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Abstrac t 

A mode l  o f  human s playin g th e simpl e gam e o f  Pape r  Roc k 
Scissor s base d o n th e ACT- R architectur e (Anderson ,  1993 ; 
Anderso n &  Lebiere ,  1998 )  i s presented .  Thi s mode l  store s i n 
long-ter m memor y sequence s o f  move s an d attempt s t o 
anticipat e th e opponent' s move s b y retrievin g fro m memor y 
th e mos t  activ e sequence .  Thi s result s i n a  tightly  linke d 
dynamica l  syste m i n whic h eac h playe r  drive s th e pla y o f  it s 
opponent .  Th e performanc e o f  thi s mode l  a s a  functio n o f  th e 
lengt h o f  th e sequence s store d an d th e amoun t  o f  nois e i n th e 
syste m i s investigated ,  an d i s compare d t o th e performanc e o f 
human subjects . 

Introduction 

From the point of view of classical game theory (e.g. von 
N e u m a nn &  Morgenstem ,  1944 ;  Nash ,  1950 ;  Fudenber g & 
Tirole ,  1991) ,  th e simpl e gam e o f  Pape r  Roc k Scissor s 
(PRS)  i s quit e trivial .  Eac h o f  th e thre e possibl e move s i s a s 
goo d a s th e othe r  ones :  Pape r  beat s Rock ,  Roc k beat s 
Scissor s an d Scissor s beat s Paper .  Sinc e th e player s mak e 
thei r  move s simultaneousl y withou t  an y a  prior i  knowledg e 
of  eac h other' s move ,  th e optima l  strateg y i s t o pla y 
randoml y an d thu s guarante e th e expecte d outcom e o f  a  tie . 
However ,  i t  i s  generall y accepte d tha t  gam e theory' s 
optimall y rationa l  strategie s ofte n d o no t  accuratel y describ e 
human behavio r  du e t o th e fac t  tha t  huma n rationalit y i s 
bounde d (Simon ,  1972) .  Also ,  g a m e theor y doe s no t  provid e 
an accoun t  o f  h o w h u m a n player s learn .  Instead ,  huma n 
game player s ar e bes t  viewe d a s cognitivel y limite d learner s 
(Ere v &  Roth ,  1998) . 

As Bracht ,  Lebier e an d Wallac h (1998 )  hav e 
demonstrated ,  A C T - R ca n b e use d t o mode l  h o w strategie s 
ar e applie d b y conceptualizin g th e possibl e move s a s 
productions .  Ther e ar e tw o advantage s t o thi s approach . 
Th e firs t  i s  tha t  A C T - R ha s bee n use d t o mode l  man y 
behaviora l  phenomen a an d thu s i t  integrate s gam e playin g 
int o th e large r  contex t  o f  h u m a n cognition .  Th e secon d i s 
tha t  th e metho d fo r  selectin g betwee n production s i s 
consisten t  wit h th e wa y gam e playin g i s understoo d i n gam e 
theor y an d i n Experimenta l  Economics .  Tha t  is ,  eac h m o v e 
i s associate d wit h a  probabilit y  tha t  reflect s it s utility .  Thus , 

whil e gam e theor y ca n provid e th e optima l  distributio n o f 
th e probabilities ,  A C T - R ca n provid e a  cognitivel y 
justifiabl e accoun t  o f  h o w th e actua l  probabilitie s ar e 
learned . 

However ,  recentl y Wes t  (1998a ,  1998b ,  1999 )  ha s 
provide d a n alternative ,  dynami c system s accoun t  o f  ho w 
simpl e game s ar e played ,  base d o n th e principl e o f 
reciproca l  causation .  Reciproca l  causatio n refer s t o a  stat e 
i n whic h tw o system s ar e couple d togethe r  s o tha t  eac h 
system' s output s ar e affecte d b y th e othe r  system' s behavio r 
(Clark ,  1997 ,  1998) .  Th e importanc e o f  reciproca l  causatio n 
i s tha t  i t  i s ofte n associate d wit h "emergen t  behavior s whos e 
qualit y an d complexit y fa r  exceed s tha t  whic h eithe r 
subsyste m coul d displa y i n isolation "  (Clark ,  1998) .  Th e 
approac h o f  Wes t  (1998a ,  1998b ,  1999 )  i s  base d o n th e 
findings  tha t  human s ar e quit e ba d a t  generatin g rando m 
output s (se e Tune ,  1964 ,  an d Wagenaar ,  197 2 fo r  reviews) , 
but  quit e goo d a t  detectin g sequentia l  dependencie s (e.g . 
Ward ,  1973 ;  Ward ,  Livingston ,  &  Li ,  1988) .  Wes t  (1998a , 
1998b ,  1999 )  assume d tha t  player s attemp t  t o predic t  thei r 
opponent' s nex t  m o v e b y detectin g sequentia l  dependencie s 
i n thei r  opponent' s pas t  move s an d modele d th e proces s 
usin g neura l  networks .  Th e resul t  wa s tha t  th e modele d 
player s wer e i n a  stat e o f  reciproca l  causation ,  i.e .  eac h 
player' s move s wer e determine d b y thei r  opponent' s 
previou s moves . 

Th e reciproca l  causatio n resulte d i n a  chaos-lik e proces s 
tha t  cause d bot h player s t o generat e output s tha t  appeare d 
random .  Thi s resul t  wa s consisten t  wit h th e gam e theor y 
predictio n bu t  i t  wa s contingen t  o n th e player s bein g evenl y 
matche d i n term s o f  h o w man y previou s move s (lags )  the y 
coul d remembe r  (i t  wa s assume d tha t  th e player s coul d onl y 
remember  a  limite d numbe r  o f  lag s bac k o n eac h trial) . 
W h en th e player s wer e unequall y matche d i n term s o f  ho w 
many lag s bac k the y coul d remember ,  th e playe r  wh o coul d 
remember  mor e lag s enjoye d a  systemati c advantage . 
Importantly ,  thi s wa s als o foun d t o b e th e cas e fo r  huma n 
subject s (West ,  1998a ,  1998b ,  1999) . 

Thi s phenomena ,  whic h ca n b e considere d a n emergen t 
propert y o f  th e dynami c interactio n betwee n th e players ,  i s 
ver y difficul t  t o accoun t  fo r  b y treatin g th e move s a s 
production s wit h associated ,  learne d utilit y  values . 
However ,  unlik e th e variou s specialize d model s i n 
Experimenta l  Economics ,  A C T - R i s no t  limite d t o learnin g 
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i n thi s way .  A s Lebier e an d Wallac h (1998 )  hav e 
demonstrated ,  th e declarativ e m e m o r y syste m o f  A C T - R 
can b e use d t o accoun t  fo r  implici t  learnin g task s withou t 
relyin g o n production-base d learning .  I n thi s pape r  w e 
demonstrat e h o w th e neura l  network-lik e qualitie s o f  th e 
A C T - R declarativ e m e m o r y syste m ca n produc e th e sam e 
phenomen a foun d b y Wes t  (1998a ,  1998b ,  1999 )  i n a  ver y 
straightforwar d manner . 

Model 

To emulate the neural network model of West (1998a, 
1998b ,  1999) ,  w e use d a  simplifie d versio n o f  th e A C T - R 
Sequenc e Learnin g Mode l  (Lebier e &  Wallach ,  1998 )  tha t 
operate d b y buildin g chunk s encodin g shor t  sequence s o f 
stimuli .  Fo r  clarity ,  i f  th e mode l  build s sequence s o f  move s 
of  lengt h 3 ,  w e wil l  cal l  i t  a  lag 2 mode l  becaus e i t 
remember s th e previou s tw o move s o f  th e opponen t  i n 
additio n t o it s curren t  move .  Similarly ,  a  lag l  mode l  refer s 
t o sequence s o f  lengt h 2 .  W e wil l  describ e belo w a  lag 2 
model ,  bu t  w e wil l  als o repor t  result s fo r  a  lag l  model . 

ACT- R i s a  goal-directe d architecture .  A t  al l  times ,  th e 
syste m focuse s o n a  singl e goal ,  an d an y productio n mus t 
first  matc h tha t  goa l  befor e firing.  I n thi s model ,  th e curren t 
goal  ca n b e understoo d a s th e player' s workin g memor y 
(Lovett ,  Rede r  &  Lebiere ,  i n press) .  I t  hold s a  numbe r  o f 
th e opponent' s previou s move s i n a  chun k suc h as : 

Goal 
is a PR S 
lag 2 Pape r 
lag l  Roc k 
lag O ni l 

PRS is the type of the goal, and its slots are lag2, lagl and 
lagO' .  Lag O hold s th e opponent' s curren t  mov e ( a valu e o f 
ni l  indicate s tha t  tha t  mov e ha s no t  ye t  bee n played) ,  lag l 
hold s th e opponent' s previou s mov e (Rock )  an d Iag 2 hold s 
th e opponent' s mov e befor e tha t  (Paper) .  Afte r  a  mov e i s 
made an d th e lag O valu e i s filled  in ,  th e goa l  i s  poppe d an d 
becomes a  chun k i n declarativ e memory .  I f  a n identica l 
chun k alread y exists ,  the n tha t  chun k i s reinforce d instea d o f 
creatin g a  copy . 

The mode l  i s compose d o f  thre e productions .  Th e mai n 
production .  Sequenc e Prediction ,  attempt s t o retriev e fro m 
memory a  chun k tha t  encode s a  sequenc e o f  thre e move s 
(L2 ,  LI ,  L )  playe d b y th e opponent ,  th e first  tw o o f  whic h 
matc h th e opponent' s las t  tw o move s (L2 ,  LI) .  The n give n 
th e thir d mov e o f  tha t  sequenc e (L) ,  i t  retrieve s th e mov e 
tha t  beat s i t  (M )  an d play s tha t  mov e (M) . 

Sequence Prediction 
I F n o mov e ha s bee n playe d 

and th e opponen t  las t  playe d move s L 2 an d L I 
and move s L 2 an d L I  ar e usuall y followe d b y mov e L 
and mov e L  i s beate n b y mov e M 

T H EN pla y mov e M 

Thi s correspond s t o tryin g t o anticipat e th e mov e tha t  th e 
opponen t  i s goin g t o mak e give n hi s mos t  recen t  move s an d 
makin g th e mov e tha t  defeat s it .  I f  n o suc h sequenc e o f  th e 
opponent' s move s ca n b e retrieve d fro m memor y (fo r 
example ,  a t  th e star t  o f  th e game) ,  the n th e second 
production .  R a n d o m Guess ,  applies .  I t  simpl y select s a 
move (L )  a t  rando m an d play s th e mov e tha t  defeat s i t  (M) . 

Random Guess 
I F n o mov e ha s bee n playe d 

and mov e L  i s beate n b y mov e M 
T H EN pla y mov e M 

Finally, after the players have each made their move, the 
thir d production ,  Nex t  M o v e ,  applies .  I t  record s th e 
opponent' s mov e (L )  i n th e curren t  goal ,  thu s completin g 
th e opponent' s mos t  recen t  three-mov e sequenc e (L2 ,  LI , 
L) .  I t  the n pop s tha t  goal ,  whic h become s a  chun k i n 
declarativ e memor y (o r  reinforce s a n identica l  chun k i f  i t 
alread y exists) ,  an d focuse s o n a  ne w goa l  whic h contain s 
th e opponent' s tw o mos t  recen t  move s (LI ,  L) . 

Next Move 
I F th e opponen t  ha s playe d mov e L  afte r  move s L 2 an d L I 
T H EN not e mov e L  i n th e curren t  goal ,  po p tha t  goa l  an d 

focu s o n a  ne w goa l  holdin g previou s move s L I  an d L 

The production cycle can then start anew. The crucial 
par t  o f  thi s mode l  i s th e retrieva l  fro m long-ter m declarativ e 
memory i n productio n Sequenc e Predictio n o f  a  chun k 
holdin g th e opponent' s mov e sequenc e matchin g th e curren t 
situation .  Retrieva l  fro m memor y depend s upo n a  chunk' s 
activation .  Anderso n an d Schoole r  (1991 )  reporte d tha t  th e 
odd s o f  a n ite m i n th e environmen t  bein g neede d decreas e 
as a  powe r  functio n o f  it s  pas t  uses .  I n A C T - R ,  th e 
activatio n o f  a  chunk ^  i s interprete d a s th e logarith m o f  th e 
odd s o f  tha t  chun k bein g neede d fro m memory ,  an d thu s 
wil l  b e define d as : 

A =  inXf ; 
7=1 

- d 
(1 ) 

A, '  i s  th e activatio n o f  chun k / ,  n  i s th e tota l  numbe r  o f 
pas t  reference s t o tha t  chunk ,  t j  i s  th e tim e sinc e th e jt h 
referenc e an d d  i s th e deca y rate .  Thi s activatio n equatio n 
incorporate s bot h th e powe r  la w o f  practic e (throug h th e 
summation )  an d powe r  la w deca y (o f  eac h reference) .  Pas t 
reference s refe r  bot h t o chun k creatio n (an d re-creations ) 
and t o retrieval s fro m memory .  I f  th e reference s ar e 
assume d t o b e evenl y distribute d ove r  th e chunk' s pas t 
history ,  the n th e activatio n o f  th e chun k ca n b e simplifie d t o 
b e ^ 

PRS,  lagl ,  lag l  an d lag O ar e arbitrar y name s t o designat e th e 
goal  typ e an d it s slots . 

Strictl y speaking ,  thi s i s  onl y th e base-leve l  activation . 
Additiona l  component s o f  activatio n includ e spreadin g activatio n 
and mismatc h penalties ,  bu t  neithe r  i s relevan t  t o thi s model . 
'  Fo r  efficienc y reasons ,  th e result s reporte d i n th e nex t  sectio n 
correspon d t o model s fo r  whic h Equatio n (2 )  i s  use d instea d o f 
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A,  =  l n (2 ) 

L i s th e lif e o f  th e chunk ,  i.e .  th e lengt h o f  tim e sinc e it s 
creatio n (tj) .  I f  severa l  chunk s satisf y th e condition ,  the n 
th e on e wit h th e highes t  activatio n i s retrieved .  Zero-mea n 
Gaussia n nois e i s adde d t o th e activations ,  whic h make s 
retrieva l  a  probabilisti c  process .  Th e probabilit y  o f 
retrievin g chun k /  a m o n g al l  th e alternative s j  i s  a  functio n 
of  thei r  respectiv e activation s an d th e magnitud e o f  th e 
noise : 

p i i )  = 

V 

J 

^ / 
(3 ) 

f  i s  a  measur e o f  th e nois e proportiona l  t o it s standar d 
deviation'' .  Assumin g tha t  al l  th e chunk s wer e create d 
aroun d th e sam e time ,  i.e .  hav e a  simila r  L ,  the n Equation s 
(2 )  a d (3 )  ca n b e simplifie d t o yield : 

P(i )  = " i 
K 

S ^ f 

(4 ) 

Result s 

We will first describe the behavior of the model playing 
agains t  a n identica l  cop y o f  itself .  T h e mode l  i s a  lag 2 
model  a s describe d i n th e previou s section .  Th e onl y 
paramete r  i s th e nois e magnitud e o f  0.25 .  Thi s paramete r  i s 
take n fro m th e mode l  o f  (Lebiere ,  1998) ,  whic h reflecte d 
stochasticit y i n th e learnin g o f  arithmetic .  Examinin g th e 
differenc e i n scor e acros s trials ,  th e outpu t  resemble s a 
rando m walk ,  wit h possibl e fracta l  properties . 

Lag2 Model Against Itself 

i 
9 
I 
O 
o 
8 
V) 

A nois e valu e r  o f  1  woul d yiel d Luce' s linea r  choic e rul e 
(Luce ,  1959) .  A s Lebier e (1998 )  established ,  th e nois e 
magnitud e t  i s  th e crucia l  paramete r  tha t  determine s th e 
dynamic s o f  th e retrieva l  process .  W h e n f=l ,  th e 
probabilitie s o f  retrieva l  matc h th e distributio n o f  pas t 
references' ,  an d retrieva l  leave s th e statistic s o f  occurrenc e 
unchanged .  Fo r  value s o f  t  large r  tha n 1 ,  th e difference s i n 
pas t  reference s ar e reduced ,  an d retrieva l  become s 
increasingl y random .  Fo r  value s o f  t  smalle r  tha n 1 ,  th e 
syste m become s increasingl y deterministi c i n selectin g th e 
most  activ e chunk .  A  rich-get-riche r  dynamic s develops ,  i n 
whic h th e mos t  activ e chunk s becom e eve n mor e s o an d th e 
les s activ e one s graduall y deca y away . 

Essentially ,  th e mode l  use s th e declarativ e m e m o r y 
syste m o f  A C T - R t o detec t  sequentia l  dependencies .  O f 
course ,  thi s i s onl y th e behavio r  o f  a  singl e cognitiv e syste m 
i n isolation .  Simila r  t o Wes t  (1998a ,  1998b ,  1999) ,  whe n 
tw o o f  thes e system s ar e couple d togethe r  th e resul t  i s  a 
stat e o f  reciproca l  causation .  Thu s th e importan t  questio n 
was whethe r  thi s particula r  couple d syste m woul d produc e 
th e sam e emergen t  patter n o f  behavio r  tha t  Wes t  (1998a , 
1998b ,  1999 )  foun d i n hi s model s an d h u m a n subjects . 

Equatio n (1) .  Ther e wa s littl e indicatio n howeve r  tha t  th e 
simplificatio n altere d i n an y wa y th e behavio r  o f  th e model . 
' '  Formally ,  / = VdaZ/ r  wher e a  i s th e standar d deviation . 
'  Th e phenomeno n o f  reproducin g i n one' s choice s th e 
probabilitie s o f  occurrenc e o f  even u i n th e environmen t  i s know n 
as probability-matchin g (Friedma n e t  al. ,  1964 ;  Myers ,  Fort ,  Katz , 
and Suydam ,  1963) . 

Plo y 

Figur e 1 :  Scor e differentia l  o f  lag 2 mode l  vs .  itsel f 
5 sampl e run s o f  10 0 plays .  M e a n o f  th e 5  run s i n squares . 

The next question was whether an imbalance between the 
player s i n term s o f  workin g m e m o r y woul d produc e a  bia s 
i n favo r  o f  th e playe r  w h o processe d mor e lags . 

Lag2 Model Against Lagi Model 

§• 

O) 
5 

c 
o 
I 
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8 

Pla y 

Figur e 2 :  Scor e differentia l  o f  lag 2 mode l  vs .  lag l  model . 
5 sampl e run s o f  10 0 plays .  M e a n o f  th e 5  run s i n squares . 
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Whil e th e differentia l  i n scor e betwee n th e la g 2  an d lag ] 
model s fluctuate s a s i t  di d betwee n evenl y matche d models , 
th e long-ter m tren d i s clearl y i n favo r  o f  th e mor e powerfu l 
lag 2 model .  Bu t  h o w d o thes e model s compar e t o humans ? 
West  (1998a,  1998b ,  1999 )  foun d tha t  human s pla y 
similarl y t o a  lag 2 mode l  i n tha t  the y ar e abl e t o bea t  a  la g 1 
model .  Followin g thi s approac h w e ha d huma n subject s pla y 
agains t  th e A C T - R lag l  model .  Th e subject s wer e five 
participant s i n th e A C T - R summe r  school. * 

Human Agains t  Lag l  Mode l 

Human Agains t  Lag l  an d Lag 2 Model s 

Pla y 

Figur e 3 :  Scor e differentia l  o f  human s vs .  lag l  model . 
5 sampl e run s o f  10 0 plays .  M e a n o f  th e 5  run s i n squares . 

The results were very similar to West (1998a, 1998b, 
1999 )  an d als o t o th e performanc e o f  th e lag 2 mode l  playin g 
agains t  th e lag l  mode l  (Figur e 2) ,  includin g th e fluctuation s 
i n th e scor e differentia l  an d th e averag e winnin g margi n 
agains t  th e lag l  model .  A n intriguin g featur e i s tha t  i n bot h 
Figure s 2  an d 3  th e superio r  (lag2 )  playe r  initiall y  lose s 
agains t  th e lag l  model ,  the n somewher e betwee n 
approximatel y 2 0 an d 3 0 trial s begin s t o win .  Thi s i s 
consisten t  wit h th e fac t  tha t  th e lag 2 mode l  build s longe r 
chunk s tha n th e lag l  model ,  an d thu s take s longe r  t o 
accumulat e th e prope r  se t  o f  sequences .  Thu s i n thi s rang e 
th e predictio n i s reverse d an d th e lag l  mode l  shoul d 
perfor m bette r  tha n th e lag 2 model .  T o tes t  thi s predictio n 
we ha d 8  huma n subject s fro m th e Universit y o f  Hon g Kon g 
pla y shor t  game s o f  3 0 trial s eac h agains t  bot h a  lag l  mode l 
and a  lag 2 model .  Th e results ,  displaye d i n Figur e 4 ,  sho w 
tha t  earl y o n th e lag l  mode l  i s indee d mor e difficul t  t o bea t 
tha n th e lag 2 model .  A  paire d t-tes t  o n th e scor e difference s 
reveale d tha t  thi s differenc e wa s significan t  a t  P<.001 . 

Human v s La g 2 
Human v s Lag l 

10 20 30 

Pla y 

Figur e 4 ;  Scor e differentia l  o f  human s vs .  lag l  an d lag 2 
model s fo r  3 0 plays .  M e a n o f  eigh t  subjec t  runs . 

While a larger lag is clearly an advantage, what about the 
othe r  variabl e characteristi c o f  ou r  model ,  th e noise ? I f  tw o 
model s hav e th e sam e la g an d identica l  nois e levels ,  the n a s 
we hav e see n the y wil l  pla y evenl y i n th e lon g run .  I f  on e 
model  ha s a  ver y hig h nois e level ,  i t  wil l  pla y randoml y (th e 
game theor y solution )  an d wil l  als o dra w i n th e lon g run . 
Thi s ca n b e a  goo d thin g i f  a  playe r  i s intrinsicall y a t  a 
disadvantage ,  a s whe n a  lag l  mode l  play s a  lag 2 model . 
But  i s randomnes s simpl y a  wa y fo r  a  playe r  t o limi t  it s 
losse s agains t  a  superio r  opponent ? W h a t  i f  bot h network s 
hav e th e sam e la g bu t  differen t  limite d nois e levels ? I s 
nois e a n advantage  o r  a  disadvantage ? Obviousl y th e noisie r 
model  i s les s predictable ,  bu t  i t  i s  als o a  les s powerfu l 
learner ,  slowe r  t o pic k u p o n existin g sequentia l 
dependencies . 

Effec t  o f  Nois e (Lag 2 Agains t  Lag2 ) 

o 
o 
z 
I 

•5 
z 
. c 
5> 
o 
o 

400 

300 

200 

Nois e =  0 
Nois e =  0. 1 
Nois e =  0.2 5 

0. 4 0. 6 

Noise Level 

'  Th e mode l  i s availabl e fo r  playin g o n th e world-wid e we b a t 
http://bkl.psy.cmu.edu/inter/models ? 

Figur e 5 :  Averag e ove r  20 0 run s o f  100 0 play s o f  th e fina l 
differenc e i n scor e betwee n tw o lag 2 model s wit h differen t 

nois e levels . 
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We se e tha t  al l  thing s bein g equa l  a  highe r  nois e leve l  i s 
indee d a n advantage .  Th e advantag e i n differentia l  scor e 
increase s fo r  a  whil e a s th e differenc e i n nois e level s 
increases ,  the n decline s becaus e th e whol e syste m jus t 
become s increasingl y random .  T o furthe r  investigate ,  w e ra n 
a lag 2 mode l  agains t  a  lag l  mode l  a t  variou s nois e levels . 

Effect of Noise (Lag2 Against Logl) 

400 

I 

o 

§ 
51 

-20 0 

-40 0 

Lag 2 Nois e =  0 
Lag 2 Nois e =  0. 1 
Lag 2 nois e =  0.2 5 

u. O 0. 2 0. 4 0. 6 O. i 

Noise Level of Logl Model 

1.0 

Figur e 6 :  Averag e ove r  10 0 run s o f  100 0 play s o f  th e fina l 
differenc e i n scor e betwee n a  lag 2 mode l  an d a  lag l  mode l 

wit h differen t  nois e levels . 

The results show that noise can override the lag factor 
causin g a  lag l  mode l  t o bea t  a  lag l  model .  Thi s wa s 
particularl y tru e whe n th e nois e leve l  o f  th e lag 2 mode l  wa s 
set  t o zer o o r  wa s ver y low . 

Discussion 

By manipulating parameters of the model we were able to 
recreat e th e phenomen a foun d b y Wes t  (1998a ,  1998b , 
1999 )  an d generat e furthe r  prediction s (som e o f  whic h hav e 
yet  t o b e confirme d wit h huma n subjects) .  I t  i s  temptin g t o 
interpre t  ou r  result s i n term s o f  th e individua l  models .  Fo r 
example ,  i n term s o f  ou r  findings  fo r  numbe r  o f  lag s 
processe d an d th e amoun t  o f  noise ,  on e interpretatio n i s tha t 
th e beneficia l  effec t  o f  behavin g les s predictabl y (mor e 
noise )  ca n outweig h th e effect s o f  bein g a  mor e powerfu l 
learne r  (mor e lags) .  However ,  th e pictur e i s potentiall y  mor e 
complex .  W h e n a  mode l  win s i t  doe s s o b y predictin g it s 
opponent' s move s fro m sequentia l  dependencie s presen t  i n 
pas t  behavior .  Th e pas t  behavio r  i s  generate d b y a  reciproca l 
causatio n proces s betwee n th e model s tha t  result s i n a 
chaos-lik e process .  Thi s proces s produce s sequentia l 
dependencie s a s wel l  a s a  rando m wal k quality .  Th e 
proble m i s tha t  i t  i s  ver y difficul t  t o disentangl e th e proces s 
tha t  generate s th e output s fro m th e abilit y  o f  th e winnin g 
networ k t o detec t  sequentia l  dependencies ,  sinc e th e actio n 
of  detectin g sequentia l  dependencie s i s als o par t  o f  th e 
proces s tha t  generate s them .  I f  w e chang e th e wa y th e 
model s detec t  sequentia l  dependencie s w e als o chang e th e 

way th e sequentia l  dependencie s ar e generated .  Thus ,  w e 
cannot ,  a t  thi s point ,  rul e ou t  th e possibilit y  tha t  th e nois e 
facto r  o r  th e la g facto r  m a y operat e b y alterin g th e typ e o f 
sequentia l  dependencie s produce d b y th e system . 

Th e nois e facto r  ca n als o b e understoo d i n anothe r  way . 
Lebier e (1998 )  foun d tha t  randomnes s serve s a  beneficia l 
cognitiv e functio n b y keepin g th e system' s dynamic s fluid 
and thu s preventin g error s fro m becomin g entrenche d facts . 
I n ou r  mode l  th e opponen t  i s  alway s changin g i n respons e t o 
th e histor y o f  th e game .  Fact s ar e a  short-live d phenomeno n 
i n thi s constantl y changin g environment .  Thu s a n injectio n 
of  stochasticit y m a y hav e th e effec t  o f  optimizin g th e 
syste m fo r  thi s environment .  Mo r e generally ,  thi s typ e o f 
environmen t  probabl y provide s a  muc h bette r  replic a o f  th e 
environmen t  i n whic h ou r  cognitiv e syste m evolve d tha n a 
forma l  syste m o f  unchangin g fact s an d rule s suc h a s 
arithmetic . 

The A C T - R mode l  tha t  w e use d ha s man y feature s i n 
c o m m on wit h th e neura l  networ k mode l  o f  Wes t  (1998a , 
1998b .  1999) .  The y bot h wor k b y storin g sequence s o f  th e 
opponent' s move s an d usin g the m t o anticipat e th e 
opponent' s nex t  move .  West' s (1998a ,  1998b ,  1999 )  fixed-
lengt h two-laye r  feedforwar d neura l  networks ,  whos e input s 
ar e th e opponent' s pas t  move s an d whos e outpu t  i s th e 
opponent' s nex t  move ,  correspon d closel y t o th e A C T - R 
model' s chunks ,  whos e slot s holdin g th e opponent' s pas t 
moves ar e prime d durin g m e m o r y retrieva l  an d whos e 
outpu t  i s th e valu e o f  th e slo t  holdin g th e nex t  move .  Also , 
bot h model s resor t  t o a  rando m choic e i n th e cas e o f  tw o 
moves bein g equall y weighted .  However ,  (agai n i n bot h 
models )  th e mai n sourc e o f  randomnes s i s th e chaos-lik e 
effec t  generate d b y couplin g th e network s togethe r  i n a  stat e 
of  reciproca l  causation .  Thi s effec t  i s  als o th e sourc e o f  th e 
sequentia l  dependencies ,  whic h woul d no t  occu r  i f  th e 
proces s wer e base d o n a  trul y rando m process . 

However ,  th e A C T - R mode l  ha s severa l  advantages .  First , 
becaus e A C T - R i s a  unifie d cognitiv e architecture ,  th e 
model  i s mor e informativ e a s t o th e cognitiv e structure s 
involve d i n th e process .  Specifically ,  th e A C T - R mode l 
situate s th e detectio n o f  sequentia l  dependencie s i n 
declarativ e memory ,  whil e th e la g facto r  ca n b e interprete d 
i n term s o f  th e amoun t  o f  workin g memor y (Lovett ,  Rede r 
& Lebiere ,  i n press) .  A C T - R als o allow s fo r  a  principle d 
investigatio n o f  backgroun d rando m noise ,  whic h turn s ou t 
t o b e a n importan t  factor .  Also ,  A C T - R i s capabl e o f 
modelin g mor e comple x games ,  involvin g knowledg e an d 
strategy ,  throug h th e us e o f  productions .  Becaus e thes e 
games als o ofte n involv e a n elemen t  o f  guessing ,  w e 
sugges t  tha t  a  ful l  mode l  o f  gam e playin g wil l  integrat e bot h 
processes .  A C T - R i s importan t  i n thi s respec t  becaus e i t 
provide s a  ready-mad e mode l  o f  h o w t o structur e thi s 
integration . 

The origin s o f  thi s A C T - R mode l  shoul d b e emphasize d 
t o illustrat e th e lac k o f  degree s o f  freedo m i n it s  conception . 
The basi c ide a t o pla y P R S b y storin g fixed-length 
sequence s o f  th e opponent' s move s wa s adopte d fro m Wes t 
(1998a ,  1998b ,  1999) ,  a s wa s th e defaul t  lengt h o f  thos e 
sequences .  Th e ver y simpl e chunk s an d production s use d t o 
implemen t  tha t  ide a wer e take n fro m a n existin g ACT- R 
model  o f  a  seemingl y ver y differen t  paradig m fro m anothe r 
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field.  Th e defaul t  valu e o f  th e onl y parameter ,  th e 
magnitud e o f  th e noise ,  cam e fro m a n ACT- R mode l  o f  a 
separat e phenomenon .  Thos e element s wer e assemble d 
almos t  automaticall y an d provide d a  ver y accurat e mode l  o f 
human playing .  Tha t  i t  happene d o n th e first  try ,  withou t 
any engineerin g o r  paramete r  tuning ,  i s a  demonstratio n o f 
th e predictiv e powe r  o f  unifie d architectures . 

Conclusion 

We proposed a model of human playing for Paper Rock 
Scissors .  Thi s mode l  wa s inspire d b y know n psychologica l 
limitation s an d inclination s instea d o f  th e idea l  strategie s o f 
classica l  gam e theory .  Th e player s wer e viewe d no t  a s 
isolate d cognitiv e entitie s bu t  a s par t  o f  a  dynamica l  syste m 
i n whic h the y constantl y influenc e eac h other' s actions . 
Crucia l  parameter s o f  thi s cognitiv e syste m ar e th e ra w 
power  o f  th e actor s i n term s o f  th e lengt h o f  sequence s tha t 
th e player s ca n proces s an d th e degre e o f  stochasticit y wit h 
whic h the y selec t  thei r  actions .  Thi s mode l  wa s foun d t o 
closel y accoun t  fo r  huma n behavior ,  withou t  th e benefi t  o f 
unexamine d degree s o f  freedo m i n it s knowledg e structure s 
or  parameters . 
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