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Abstrac t 

This paper addresses three hypotheses concerning the proce-
dural/declarativ e distinction :  1 )  Procedura l  an d declarativ e 
knowledg e speed-u p a s separate ,  bu t  parallel ,  powe r  curves ;  2 ) 
Procedura l  knowledg e operate s i n on e directio n only—fro m 
conditio n t o action—wherea s declarativ e knowledg e ca n b e 
cued b y an y o f  it s elements ;  an d 3 )  Declarativ e knowledg e i s 
active—i t  ca n resul t  i n behavio r  independen t  o f  procedura l 
knowledge .  Th e pape r  present s a  singl e Act- R mode l  tha t 
closel y fits  th e dat a o f  tw o learnin g an d transfe r  experiment s 
conducte d b y Rabinowit z an d Goldber g (1995) .  Th e mode l 
provide s a  goo d fit  t o th e data ,  furthe r  validatin g Act- R a s a 
model  o f  th e huma n cognitiv e architecture .  I n addition ,  th e 
model  show s tha t  th e tw o experiment s canno t  b e use d t o argu e 
tha t  declarativ e knowledg e ca n b e retrieve d withou t  an y inter -
venin g procedura l  knowledge . 

Introduction 

Recent  result s sugges t  tha t  th e retrieva l  o f  declarativ e knowl -
edge an d th e applicatio n o f  procedura l  knowledg e spee d u p 
as separat e powe r  law s o f  practic e (se e VanLehn ,  199 6 fo r  a 
review) .  I n othe r  words ,  th e tim e t o retriev e a  declarativ e 
memory elemen t  speed s u p a s a  powe r  functio n o f  th e num -
ber  o f  retrievals ,  wherea s th e tim e t o appl y a  procedur e 
speed s u p a s a  powe r  functio n o f  th e numbe r  o f  applications . 
Anothe r  se t  o f  result s indicate s tha t  procedura l  knowledg e 
operate s i n on e directio n only—fro m conditio n t o action — 
wherea s declarativ e knowledg e ca n b e cue d b y an y o f  it s  ele -
ment s (Anderson ,  1993) . 

Rabinowit z an d Goldber g (1995 )  conducte d tw o experi -
ment s tha t  nicel y illustrat e thes e phenomena .  Thes e experi -
ment s us e a  learnin g an d transfe r  paradig m t o examin e 
learnin g o f  declarativ e an d procedura l  knowledge ,  an d thei r 
differen t  retrieva l  characteristics .  I n addition ,  the y use d th e 
result s t o argu e tha t  declarativ e knowledg e i s active—i t  ca n 
resul t  i n behavio r  independen t  o f  procedura l  knowledge . 
Furthermor e the y argue d tha t  Act- R (Anderson ,  1993 )  coul d 
not  accoun t  fo r  thes e findings,  becaus e it s declarativ e m e m-
or y i s iner t  an d ca n b e retrieve d onl y i n th e servic e o f  a  pro -
ductio n rule . 

Thi s pape r  present s a  singl e Act- R mode l  tha t  account s fo r 

th e dat a i n th e tw o Rabinowit z an d Goldber g experiments .  I n 
addition ,  th e pape r  present s protoco l  result s fro m a  ne w 
experimen t  designe d t o furthe r  tes t  th e assumption s o f  th e 
experiment s an d th e model .  Trafto n (1996 )  ha s describe d a n 
Act- R mode l  fo r  on e o f  Rabinowit z an d Goldberg' s experi -
ments ,  bu t  a  bigge r  challeng e i s t o construc t  a  singl e Act- R 
model  tha t  ca n accoun t  fo r  th e result s fro m bot h experi -
ments . 

Rabinowitz and Goldberg's Experiments 

Bot h experiment s use d a n alphabe t  arithmeti c task ,  whic h 
consist s o f  problem s o f  th e for m letter ]  +  numbe r  =  letter! , 
wher e letter !  i s  numbe r  letter s afte r  lette r  1 .  Fo r  example , 
A + 2 = ? i s C ,  becaus e C  i s 2  letter s afte r  A . 

I n Experimen t  1 ,  on e grou p o f  participant s (th e consisten t 
group )  receive d trainin g o n 1 2 differen t  alphabe t  additio n 
problem s tha t  wer e repeate d fo r  3 6 blocks .  Anothe r  grou p o f 
participant s (th e varie d group )  receive d trainin g o n 7 2 differ -
ent  problem s tha t  wer e repeate d fo r  6  blocks .  Th e problem s 
use d addend s fro m 1  t o 6 .  Consisten t  problem s ha d tw o 
occurrence s o f  eac h addend ,  wherea s varie d problem s ha d 
12 occurrences . 

I n th e transfe r  phase ,  bot h group s receive d 1 2 ne w addi -
tio n problems ,  repeate d 3  times .  Rabinowit z an d Goldber g 
reasone d tha t  durin g trainin g th e consisten t  grou p woul d 
quickl y acquir e declarativ e knowledg e o f  th e answer s an d 
switc h t o retrieval ,  wherea s th e varie d grou p woul d continu e 
t o coun t  u p th e alphabet .  Thu s th e consisten t  grou p woul d 
get  a  lo t  o f  practic e a t  retrievin g th e answer s t o th e sam e 1 2 
problems ,  bu t  relativel y littl e practic e o n th e procedura l 
knowledg e neede d t o coun t  u p th e alphabet .  I n contrast ,  th e 
varie d grou p woul d receiv e littl e o r  n o practic e retrievin g 
declarativ e knowledge ,  bu t  a  grea t  dea l  o f  practic e countin g 
up th e alphabet .  W h e n transferre d t o th e 1 2 ne w additio n 
problems ,  th e consisten t  grou p shoul d rever t  t o countin g u p 
th e alphabet ,  resultin g i n a  dramati c decreas e i n speed .  H o w -
ever ,  th e varie d grou p shoul d sho w perfec t  transfe r  fro m th e 
trainin g problem s t o th e ne w problems . 

Th e trainin g result s ar e show n i n Figur e 1 .  Eac h poin t  o n 
th e grap h i s th e mea n o f  th e media n respons e time s fo r  al l 
subject s o n a  bloc k o f  1 2 problems .  Th e differen t  asymptote s 
suppor t  th e assertio n tha t  varie d participant s practice d proce -
dura l  knowledge ,  wherea s consisten t  participant s practice d 
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Figur e 1 :  Observe d an d predicte d mea n respons e time s durin g alphabe t  arithmeti c trainin g a s a  functio n o f  trainin g 
grou p an d practic e block .  Observe d dat a replotte d from  Rabinowit z an d Goldber g (1995) . 

retrieval . 
Th e transfe r  result s suppor t  th e prediction s (se e Figur e 2) : 

th e varie d grou p showe d perfec t  transfe r  (fro m 246 3 m s t o 
242 7 m s ) ,  bu t  th e consisten t  grou p showe d considerabl e 
slo w d o w n (fro m 129 4 m s t o 285 8 ms) . 

Althoug h Experimen t  1  support s th e predictions ,  i t  i s  als o 
consisten t  wit h a  procedural-onl y long-ter m store .  Th e con -
sisten t  subject s migh t  hav e acquire d problem-specifi c  proce -
dura l  knowledg e tha t  directl y produce s th e answe r  t o eac h 
problem .  Fo r  example ,  knowledg e o f  th e for m "I f  proble m i s 
A + 2 ,  the n typ e C. "  Sinc e thi s knowledg e i s specifi c  t o th e 1 2 
trainin g problems ,  i t  woul d no t  hav e helpe d th e participant s 
durin g th e transfe r  phase .  Thi s issu e i s  examine d i n 
Rabinowit z an d Goldberg' s secon d experiment . 

Th e secon d experimen t  attempt s t o determin e whethe r 
consisten t  trainin g lead s t o specifi c  procedura l  knowledge , 
or  t o declarativ e knowledge .  I t  i s  base d o n th e hypothesi s 
tha t  declarativ e an d procedura l  knowledg e hav e differen t 
retrieva l  characteristics .  Declarativ e knowledg e i s though t  t o 
be subjec t  t o symmetri c retrieval ,  meanin g tha t  an y par t  o f  a 
declarativ e m e m o r y elemen t  ca n ac t  a s a  cu e fo r  th e retrieva l 
of  tha t  element .  Procedura l  knowledg e i s though t  t o b e sub -
jec t  t o symmetri c access ,  meanin g tha t  a  procedur e operate s 
i n onl y on e direction :  fro m conditio n t o action . 

Trainin g i n Experimen t  2  wa s identica l  t o Experimen t  1 , 
however ,  i n th e transfe r  phase ,  bot h group s wer e give n 1 2 
subtractio n problem s repeate d 3  times .  A  subtractio n prob -
le m i s o f  th e for m letter l  numbe r  -  letter! .  Fo r  example , 
C-2=A .  Th e 1 2 subtractio n problem s wer e inverte d version s 
of  th e additio n problem s tha t  bot h group s ha d see n durin g 
training .  I f  th e consisten t  grou p acquire s declarativ e knowl -

edg e o f  th e additio n problems ,  th e participant s i n thi s grou p 
shoul d b e abl e t o solv e th e subtractio n problem s b y retriev -
in g an d invertin g additio n problems .  However ,  i f  thi s grou p 
has acquire d problem-specifi c  procedura l  knowledge ,  the y 
wil l  nee d t o develo p a  ne w procedur e fo r  countin g dow n th e 
alphabet ,  a s wil l  th e varie d participants—wh o presumabl y 
strengthe n thei r  procedura l  knowledg e durin g training . 

Trainin g result s ar e simila r  t o thos e fo r  Experimen t  1 .  Th e 
transfe r  result s ar e consisten t  wit h th e predictions :  th e varie d 
grou p require s considerabl y mor e tim e tha n th e consisten t 
grou p (se e Figur e 3) .  Th e consisten t  grou p wen t  fro m H O C 
ms t o 455 7 ms ,  wherea s th e varie d grou p wen t  fro m 250 0 m s 
t o 768 9 ms . 

Take n together ,  Experiment s 1  an d 2  suppor t  th e speed-u p 
of  bot h declarativ e knowledg e retrieva l  an d procedura l 
knowledg e application ,  a s wel l  a s symmetri c acces s t o 
declarativ e knowledg e an d asymmetri c acces s t o procedura l 
knowledge . 

An Act-R Model 

Act- R (Anderson ,  1993 )  seem s wel l  suite d fo r  modelin g 
thes e results ,  becaus e i t  contain s procedura l  an d declarativ e 
long-ter m stores ,  alon g wit h learnin g mechanism s tha t  alte r 
th e spee d o f  element s i n th e tw o store s a s a  functio n o f  expe -
rience .  Suc h a  mode l  wil l  serv e thre e purposes .  First ,  i t  wil l 
act  a s a n additiona l  tes t  fo r  severa l  o f  Act-R' s theoretica l 
assumptions .  Second ,  althoug h eac h o f  Act-R' s mechanism s 
has bee n teste d i n isolation ,  thi s mode l  wil l  tes t  th e interac -
tio n o f  severa l  mechanisms .  Third ,  th e mode l  wil l  provid e a n 
explici t  accoun t  o f  declarativ e an d procedura l  learnin g an d 
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Figur e 2 :  M e a n respons e time s fo r  Experimen t  1  a s a 
functio n o f  tas k an d group . 

transfe r  tha t  migh t  the n b e use d t o analyz e a  wid e rang e o f 
more comple x cognitiv e tasks .  Th e mode l  presente d her e 
uses Act- R 4. 0 (Anderso n &  Lebiere ,  i n press) . 

The alphabe t  arithmeti c mode l  ha s thre e mai n productio n 
rule s fo r  th e mai n goa l  (se e Tabl e 1) .  R E T R I E V E - P L U S -
R E S U LT attempt s t o solv e a n additio n proble m b y retrievin g 
a fac t  fro m declarativ e memor y tha t  matche s th e problem , 
but  als o contain s th e answer .  I f  successful ,  i t  use s th e 
retrieve d answe r  a s th e solution .  R E T R I E V E - M I N U S -
R E S U LT attempt s t o solv e a  subtractio n proble m b y retriev -
in g a n additio n declarativ e memor y elemen t  ( D M E )  tha t  i s 
th e invers e o f  th e subtractio n problem .  I n othe r  words ,  i f  th e 
curren t  proble m i s C-2=? ,  thi s rul e wil l  attemp t  t o retriev e a 
fac t  o f  th e for m lette r  +  2  =  C .  S U B G O A L - C O U NT create s a 
subgoa l  t o solv e th e curren t  proble m b y countin g u p o r  dow n 
th e alphabet . 

Table 1: The English version of the model's main production 
rules . 

Retrieve-Plus-Resul t 

I F th e goa l  i s t o d o a n alphabe t  A D D I T I O N arithmeti c 
proble m o f  th e for m letter !  +  numbe r  = ,  bu t  th e answe r 
has no t  bee n determined,  an d ther e i s a  fac t  i n memor y 
statin g tha t  lette r  1  +  numbe r  =  letter 2 

T H EN not e letter 2 a s th e answe r 

Retrieve-Minus-Resul t 

I F th e goa l  i s t o d o a n alphabe t  S U B T R A C T I ON arith -
meti c proble m o f  th e for m letter !  -  numbe r  - ,  bu t  th e 
answer  ha s no t  bee n determined,  an d ther e i s a  fac t  i n 
memory statin g tha t  letter 2 -i -  numbe r  =  letter ! 

T H EN not e letter 2 a s th e answe r 

Subgoal-Coun t 

I F th e goa l  i s t o d o a n alphabe t  arithmeti c problem ,  bu t  th e 
answer  ha s no t  bee n determine d 

T H EN se t  a  subgoa l  t o comput e th e answe r  b y countin g 

The mode l  first  trie s t o retriev e a n answe r  b y usin g th e 
appropriat e retrieva l  rule .  I f  th e retrieva l  fails ,  the n S U B -
G O A L - C O U NT wil l  fire  t o creat e th e computatio n subgoal . 

The mode l  switche s fro m computatio n t o retrieva l  b y 
acquirin g declarativ e representation s o f  problem s tha t  i t  ha s 
solved .  W h e n th e mode l  begin s t o solv e problem s i t  wil l  no t 
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Figur e 3 :  M e a n respons e time s fo r  Experimen t  2  a s a 
functio n o f  tas k an d group . 

hav e an y D M E s t o retrieve ,  s o i t  wil l  alway s us e S U B -
G O A L - C O U N T.  However ,  eac h tim e i t  solve s a  problem ,  i t 
automaticall y remember s th e proble m an d solutio n a s a 
D M E.  Thes e D M E s ar e the n availabl e fo r  recal l  i n futur e tri -
als .  Detail s o f  thi s memorizatio n proces s ar e give n below . 

The computatio n subgoa l  work s b y countin g eithe r  u p o r 
down th e alphabet .  I t  use s a  se t  o f  declarativ e m e m o r y ele -
ment s tha t  represen t  th e alphabe t  usin g th e chunks : 

ABCD EF G HIJ K LMNOP QRS TU V W X YZ 
Each chun k i s a  D M E containin g u p t o five  letter s an d a 

pointe r  t o thf e nex t  chunk . 
The subgoa l  contain s 2 6 rule s tha t  implemen t  countin g 

forwar d an d backwar d throug h th e alphabet .  T o d o this ,  i t 
must  first  retriev e th e alphabe t  chun k tha t  contain s th e start -
in g lette r  (e.g. ,  A  fo r  A-i-2=?) .  Nex t  i t  step s forwar d alon g th e 
chun k unti l  i t  finds  th e startin g letter .  Finally ,  i t  count s alon g 
th e alphabe t  (eithe r  forwar d o r  backward )  th e require d num -
ber  o f  letters .  I f  i t  reache s a  chun k boundary ,  i t  mus t  retriev e 
eithe r  th e nex t  o r  previou s chun k befor e continuin g th e 
count . 

The subgoa l  automaticall y produce s a  declarativ e m e m o r y 
trac e o f  th e proble m an d it s solution .  Goal s i n Act- R ar e 
D M Es tha t  hav e bee n pushe d ont o th e goa l  stack .  Yo u ca n 
thin k o f  a  goa l  a s problem-specifi c  workin g memory , 
becaus e i t  encode s th e problem ,  th e solution ,  an d possibl y 
intermediat e results .  W h e n th e subgoa l  i s  achieved ,  a  rul e 
pop s th e goa l  of f  o f  Act-R' s goa l  stack ,  bu t  th e goa l  remain s 
i n declarativ e memor y a s a  D M E representin g th e proble m 
and it s solution . 

Th e mode l  use s thre e o f  Act-R' s mechanisms :  base-leve l 
learning ,  whic h speeds  u p acces s t o commonl y retrieve d 
D M E s,  strengt h learning ,  whic h speed s u p rule s tha t  ar e 
commonl y used ,  an d th e m e m o r y retrieva l  threshold ,  whic h 
prevent s th e retrieva l  o f  D M E s belo w a  specifie d activation . 

To understan d h o w thes e mechanism s produc e th e speed -
up an d transfe r  show n i n th e data ,  yo u mus t  first  understan d 
h o w Act- R predict s latencies .  Th e tota l  tim e fo r  a  tria l  i n 
Act- R i s th e su m o f  th e time s neede d t o fir e eac h productio n 
rul e durin g tha t  trial .  Th e tim e t o fir e a  rul e i s th e su m o f  th e 
tim e neede d t o retriev e th e D M E s i t  matche s plu s th e tim e t o 
execut e th e rule' s action .  Th e tim e t o retriev e a  D M E i s 
inversel y proportiona l  t o D M E activatio n an d productio n 
strength : 
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t i  =  F e 
-f(A ,  +  S J 

Equatio n 1 

Here ,  F  an d f  ar e constants .  A ,  i s  th e activatio n o f  D M E / , 

and S p i s th e strengt h o f  productio n p . 

Th e activatio n o f  a  D M E i s th e su m o f  it s  bas e leve l  acti -
vatio n an d th e spreadin g activatio n fro m othe r  D M E s : 

Ai  =  B ,  +  XWjS j i Equatio n 2 

J 
wher e B i  i s  th e bas e leve l  activation ,  W.  i s th e sourc e activa -

tio n o f  D M E J ,  an d 5, ,  i s  th e strengt h o f  associatio n from ;  t o 

i .  A  singl e uni t  o f  sourc e activatio n i s divide d amon g al l 
D M Es tha t  fill  slot s o f  th e curren t  goal .  Fo r  th e presen t 
model ,  thi s mean s tha t  element s o f  th e curren t  proble m (i.e. , 
th e letter ,  operator ,  an d number )  wil l  sprea d activatio n t o 
D M Es representin g pas t  solutions .  Fo r  example ,  i f  th e cur -
ren t  goa l  i s  t o solv e A + 2 ,  the n A  wil l  sprea d activatio n t o al l 
D M Es o f  previou s problem s tha t  contai n A  eithe r  a s th e first 
lette r  o r  a s th e answer .  Th e sam e i s tru e fo r  th e operato r  an d 
th e number .  Hence ,  th e D M E tha t  represent s th e pas t  solu -
tio n t o th e curren t  proble m wil l  receiv e activatio n fro m al l 
thre e element s an d will ,  mos t  likely ,  b e th e mos t  activ e 

DME. 
Th e bas e leve l  activatio n o f  a  D M E reflect s th e lo g prio r 

odd s tha t  th e D M E wil l  b e matche d b y a  productio n rule . 
Act- R assume s tha t  thes e odd s increas e a s a  functio n o f  us e 
and decreas e a s a  functio n o f  delay .  Thi s i s give n b y th e opti -
mize d base-leve l  learnin g equation : 

-d x 

B .  = I n 
n L 

1- d + P Equatio n 3 

wher e P  represent s th e initia l  base-level ,  d  i s th e deca y rate , 
L i s th e tim e sinc e th e D M E wa s created ,  an d n  i s th e numbe r 
of  time s th e D M E ha s bee n used . 

Th e us e coun t  o f  a  D M E i s incremente d wheneve r  th e 
D ME i s matche d b y a  rul e o r  whe n a  duplicat e D M E i s cre -
ated .  A s note d above ,  w h e n a  goa l  i s  poppe d fro m th e stac k i t 
remain s i n declarativ e memory .  However ,  i f  Act- R detect s 
tha t  a  newl y create d D M E i s identica l  t o a n existin g D M E , 
the n i t  destroy s th e n e w D M E an d increment s th e us e coun t 
of  th e ol d D M E .  Thi s increase s th e D M E ' s chance s o f  recal l 
i n futur e trials . 

A D M E tha t  matche s a  rule' s conditio n wil l  b e success -
full y retrieve d wheneve r  it s activatio n exceed s th e globa l 
retrieva l  threshold .  W h e n a  D M E i s first  created ,  it s base -
leve l  activatio n i s se t  t o a  bas e leve l  constan t  plu s a  perma -
nent  activatio n noise . 

We ca n n o w se e h o w th e mode l  migh t  lear n t o retriev e 
declarativ e trace s i n th e consisten t  trainin g condition ,  bu t  no t 
i n th e varie d trainin g condition .  I n th e consisten t  condition , 
th e mode l  i s expose d t o eac h proble m 3 6 times .  Thes e fre -
quen t  exposure s boos t  th e base-leve l  activatio n o f  th e m e m-
or y traces ,  allowin g th e retrieva l  rule s t o directl y recal l  th e 
solutions .  I n contrast ,  i n th e varie d conditio n th e mode l  i s 
expose d t o eac h proble m onl y si x times .  I n addition ,  th e var -
ie d conditio n take s longe r  becaus e th e first  7 2 trial s ca n onl y 
be solve d b y counting .  I n th e consisten t  conditio n ther e i s a 
chanc e o f  recallin g on e o r  mor e answer s afte r  th e first  1 2 tri -

als .  Eve n i f  w e assum e tha t  bot h condition s ca n b e don e i n 
th e sam e amoun t  o f  time ,  Equatio n 3  predict s majo r  differ -

ence s i n final  base-leve l  activations . 
The speed-u p o f  participant s i n th e consisten t  conditio n i s 

predicte d b y Equatio n 1 ,  whic h predict s tha t  retrieva l  latenc y 
i s inversel y proportiona l  t o activatio n an d rul e strength . 
Withou t  considerin g rul e strengt h w e ca n se e tha t  a n increas e 
i n D M E activatio n wil l  lea d t o lowe r  predicte d retrieva l 
time s an d henc e lowe r  tria l  time s i n th e consisten t  condition . 

The mode l  predict s tha t  speed-u p i n th e varie d conditio n 
and par t  o f  th e spee d u p i n th e consisten t  conditio n i s du e t o 
speed-u p o f  procedura l  knowledge .  A s discusse d earlie r  i n 
thi s section ,  Act- R assume s tha t  th e latenc y o f  a  rul e applica -
tio n i s inversel y proportiona l  t o it s strengt h an d th e activa -

tio n o f  th e D M E s tha t  i t  matche s (se e th e discussio n 
surroundin g Equation s 1  an d 2) .  Rul e strengt h i s governe d 
by th e sam e equatio n tha t  govern s base-leve l  learnin g (Equa -
tio n 3 )  excep t  tha t  L  i s th e tim e sinc e th e rul e wa s created ,  d 
i s a  separat e strengt h deca y constant ,  an d n  i s th e numbe r  o f 
time s th e rul e ha s bee n fired . 

Strengt h learning ,  combine d wit h th e latenc y equation s 
(Equation s 1  an d 2) ,  predic t  th e speed-u p i n th e varie d condi -
tio n an d w h y varie d trainin g produce s perfec t  transfe r  t o ne w 
additio n problems ,  wherea s consisten t  trainin g show s n o 
transfer .  I n th e varie d condition ,  th e mode l  receive s a  lo t  o f 
practic e usin g th e rule s fo r  countin g u p th e alphabe t  an d 
thes e sam e rule s ar e als o use d i n transfer .  I n contrast ,  whe n 
th e mode l  i s  give n consisten t  training ,  i t  learn s t o retriev e th e 
answer s t o th e 1 2 problems ,  so  i t  rarel y use s th e countin g 
rules .  Onc e th e mode l  reache s th e transfe r  phas e i t  mus t 
begi n t o us e th e countin g rule s again ,  bu t  thei r  strength s wil l 
be eithe r  a t  o r  belo w thei r  initia l  values ,  producin g th e dra -
mati c slowdow n observe d i n th e data . 

The mode l  als o account s fo r  th e subtractio n transfe r 
results .  I n th e consisten t  condition ,  th e mode l  acquire s an d 
strengthen s D M E s representin g eac h proble m an d it s solu -
tion .  W h e n transferre d t o subtraction ,  thes e D M E s hav e a 
hig h enoug h activatio n t o b e retrieve d an d inverte d b y 
R E T R I E V E - M I N U S - R E S U L T.  Th e mode l  predict s tha t  per -
formanc e wil l  b e slowe r  tha n a t  th e en d o f  training ,  becaus e 
i t  ha s no t  ye t  strengthene d R E T R I E V E - M I N U S - R E S U L T I n 
contrast ,  whe n th e mode l  i s i n th e varie d trainin g condition , 
th e D M E s rarel y becom e activ e enoug h t o retrieve ,  s o the y 
ar e no t  availabl e durin g transfer .  Althoug h th e mode l  ha s 
strengthene d it s rule s fo r  countin g u p th e alphabet ,  ver y fe w 
of  thes e rule s ar e use d t o coun t  down ,  s o th e mode l  mus t  us e 
countin g d o w n rule s tha t  hav e no t  ye t  bee n used ,  an d henc e 
ar e muc h slowe r  t o fire. 

Th e abov e discussio n illustrate s h o w th e mode l  ca n mak e 
th e righ t  qualitativ e predictions .  Th e remainde r  o f  thi s sec -
tio n discusse s th e quantitativ e prediction s an d thei r  fit  t o th e 
observe d data . 

Four  parameter s wer e estimate d t o fit  th e mode l  t o th e 
data .  Thes e wer e th e base-leve l  learnin g deca y paramete r  ( d 
i n Equatio n 3) ,  productio n strengt h deca y parameter , 
retrieva l  threshold ,  an d permanen t  activatio n noise .  Thes e 
fou r  parameter s ar e critica l  t o fitting  th e data .  Th e rul e 
strengt h deca y paramete r  affect s th e learnin g rat e o f  proce -
dura l  knowledge .  Th e interactio n o f  th e retrieva l  threshol d 

534 



wit h th e thre e othe r  parameter s determine s th e amoun t  o f 
practic e neede d befor e th e mode l  ca n switc h fro m computa -
tio n t o retrieval .  T o fit  th e data ,  thes e parameter s mus t  b e se t 
so tha t  consisten t  trainin g lead s th e mode l  t o reU-icv c th e 
answers ,  wherea s varie d trainin g lead s th e mode l  t o continu e 
t o comput e th e answers .  I n addition ,  th e parameter s mus t 
als o produc e th e right  learnin g curve s fo r  th e tw o conditions . 

The fit  reporte d her e wa s obtaine d wit h base-leve l  learnin g 
deca y se t  t o .7 ,  strengt h deca y se t  t o .5 ,  retrieva l  threshol d se t 
t o .55 ,  an d permanen t  activatio n nois e varianc e se t  t o .15 .  I n 
addition ,  th e tota l  tim e t o rea d th e proble m an d typ e a  lette r 
was estimate d a t  a  constan t  1.2 5 sec .  Thi s define s th e lowe r 
boun d o f  th e model' s respons e times .  T o reflec t  familiarit y 
wit h th e alphabet ,  al l  alphabe t  D M E s wer e give n initia l  base -
leve l  activation s o f  .974 ,  reflectin g 10 0 use s i n th e las t  100 0 
seconds .  Productio n rul e strength s wer e initiall y  se t  t o .486 , 
reflectin g 2 5 use s i n th e pas t  100 0 seconds .  Al l  othe r  param -
eter s use d th e defaul t  Act- R 4. 0 values . 

The model' s prediction s fo r  th e trainin g phas e i n Experi -
ment  1  ar e show n i n Figur e 1  alon g wit h th e observe d data . 
The mode l  prediction s wer e produce d b y simulatin g 1 5 sub -
ject s i n eac h condition .  Th e sam e mode l  an d paramete r  val -

ues wer e use d fo r  bot h conditions .  Th e R ^  fo r  th e consisten t 
conditio n wa s .8 9 an d fo r  th e varie d conditio n .78 .  Thi s i s 
prett y goo d considerin g tha t  tw o differen t  group s o f  subject s 
wer e modele d usin g th e sam e parameters .  I n addition ,  th e 
model  capture s th e qualitativ e trend s i n th e data—consisten t 
simulation s ge t  m u c h faste r  tha n varie d simulations . 

The transfe r  result s ar e show n i n Figure s 2  an d 3 .  Th e 
model  closel y fits  th e quantitativ e an d qualitativ e result s fo r 
alphabe t  additio n transfer :  consisten t  trainin g lead s t o a  larg e 
slo w d o w n i n th e transfe r  phase ,  wherea s varie d trainin g 
result s i n perfec t  transfer .  Th e subtractio n transfe r  simulatio n 
matche s th e qualitativ e results ,  bu t  not  th e quantitativ e ones : 
consisten t  trainin g lead s t o bette r  performanc e o n subtractio n 
tha n doe s varie d training ,  but  th e mode l  underestimate s th e 
latenc y o f  subU-actio n problems . 

The poo r  fit  o f  th e mode l  t o th e quantitativ e subtractio n 
dat a fo r  th e varie d conditio n i s eas y t o fix .  I t  i s  possibl e t o 
increas e th e tim e t o comput e a  subtractio n proble m answe r 
by eithe r  decreasin g th e strengt h o f  th e subtractio n countin g 
rule s o r  b y switchin g t o a  differen t  techniqu e t o solv e th e 
problems .  A  decreas e i n th e rules '  strength s i s justifiabl e 
becaus e mos t  peopl e rarel y nee d t o recit e th e alphabe t  back -
wards .  However ,  i t  i s  als o possibl e tha t  peopl e us e a  differen t 
strategy ,  suc h a s guessin g a n answe r  an d the n countin g for -
war d t o se e i f  i t  i s  th e right  one .  Th e nex t  sectio n furthe r 
explore s thi s issue . 

The poo r  matc h t o th e subtractio n latenc y i n th e consisten t 
conditio n i s m u c h mor e puzzling .  Specifically ,  w h y d o th e 
participant s nee d ove r  4  second s t o solv e eac h problem ? I f 
the y ar e reall y recallin g a n alphabe t  additio n proble m an d 
invertin g it ,  the n the y shoul d b e close r  t o th e predicte d times , 
but  instea d thei r  time s ar e mor e tha n doubl e th e predictions . 
One possibilit y  i s  tha t  onl y a  subse t  o f  varie d participant s 
actuall y switche d t o retrieval ,  wherea s th e remainde r  use d 
computation .  Thi s hypothesi s i s furthe r  explore d i n th e nex t 
section . 

The model' s goo d fit  t o th e dat a show s tha t  activ e declara -

tiv e knowledg e i s not  neede d t o accoun t  fo r  th e results .  Thus , 
th e tw o experiment s d o no t  discriminat e betwee n declarativ e 
knowledg e bein g iner t  o r  active .  However ,  i t  i s  possibl e tha t 
protoco l  dat a migh t  provid e evidenc e concernin g thi s issue . 

Protocol Analysis 

To bette r  understan d th e strategie s tha t  peopl e us e fo r  alpha -
bet  arithmetic ,  particularl y wit h respec t  t o subtraction ,  a 
varian t  o f  Rabinowit z an d Goldberg' s Experimen t  2  wa s ru n 
at  Th e Ohi o Stat e University .  Participant s wer e 4 2 under -
graduat e student s w h o receive d cours e credi t  fo r  thei r  effort . 
Th e mai n chang e t o th e experimen t  wa s tha t  participant s 
wer e require d t o answe r  a  questionnair e tha t  aske d the m t o 
describ e th e strategie s the y use d t o solv e th e problem s dur -
in g trainin g an d the n durin g transfer . 

Th e analysi s considere d th e thre e issue s discusse d a t  th e 
end o f  th e las t  section :  1 )  strategie s fo r  computin g subtrac -
tio n answers ;  2 )  whethe r  onl y a  subse t  o f  consisten t  trainin g 
participant s use d retrieva l  i n th e subtractio n transfe r  phase ; 
and 3 )  iner t  versu s activ e declarativ e knowledge . 

Thre e mai n strategie s wer e mentione d durin g th e trainin g 
phase :  countin g only ,  countin g plu s recall ,  an d computin g (i n 
an unspecifie d w a y )  plu s recall .  M a n y mor e strategie s wer e 
mentione d i n th e transfe r  phase :  countin g backward s only , 
recal l  an d inversio n only ,  countin g backward s o r  computin g 
initiall y  the n switchin g t o recal l  an d inversion ,  generat e an d 
test ,  an d a  mixtur e o f  countin g bac k an d generat e an d test . 
Tabl e 2  show s th e percentag e o f  participant s i n eac h cate -
gory .  Th e result s clearl y suppor t  th e assumptio n tha t  varie d 
trainin g lead s t o mor e counting ,  wherea s consisten t  trainin g 
lead s t o direc t  retrieval .  9 5 % o f  th e participant s i n th e con -
sisten t  grou p reporte d usin g recal l  durin g training ,  versu s 
onl y 3 2 % o f  thos e i n th e varie d condition .  Mos t  participant s 
i n th e varie d grou p (68% )  reporte d tha t  the y use d onl y count -
in g throughou t  th e entir e trainin g phase ,  i n contras t  t o onl y 
5 % o f  participant s i n th e consisten t  group . 

Th e transfe r  protoco l  result s ar e consisten t  wit h th e 
hypothesi s tha t  varie d trainin g lead s t o strengthene d asym -
metricall y accessibl e procedura l  knowledg e fo r  countin g up , 
wherea s consisten t  trainin g lead s t o symmetricall y accessi -
bl e declarativ e knowledge .  7 0 % o f  th e consisten t  grou p 
reporte d recallin g an d invertin g th e additio n problems ,  ver -
sus onl y 5 % o f  th e varie d group .  Likewise ,  onl y 1 5 % o f  th e 
consisten t  grou p reporte d countin g bac k only ,  versu s 3 6 % o f 
th e varie d group .  Anothe r  1 8 % o f  th e varie d grou p use d th e 
generat e an d tes t  strategy . 

Thes e result s hel p clarif y th e model' s problem s o f  under -
estimatin g th e difficult y o f  subtraction .  First ,  the y sho w tha t 
at  leas t  1 5 % o f  th e consisten t  grou p use d computatio n 
instea d o f  recall ,  offerin g a  possibl e explanatio n fo r  th e 
highe r  tha n predicte d respons e time s fo r  thi s grou p o n th e 
transfe r  task .  Second ,  th e result s indicat e tha t  th e model' s 
strateg y o f  countin g backwar d i s consisten t  wit h th e majorit y 
of  participant s i n th e varie d group ,  bu t  tha t  th e mode l  i s sim -
pl y underestimatin g th e tim e require d t o coun t  back .  I n fact , 
tw o participant s w h o use d generat e an d test ,  mentione d tha t 
the y switche d t o thi s metho d becaus e countin g bac k wa s to o 
difficult . 
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Tabl e 2 :  Reporte d strateg y us e base d o n trainin g grou p an d 
task . 

Trainin g 

Countin g onl y 

Count  +  Recal l 

Compute +  Recal l 

IVansfe r 

Countin g bac k onl y 

Recal l  an d Inver t 

Count  bac k the n 

recal l  an d inver t 

Compute the n Recal l 

and Inver t 

Generat e an d Tes t 

Count  bac k +  Gener -

at e an d Tes t 

Othe r 

Not  codabl e 

Conditio n 

Consisten t 

( n =  20 ) 

5%(1) 
80 % (16 ) 

15 % (3 ) 

15 % (3 ) 

60 % (12 ) 

5 % (1 ) 

5 % (1 ) 

5%(1) 

0 % 

5 % (1 ) 

5%(1) 

Varie d 

( n =  22 ) 

6 8 % (15 ) 

3 2 % (7 ) 

0 % 

3 6 % (8 ) 

5 % (1 ) 

0 % 

0 % 

1 8 % (4 ) 

9 % (2 ) 

5 % (1 ) 

2 7 % (6 ) 

The protoco l  dat a provide s littl e evidenc e o f  whethe r 
declarativ e knowledg e i s iner t  o r  active .  Onl y 1 0 % o f  th e 
consisten t  grou p mentione d computin g th e answer s t o a  fe w 
subtractio n problem s befor e recognizin g the m a s inverte d 
additio n problems .  Fo r  thes e tw o subjects ,  i t  seem s tha t 
switchin g t o recal l  an d inversio n wa s a  consciou s activit y 
tha t  require d a n initia l  recognitio n step .  I f  declarativ e mem-
or y i s trul y active ,  th e answer s t o th e subtractio n problem s 
shoul d com e t o min d immediately ,  withou t  a  consciou s rec -
ognitio n process .  Althoug h thes e result s ar e inconclusive , 
the y d o sugges t  tha t  a  follow-u p stud y usin g concurren t  ver -
bal  protocol s durin g th e transfe r  phas e migh t  resolv e thi s 
issue . 

Conclusion 

Thi s pape r  ha s thre e mai n results .  Th e first  i s  tha t  th e suc -
cessfu l  fit  o f  th e mode l  t o th e alphabe t  arithmeti c result s 
shows tha t  th e tw o experiment s fai l  t o discriminat e betwee n 
activ e o r  iner t  declarativ e memory .  Declarativ e memor y i n 
Act- R i s inert—i t  ca n onl y b e retrieve d i n th e servic e o f  a 
productio n rule .  Althoug h th e protoco l  dat a provide d littl e 
insigh t  int o thi s issue ,  i t  doe s sugges t  tha t  som e kin d o f  rec -
ognitio n proces s i s neede d befor e som e participant s ca n 
switc h t o recal l  an d inversion .  Recen t  wor k o n feeling-of -
knowin g (i.e. ,  th e feelin g tha t  yo u kno w a n answe r  t o a  prob -
lem )  provide s som e suppor t  fo r  thi s view .  Schunn ,  e t  al . 

(1997 )  hav e show n tha t  feeling-of-knowin g i s base d o n simi -

larit y  o f  th e proble m t o previousl y see n problems ,  no t  o n th e 
availabilit y  o f  a n answe r  t o th e problem .  Sinc e subtractio n 
problem s ar e s o differen t  fro m th e inverte d additio n prob -
lems ,  i t  seem s likel y tha t  solvin g on e o r  tw o subtractio n 
problem s migh t  lea d t o a  feelin g o f  knowin g base d o n simi -
larit y betwee n th e solve d subtractio n proble m an d previousl y 

seen additio n problems .  Thi s feeling-of-knowin g migh t  the n 
prompt  a  perso n t o consciousl y explor e th e similarities . 

Second ,  th e model' s successfu l  fit  t o th e dat a an d th e pro -
toco l  result s provid e additiona l  suppor t  fo r  separat e declara -

tiv e an d procedura l  long-ter m memor y stores .  I n addition , 
th e mode l  als o show s tha t  th e separat e strengthenin g o f  pro -
cedura l  an d declarativ e knowledg e ca n produc e th e observe d 
results . 

Third ,  th e pape r  show s tha t  Act- R i s sufficien t  t o captur e 
bot h th e qualitativ e an d quantitativ e detail s  o f  th e acquisitio n 
and transfe r  o f  procedura l  an d declarativ e memory .  Mor e 
importantly ,  th e mode l  show s tha t  severa l  Act- R mecha -
nism s workin g togethe r  ca n predic t  whethe r  trainin g wil l 
lea d t o procedura l  strengthenin g o r  th e recal l  o f  declarativ e 
knowledge . 
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