s an d 3 1 move s fo r  5-dis k 
trials .  I n contrast ,  M A G S veer s of f  th e optima l  pat h du e t o 
nois y retrieva l  o f  tas k goal s fro m memory .  I n Mont e Carl o 
simulation s M A G S predicte d a  mea n o f  18. 0 move s pe r  4 -
dis k tria l  (3. 0 errors )  an d 50. 4 move s pe r  5-dis k tria l  (19. 4 
errors) .  I n th e Anderso n e t  al .  (1993 )  data ,  empirica l  mean s 
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ar e 19. 2 move s pe r  4-dis k tria l  an d 53. 5 move s pe r  5-dis k 
trial ,  bot h withi n 1 0 % o f  ou r  predictions . 

Instea d o f  a  task-goa l  stack ,  M A G S incorporate s com -
monly-recognize d limitation s o n memor y lik e deca y ;ui d 
noise .  Tas k goal s ar e ordinar y memor y element s tha t  hav e t o 
be encode d an d retrieve d i n way s tha t  overcom e thes e hmita -
tions .  Th e processe s tha t  accomplis h thi s goa l  management , 
adopte d fro m a n independently-constructe d memor y mode l 
(Altman n &  Gray ,  1999) ,  accoun t  fo r  response-tim e pattern s 
i n th e dat a set .  Moreover ,  instea d o f  goa l  orde r  bein g retaine d 
internally ,  goa l  selectio n i s guide d b y cue s fro m th e envi -
ronment .  Finally ,  i n additio n t o functionin g withou t  th e 
stack ,  M A G S use s fewe r  free  parameter s tha n TGS. ^ 

Figur e 2  show s response-tim e dat a from  4-dis k trial s 
solve d i n th e fewes t  possibl e moves .  Th e empirica l  dat a 
(soli d ink )  ar e from  Anderso n e t  al .  (1993) ,  an d th e simula -
tio n dat a (dashe d ink )  ar e fro m M A G S.  Ther e ar e severa l 
pattern s i n th e dat a tha t  bot h M A G S an d T G S accoun t  for , 
but  w e focu s o n h o w M A G S account s fo r  th e larg e latenc y 
peak s a t  move s 1 ,  9 ,  an d 13 ,  th e latenc y valley s a t  even -
numbere d moves ,  an d th e smal l  peak s a t  remainin g moves . 

Task Goals in the Tower of Hanoi 

The algorith m use d b y th e Anderso n e t  al .  (1993 )  partici -
pant s combine s th e goal-recursiv e an d perceptua l  strategie s 
describe d b y Simo n (1975) .  Th e algorithm ,  show n i n Figur e 
3,  start s b y focusin g o n th e larges t  out-of-plac e disk ,  whic h 
we refe r  t o a s th e L O O P disk .  Th e L O O P dis k i s  initiall y 
dis k 4  an d rest s o n pe g A  wit h targe t  pe g C .  Th e algorith m 
first  check s whethe r  dis k 3  block s dis k 4 .  (On e dis k block s 
anothe r  i f  i t  i s  smalle r  tha n th e othe r  an d rest s o n th e other' s 

-Empirica l 
— -• — -Simulate d ( M A G S ) 

(sec )  4. 0 

1 7 9 
Move numbe r 

11 13 1 5 

Figur e 2 :  Towe r  o f  Hano i  respons e time s (RTs )  fo r  4 -

dis k problems .  Empirica l  RT s ar e fro m Anderso n an d Le -

bier e (1998 )  an d simulate d RT s ar e fro m th e M A GS model . 

^  Defaul t  value s ar e use d fo r  th e ACT- R parameter s o f  goa l  ac -
tivatio n ( W =  1.0) ,  base-leve l  learnin g { d =  0.5) ,  an d latenc y 
facto r  [ F =  1.0) .  Transien t  activatio n nois e { s =  0.3 )  an d re -
trieva l  threshol d ( t  =  4.0 )  ar e take n fro m a  mode l  o f  a  differen t 
but  relate d goal-managemen t  tas k (Altman n &  Gray ,  1999) , 
alon g wit h th e mechanism s tha t  depen d o n them .  Encodin g tim e 
(18 5 msec )  i s take n fro m ACT- R model s o f  men u scannin g an d 
th e Sperlin g tas k (Anderson ,  Matessa ,  &  Lebiere ,  1998) .  Th e 
one fre e paramete r  i s mov e time ,  whic h w e se t  t o th e sam e valu e 
as th e Anderso n an d Lebier e mode l  (2.1 5 sec) .  Th e mode l  cod e i  s 
availabl e fo r  downloadin g a t  hfac.gmu.edu/people/altmann/toh . 

d 

C ' ^ ^ C 

B 

Figur e 3 :  Planning  a  m o v e i n th e Towe r  o f  Hanoi .  Dis k 

4 mus t  m o v e t o pe g C  (4:C) ,  whic h entail s 3:B ,  whic h 

entail s 2:C ,  whic h entail s 1  : B a s th e move . 

source or target pegs.) Disk 3 blocks disk 4 so it must be 
moved ou t  o f  th e wa y t o pe g B .  Thi s m o v e i s  blocke d b y 
dis k 2 ,  s o dis k 2  mus t  b e move d t o pe g C .  Thi s m o v e i s 
blocke d b y dis k 1 ,  whic h mus t  b e move d t o pe g B  (th e filled 
arro w i n Figur e 3) .  Thus ,  movin g dis k 4  t o pe g C  (whic h 
we designat e 4:C )  entail s a  pla n whos e first  ste p i s 1:B . 

A tas k goa l  i n thi s contex t  i s  a n associatio n betwee n a 
dis k an d a  targe t  peg .  Th e first  tas k goa l  produce d b y th e 
algorith m i s 4:C ,  th e secon d 3:B ,  an d th e thir d 2:C .  Th e 
first  o f  thes e (4:C )  i s  readil y inferre d fro m th e displa y b y 
comparin g th e curren t  stat e o f  th e puzzl e t o th e en d state . 
However ,  th e recursiv e tas k goal s formulate d i n servic e o f 
4: C ar e no t  a s easil y available .  Thes e mus t  b e re-inferre d 
afte r  ever y m o v e usin g th e algorith m o r  the y mus t  b e store d 
i n memor y an d retrieve d a t  th e righ t  time .  Thus ,  fo r  exam -
ple ,  onc e 1: B ha s bee n made ,  th e nex t  m o v e coul d b e in -
ferre d ane w b y focussin g o n dis k 4  again ,  the n o n dis k 3 , 
and the n o n dis k 2 .  Alternatively ,  i f  a  tas k goa l  fo r  2: C ha d 
bee n store d i n memor y durin g th e first  pas s o f  th e algo -
rithm ,  an d i f  tha t  tas k goa l  coul d b e retrieve d now ,  the n a 
secon d pas s coul d b e spared ;  memor y woul d indicat e 2:C . 

The Anderso n an d Lebier e T G S mode l  store s tas k goal s 
on th e A C T - R stack .  Fo r  example ,  th e mode l  pushe s 4:C , 
3:B ,  an d 2: C a s i t  infer s 1:B .  Afte r  makin g 1: B th e mode l 
examine s th e stac k t o se e wha t  m o v e i s o n top .  Th e to p 
m o ve i s 2:C ,  whic h ca n n o w b e made .  I f  th e to p m o v e ha d 
bee n blocke d instead ,  th e mode l  woul d hav e pushe d a  ne w 
goal  t o m o v e th e blockin g disk .  Fo r  example ,  onc e 2: C i s 
made,  3: B (underneat h 2: C o n th e stack )  i s blocke d becaus e 
dis k 1  i s a t  pe g B ,  s o th e mode l  woul d pus h a  goa l  fo r  1:A. ^ 

The M A G S model ,  i n contrast ,  treat s a  tas k goa l  lik e an y 
othe r  memor y element .  Thi s pose s tw o functiona l  chal -
lenges .  First ,  declarativ e m e m o r y element s i n A C T - R ,  o r 
chunks ,  deca y ove r  time .  Thu s a n ol d goal ,  lik e 3: B i n th e 
exampl e above ,  coul d b e difficul t  t o retrieve .  Second ,  whe n 
one goa l  i s  achieve d anothe r  mus t  b e selected .  L I F O orderin g 
i s optima l  fo r  th e Towe r  o f  Hanoi ,  s o withou t  th e stac k a 
usefu l  selectio n orde r  mus t  com e fro m som e othe r  source . 

One o f  th e pattern s i n th e dat a i n Figur e 2  i s  tha t  th e 
peak s a t  move s 1 ,  9 ,  an d 1 3 decreas e i n size .  Thes e peak s 
correspon d t o th e plannin g phas e i n th e M A G S model ,  an d 
th e decreas e i s cause d b y successiv e shortenin g o f  th e plan -

'  Not e tha t  th e retentio n interva l  i s  longe r  fo r  3: 8 tha n i t  i s 
fo r  2:C ,  a t  bot h ends :  3: B i s bot h encode d earlie r  an d retrieve d 
later .  Despit e this ,  bot h goal s ar e equall y availabl e a t  retrieva l 
tim e becaus e th e stac k preserve s the m perfectly . 
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nin g phase .  Fo r  example ,  plannin g m o v e 1  mean s startin g 
wit h dis k 4 ,  wherea s plannin g m o v e 9  mean s startin g wit h 
dis k 3 ,  becaus e dis k 4  i s i n plac e an d ca n b e ignore d fo r  th e 
res t  o f  th e trial .  Wit h on e fewe r  tas k goa l  t o encode ,  plan -
nin g m o v e 9  i s faste r  tha n plannin g m o v e 1 . 

Encoding and Retrieving Task Goals 

Th e first  challeng e i n storin g tas k goal s i n memor y i s t o 
encod e the m s o a s t o resis t  decay .  I n M A G S th e proces s tha t 
accomplishe s thi s i s interleave d wit h th e plannin g algo -
rithm .  Wheneve r  th e mode l  recurse s t o focu s o n a  blockin g 
disk ,  i t  encode s a  tas k goa l  fo r  wher e i t  wante d t o m o v e th e 
blocke d disk .  Th e encodin g proces s strengthen s a  goa l  usin g 
cumulativ e menta l  rehearsa l  t o a  criterio n tha t  anticipate s th e 
retentio n interva l  (Altman n &  Gray ,  1999) .  Thi s proces s 
account s fo r  th e larg e latenc y peak s a t  move s 1,9 ,  an d 1 3 
(Figur e 2) .  O n thes e move s th e mode l  focuse s o n th e L O O P 
dis k an d encode s a  tas k goa l  fo r  tha t  disk ,  the n focuse s o n 
th e blockin g dis k an d encode s a  tas k goa l  fo r  it ,  an d s o on , 
unti l  i t  reache s a  dis k i t  ca n move .  Thes e tas k goal s repre -
sen t  a  pla n tha t  wa s time-consumin g t o encod e i n memory . 

The secon d challeng e t o storin g tas k goal s i n m e m o r y i s 
t o retriev e the m i n a  usefu l  order .  I n th e Towe r  o f  Hanoi , 
perceptua l  cue s affor d th e sam e orderin g informatio n a s th e 
stac k does ,  an d th e M A G S mode l  make s us e o f  thi s informa -
tion .  Fo r  example ,  whe n th e mode l  uncover s a  dis k i t  ask s 
itself ,  Wher e di d I  wan t  t o m o v e th e dis k I  jus t  uncovered ? 
Th e natur e o f  th e tas k i s suc h tha t  simpl e heuristic s lik e thi s 
suffic e t o generat e stack-lik e behavior . 

Thre e simpl e heuristic s produc e optima l  retrieva l  cue s 
fro m perceptua l  information.' *  Th e first  heuristic ,  retrieve -
uncovered ,  applie s whe n a  m o v e uncover s a  dis k o n th e 
sourc e peg ,  an d say s simpl y t o us e th e uncovere d dis k a s a 
cu e (a s describe d above) .  Th e secon d heuristic ,  retrieve -
larger ,  applie s whe n a  m o v e empde s a  pe g instea d o f  uncov -
erin g a  disk .  I t  say s t o us e th e nex t  large r  dis k a s a  cue , 
whereve r  tha t  dis k i s now . 

Th e thir d rule ,  retrieve-next ,  i s  neede d becaus e tas k goal s 
ca n becom e "stale" .  S o m e disk s m o v e mor e tha n onc e whil e 
th e L O O P dis k i s bein g unblocked ,  s o a n ol d tas k goa l  ma y 
indicat e a n obsolet e target .  Fo r  example ,  whe n th e L O O P 
dis k i s 4 ,  disk s 4  an d 3  eac h m o v e once ,  dis k 2  move s 
twice ,  an d dis k 1  move s fou r  time s befor e dis k 4  i s un -
blocked .  Th e mode l  encode s n o tas k goal s fo r  dis k 1 ,  be -
caus e dis k 1  ca n alway s b e moved .  Th e first  tim e dis k 2  i s 

*  Pseudo-production s fo r  th e thre e heuristic s are : 
retrieve-uncovered : 

i f  th e las t  mov e uncovere d a  disk , 
the n retriev e a  tas k goa l  fo r  th e uncovere d disk . 

retrieve-larger : 
i f  th e las t  mov e emptie d th e sourc e peg , 
an d ther e i s a  nex t  large r  disk , 
the n retriev e a  tas k goa l  fo r  th e large r  disk . 

retrieve-next : 
i f  a  tas k goa l  wa s retrieve d fo r  a  disk , 
and i t  say s t o mov e tha t  dis k t o a  peg , 
and th e dis k i s alread y o n tha t  peg , 
and ther e i s a  nex t  large r  disk , 
the n retriev e a  tas k goa l  fo r  th e large r  disk . 

use d a s a  cue ,  it s tas k goa l  indicate s th e correc t  target .  Th e 
secon d time ,  however ,  it s  tas k goa l  incorrectl y indicate s th e 
peg t o whic h dis k 2  wa s move d before .  Retrieve-nex t  recog -
nize s thi s situatio n an d trie s t o retriev e a  tas k goa l  fo r  th e 
nex t  large r  disk . 

W h en th e mode l  retrieve s a  tas k goal ,  i t  make s tha t  mov e 
i f  i t  can .  I f  instea d th e m o v e i s blocked ,  th e mode l  invoke s 
th e plannin g algorith m an d focuse s recursivel y o n th e block -
in g disk .  However ,  th e algorith m take s les s tim e tha n i t 
woul d hav e otherwise ,  becaus e th e cu e dis k i s a  bette r  start -
in g poin t  tha n th e L O O P dis k fo r  inferrin g th e nex t  move . 

S o me move s ca n b e selecte d efficientl y withou t  retrievin g 
goal s fro m memory .  A n admissibl e heuristi c i n th e Towe r 
of  Hano i  i s do n 't-undo ,  whic h produce s a  singl e candidat e fo r 
al l  even-numbere d moves .  A  secon d heuristic ,  one-follows -
two ,  i s  tha t  whe n dis k 2  moves ,  dis k I  shoul d alway s b e 
moved o n to p o f  it .  I n on e closely-studie d Towe r  o f  Hano i 
session ,  th e participan t  use d bot h heuristic s throughou t  de -
spit e bein g a  novic e (VanLehn ,  1991) .  O n thes e ground s w e 
assume tha t  th e Anderso n e t  al .  (1993 )  subject s als o use d 
bot h heuristics ,  an d incorporatin g the m i n ou r  mode l  im -
prove d it s fit  t o th e data .  Don't-und o i s responsibl e fo r  th e 
latenc y valley s a t  even-numbere d moves ,  an d one-follows -
tw o reduce s th e smal l  peak s a t  move s 3 ,  7 ,  an d 1 1 t o les s 
tha n th e smal l  pea k a t  m o v e 5  (Figur e 2) .  Thu s man y 
moves i n th e Towe r  o f  Hano i  ca n b e governe d b y simpl e 
perceptua l  information ,  reducin g th e burde n o n memor y fo r 
goal s an d th e nee d t o posi t  a  mechanis m lik e th e stack . 

Roles for the stack 

Our  analysi s suggest s tha t  a  stac k i s no t  necessar y t o ac -
coun t  fo r  huma n performanc e i n a  canonica l  goal-base d task . 
Thi s undermine s th e traditiona l  rational e fo r  th e architectura l 
stac k i n theorie s lik e Soa r  an d A C T - R ,  raisin g mor e genera l 
question s abou t  th e stack' s rol e i n cognitiv e theory .  W e 
sugges t  tha t  th e stac k ha s severa l  role s t o play ,  bu t  argu e 
tha t  i t  ca n an d shoul d b e constraine d t o gro w n o mor e tha n 
tw o element s hig h a t  ru n time .  Th e argumen t  i s base d o n a 
close r  examinatio n o f  ou r  mode l  an d o f  learnin g mechanism s 
i n bot h architectures . 

Focusing Attention 

M A GS use s th e stac k t o focu s attentio n o n tas k goals .  I n 
A C T - R,  th e construc t  o f  attentio n i s represente d i n par t  a s 
activation ,  whic h affect s th e availabilt y o f  chunk s i n m e m-
ory .  Th e mor e activ e a  chunk ,  th e greate r  th e spee d an d like -
lihoo d o f  it s  retrieva l  (Anderso n &  Lebiere ,  1998) . 

Activatio n i n A C T - R ha s tw o components ,  sourc e activa -
tio n an d base-leve l  activation .  Sourc e activatio n capture s th e 
effec t  o f  context .  Metaphorically ,  sourc e activatio n act s a s a 
spotligh t  o n on e chun k i n memory .  Thi s focussed-o n chunk , 
alway s th e to p chun k o n th e A C T - R stack ,  the n radiate s 
sourc e activatio n t o other ,  relate d chunk s i n memory .  Th e 
lin k throug h whic h sourc e activatio n spreads ,  whic h w e refe r 
t o a s a  cue ,  i s itsel f  a  chun k containe d i n th e focussed-o n an d 
relate d chunks .  Shoul d th e relate d chun k b e th e targe t  o f  a 
retrieval ,  sourc e activatio n i s on e componen t  o f  it s  tota l 
activation .  Th e othe r  componen t  i s th e target' s base-leve l 
activation ,  whic h capture s th e effec t  o f  history .  Base-leve l 
activatio n increase s (strengthens )  wit h us e an d decrease s (de -
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cays )  without .  Nois e i n memor y i s represente d a s transien t 
fluctuatio n i n tota l  activation . 

The nee d t o focu s attentio n arise s becaus e th e amoun t  o f 
sourc e activatio n i s fixed  an d divide d equall y amon g th e cue s 
i n th e focussed-o n chunk .  Thu s th e mor e cue s ther e are ,  th e 
les s effectiv e i s an y on e o f  the m i n activatin g a  give n target . 
The stac k enable s strategi c contro l  ove r  attentio n b y allow -
in g th e syste m t o pus h a  subgoa l  containin g cue s selecte d s o 
tha t  al l  availabl e sourc e activatio n reache s th e target .  Whe n 
retrieva l  succeed s (o r  th e attemp t  i s  abandoned) ,  th e subgoa l 
pops an d th e architectur e restore s th e greate r  contex t  b y refo -
cussin g o n th e olde r  goal .  Th e hypothesi s i s tha t  wit h prepa -
ratio n (creatin g an d pushin g a  subgoal) ,  cognitio n ca n main -
tai n contex t  throug h interval s o f  focusse d attention . 

I n M A G S,  th e nee d t o focu s attentio n arise s becaus e th e 
model  keep s a  variet y o f  stat e informatio n i n th e focussed-o n 
chunk .  Thi s informatio n include s th e sourc e an d targe t  peg s 
of  th e previou s mov e an d th e disk s tha t  wer e covere d an d 
uncovered .  Thi s informatio n interfere s wit h task-goa l  re -
trieva l  b y drawin g sourc e activatio n awa y fro m th e cu e disk . 
To overcom e thi s interference ,  th e mode l  pushe s a  subgoa l 
containin g onl y th e cu e disk ,  whic h the n direct s al l  availabl e 
sourc e activatio n t o th e targe t  tas k goal .  Afte r  retrievin g th e 
tas k goa l  th e mode l  pop s th e retrieva l  subgoal ,  causin g 
A C T - R t o refocu s o n th e chun k belo w i t  o n th e stack .  Thi s 
olde r  chun k contain s th e sam e stat e informatio n i t  di d be -
fore ,  no w augmente d wit h th e targe t  pe g fro m th e tas k goal . 

The encodin g proces s als o need s t o focu s attention ,  be -
caus e i t  need s t o simulat e th e retrieva l  contex t  t o kno w 
when t o stop .  Th e encodin g proces s function s b y strengthen -
in g th e tas k goal' s base-leve l  activation .  T o determin e whe n 
thi s activatio n i s hig h enough ,  th e encodin g proces s pushe s 
a subgoa l  containin g onl y th e retrieva l  cu e an d attempt s a 
retrieval. '  I f  thi s retrieva l  succeeds ,  th e encodin g proces s 
exit s becaus e i t  ha s verifie d tha t  th e tas k goal' s retrieva l  de -
mands ar e likel y t o b e met . 

I n sum ,  ACT-R' s stac k play s a  ke y rol e i n M A G S,  no t 
directl y b y storin g tas k goal s bu t  indirectl y b y supportin g 
th e processe s tha t  encod e an d retriev e them .  Thu s th e stac k 
remain s a  cor e construct ,  bu t  a t  a  finer  grai n o f  analysi s tha n 
it s traditiona l  interpretatio n a s a  theor y o f  memor y fo r  goals . 

Learning 

The stac k play s othe r  role s i n bot h A C T - R an d Soar ,  on e o f 
whic h i s learnin g o f  productions .  Production s specif y a  con -
ditiona l  transformatio n o n th e curren t  focu s o f  attention ,  o r 
state .  Hal f  th e productio n (th e condition )  specifie s th e inpu t 
stat e t o th e transformation ,  an d th e othe r  hal f  (th e action ) 
specifie s th e outpu t  state .  Learnin g a  ne w productio n there -
for e entail s retainin g a  memor y o f  th e inpu t  stat e whil e th e 
outpu t  stat e i s generated .  Th e stac k i s a  natura l  wa y t o im -
plemen t  thi s learning .  Fo r  example .  Soa r  model s ofte n lear n 
by pushin g a  duplicat e o f  th e inpu t  stat e ont o th e stac k an d 
transformin g th e duplicat e int o th e outpu t  state .  W h e n th e 
transformatio n i s done ,  bot h state s ar e availabl e a s blue -
print s fo r  th e ne w production ,  whos e condition s ar e patterne d 

'  Thi s tes t  retrieva l  i s  scale d t o th e siz e o f  th e disk ,  t o mode l 
our  assumptio n tha t  practice d subject s wil l  adap t  t o th e fac t  tha t 
tas k goal s fo r  large r  disk s hav e longe r  retentio n intervals . 

on th e inpu t  stat e an d whos e action s ar e patterne d o n th e 
outpu t  state .  Th e ne w productio n cache s i n on e ste p th e se -
quenc e o f  step s tha t  transforme d th e stat e 

Severa l  learnin g mechanism s i n A C T - R als o mak e us e o f 
th e stack .  First ,  i n declarativ e learnin g a  chun k enter s long -
ter m memor y whe n poppe d of f  th e stack ,  o n th e premis e 
tha t  an y informatio n deliberatel y focusse d o n leave s a  trac e 
i n memory .  Second ,  productio n learnin g i s als o deliberat e i n 
tha t  i t  require s pushing  a  specia l  kin d o f  subgoa l  t o creat e a 
ne w production .  I n bot h cases ,  th e stac k maintain s a  previ -
ous contex t  whil e th e syste m focuse s temporaril y  o n learn -
ing ,  muc h a s th e stac k maintain s a n olde r  contex t  whil e 
M A GS focuse s attention .  Third ,  i n learnin g th e utilit y  o f 
production s A C T - R credit s a  productio n pendin g th e out -
come o f  th e goa l  create d b y tha t  production .  Thi s credi t  as -
signmen t  require s tha t  th e ol d goa l  sta y availabl e ove r  time . 
Fourth ,  th e stac k ha s bee n use d t o contro l  th e association s 
learne d betwee n cue s an d fact s (Anderson  &  Lebiere ,  1998 , 
Ch.  9 )  i n a  manne r  als o relate d t o attentio n focussing . 

A two-hig h stac k suffice s fo r  th e architectura l  learnin g 
processe s outline d above .  T w o state s suppor t  symboli c 
learning ,  an d suppor t  subsymboli c learnin g fo r  on e uni t  o f 
procedura l  knowledg e o r  on e declarativ e associatio n a t  a 
time .  A  two-hig h stac k i s als o sufficien t  fo r  modelin g com -
plex ,  goal-base d behavio r  i n a  rang e o f  domains ,  includin g 
programmin g (Altman n &  John ,  i n press) ,  explorator y 
learnin g (Howe s &  Young ,  1996 ;  Rieman ,  Young ,  & 
Howes,  1996) ,  an d seria l  attentio n (Altman n &  Gray ,  1999) , 
as wel l  a s th e Towe r  o f  Hanoi .  Indeed ,  representatio n deci -
sion s concernin g goal s an d goa l  selectio n ar e simple r  whe n 
ther e i s n o open-ende d choic e fo r  th e analys t  t o mak e abou t 
what  stac k dept h bes t  account s fo r  th e participant' s stat e o f 
min d a t  a  give n instant . 

Conclusion 

The stac k capture s th e means-end s structur e o f  man y tasks , 
but ,  w e argue ,  i s a  poo r  explanaUo n o f  cognitiv e perform -
anc e o n thos e tasks .  I t  over-predict s m e m o r y fo r  goal s an d 
goal  orde r  an d under-predict s th e cos t  o f  encodin g an d re-
trieval .  W e mad e thi s cas e i n par t  wit h referenc e t o dat a o n 
prospectiv e memory ,  goa l  selectio n order ,  an d th e relation -
shi p betwee n goal s an d workin g memory . 

We als o mad e th e cas e wit h a n analysi s o f  th e Towe r  o f 
Hanoi .  Thi s tas k i s traditionall y assume d t o induc e cognitiv e 
goal  stacking ,  an d th e T G S mode l  o f  Anderso n an d Lebier e 
(1998 )  incorporate s thi s premise .  However ,  ou r  M A G S 
model  improve s o n T G S i n severa l  ways .  First ,  i t  disjjense s 
wit h th e task-goa l  stack ,  whic h w e argu e i s cognitivel y im -
plausible ,  whil e achievin g a n equall y goo d fit  t o response -
tim e data .  Second ,  i n plac e o f  th e task-goa l  stac k M A G S 
incorporate s independently-constraine d m e m o r y mechanism s 
(Altman n &  Gray ,  1999) .  Third ,  M A G S goe s beyon d T G S 
t o predic t  error s a s wel l  a s respons e times .  Fourth ,  M A G S 
use s fewe r  free  parameter s a t  th e subsymboli c level .  M A G S 
thu s offer s a n accurate ,  well-constrained ,  an d broa d accoun t 
of  empirica l  data ,  increasin g ou r  confidenc e tha t  performanc e 
i n th e Towe r  o f  Hano i  reflect s th e realit y o f  memor y an d 
attentio n rathe r  tha n th e realit y o f  th e task-goa l  stack . 

The us e o f  perceptua l  cue s i n M A G S i s congruen t  wit h 
routin e us e o f  suc h cue s i n behavio r  tha t  appear s plan-lik e t o 
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th e observe r  (Suchman ,  1987 ;  Vera ,  i n press) .  I t  als o pre -
dict s tha t  task s wil l  b e muc h mor e difficul t  whe n goa l  orde r 
i s relevan t  bu t  perceptua l  cue s t o orde r  ar e no t  available .  I n 
suc h situation s goa l  orde r  mus t  b e explicitl y  encode d i n 
memory,  requirin g mor e tim e an d possibl y th e knowledg e 
and technique s underlyin g skille d memor y (Ericsso n & 
Kintsch ,  1995) .  I f  selectio n orde r  i s no t  relevant ,  the n selec -
tio n shoul d b e guide d b y factor s lik e th e recenc y an d fre-
quenc y wit h whic h pendin g goal s wer e checke d o r  rehearsed . 

Whereas th e stac k i s a  poo r  theor y o f  memor y fo r  tas k 
goals ,  a  limite d stac k i s a  natura l  basi s fo r  sub-theorie s o f 
attentio n an d learning .  Moreover ,  a  limi t  o f  tw o element s 
has prove n no t  onl y workabl e bu t  parsimoniou s i n severa l 
model s o f  goal-base d behavior ,  an d thu s ma y b e appropriat e 
t o enforc e i n cognitiv e architecture s lik e ACT- R an d Soar . 

Cognitio n ma y o f  cours e stil l  provid e specialized ,  stack -
lik e suppor t  fo r  means-end s processin g unde r  circumstance s 
tha t  w e hav e no t  anticipated .  I n favo r  o f  thi s view ,  on e coul d 
argu e tha t  memor y ha s likel y adapte d t o th e means-end s 
structur e o f  th e environmen t  a s i t  ha s adapte d t o th e structur e 
of  th e environmen t  i n othe r  way s (Anderson ,  1990) .  I t  re -
main s fo r  futur e researc h t o identif y contro l  processe s o r 
memory subsystem s tha t  functio n lik e a  stac k unde r  appro -
priat e circumstances ,  o r  t o ad d t o th e evidenc e tha t  pendin g 
goal s ar e store d i n memor y lik e an y othe r  information . 
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