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Abstrac t 

When solvers have more than one strategy available for a 
give n problem ,  the y mus t  mak e a  selection .  A s the y selec t 
and us e differen t  strategies ,  solver s ca n lear n th e strength s 
and weaknesse s o f  each .  W e stud y ho w solver s lear n abou t 
th e relativ e succes s rate s o f  tw o strategie s i n th e Buildin g 
Stick s Tas k an d wha t  influenc e thi s learnin g ha s o n late r 
strateg y selections .  A  theor y o f  ho w peopl e lear n fro m an d 
make suc h selection s i n a n adaptiv e wa y i s par t  o f  th e ACT- R 
architectur e (Anderson ,  1993) .  W e develo p a  computationa l 
model  withi n A C T - R tha t  predict s individua l  subjects ' 
selection s base d o n thei r  historie s o f  succes s an d failure .  Th e 
model  fit s th e selectio n behavio r  o f  tw o subgroup s o f 
subjects :  thos e wh o selec t  eac h strateg y accordin g t o it s 
probabilit y o f  succes s an d thos e wh o selec t  th e mor e 
successfu l  strateg y exclusively .  W e relat e thes e result s t o 
probabilit y  matching ,  a  robus t  findin g i n th e probability -
learnin g literatur e tha t  occur s whe n peopl e selec t  a  respons e 
(e.g. ,  gues s head s vs .  tails )  a  proportio n o f  th e tim e equa l  t o 
th e probabilit y  tha t  th e correspondin g even t  occur s (e.g. ,  th e 
coi n come s u p head s vs .  tails) . 

Introduction 

People often have multiple strategies available for 
approachin g a  give n problem ,  bu t  the y mus t  selec t  jus t 
on e strateg y t o apply .  M u c h researc h o n thi s selectio n 
proces s ha s focuse d o n th e influenc e o f  proble m features — 
h o w th e "looks "  o f  a  proble m ca n influenc e wha t  strateg y 
solver s choos e t o appl y t o i t  (e.g. ,  A twoo d e t  al. ,  1980 ; 
Reder  &  Ritter ,  1992 ;  Siegle r  &  Shipley ,  1995) .  Anothe r 
influenc e o n strateg y selection ,  however ,  i s th e knowledg e 
solver s hav e learne d abou t  th e strategie s themselve s (e.g. , 
ho w successfu l  differen t  strategie s ar e o r  h o w costl y the y 
ar e t o apply) .  I t  i s  clea r  that ,  al l  els e bein g equal ,  solver s 
shoul d ten d t o selec t  a  strateg y tha t  i s mor e successful , 
les s costly ,  etc .  tha n th e others ,  bu t  littl e i s know n abou t 
h o w solver s actuall y represen t  an d us e suc h strateg y 
information .  I n thi s paper ,  w e describ e a  detailed , 
quantitativ e stud y o f  h o w solvers '  historie s o f  succes s 
wit h differen t  strategie s impac t  selection . 

Whil e thi s focu s ha s no t  receive d muc h attentio n i n th e 
problem-solvin g literature ,  th e influenc e o f  succes s rate s 
on a n analogou s selectio n tas k has .  Thi s i s  th e two -
choic e selectio n tas k studie d i n probability-learnin g 
experiment s (e.g. ,  Estes ,  1964 ;  Humphreys ,  1939 ;  Jones , 
1971) .  Th e basi c paradig m o f  thes e experiment s i s t o as k 
subject s t o predic t  whic h o f  tw o outcome s wil l  occu r 
(e.g. ,  a  coi n comin g u p head s o r  tails) ,  wher e on e 
outcom e (say ,  heads )  ha s probabilit y p  an d th e othe r  (tails ) 

has probabilit y  \-p .  I n thes e experiments ,  th e succes s rat e 
p i s  varie d withi n o r  betwee n subjects ,  an d selectio n 
tendencie s (e.g. ,  guessin g head s vs .  tails )  ar e studie d a s a 
functio n o f  p .  A  c o m m o n finding  i s that ,  wit h multipl e 
trials ,  subject s exhibi t  probabilit y  matching—the y selec t 
eac h respons e a  proportio n o f  th e tim e equa l  t o it s 
probabilit y o f  occurrin g (Estes ,  1964) .  Fo r  example ,  i f 
head s come s u p wit h probabilit y  0.8 ,  subject s wil l  ten d t o 
gues s head s 0. 8 o f  th e time .  (Notic e tha t  thi s doe s no t 
maximiz e one' s expecte d numbe r  o f  correc t  guesses. ) 

M a ny model s hav e bee n develope d tha t  predic t 
probabilit y  matchin g i n suc h contextuall y spars e 
situation s (Atkinso n &  Estes ,  1963 ;  Gluc k &  Bower , 
1988 ;  Lordahl ,  1970) .  A n interestin g question ,  however , 
i s  whethe r  peopl e wil l  exhibi t  probabilit y  matchin g whe n 
th e selectio n tas k i s embedde d i n th e large r  contex t  o f 
solvin g a  problem .  O n e migh t  expec t  tha t  th e learnin g 
m e c h a n i s m underlyin g probabilit y  matchin g i s 
fundamenta l  an d applie s i n a  variet y o f  contexts ,  bu t  i t  i s 
possibl e that ,  whe n makin g selection s i n servic e o f  a 
large r  goal ,  solver s wil l  b e mor e likel y t o maximiz e thei r 
expecte d numbe r  o f  solution s b y selectin g th e mor e 
successfu l  strateg y al l  o f  th e time . 

T o gai n a  bette r  understandin g o f  th e rol e o f  strategy -
succes s informatio n i n strateg y selectio n an d t o tes t  th e 
generalit y o f  probabilit y  matching ,  w e studie d h o w 
solver s selec t  betwee n tw o problem-solvin g strategie s i n a 
nove l  task ,  th e Buildin g Stick s Tas k ( B S T )  (Lovett , 
1994) .  Thi s provide d u s wit h tw o importan t 
opportunities .  First ,  i t  allowe d u s t o recor d ever y succes s 
an d failur e a  solve r  experience d whil e usin g th e tw o 
strategies .  W e use d thes e trial-by-trial ,  individua l 
historie s t o compar e a n A C T - R mode l  o f  strateg y 
selectio n wit h th e clas s o f  model s tha t  predict s asymptoti c 
probability-matchin g behavior .  Second ,  i t  allowe d u s t o 
manipulat e th e strategies '  succes s rate s fro m th e star t  o f 
subjects '  experience .  Thus ,  w e coul d stud y th e effect s o f 
strateg y informatio n a s i t  i s  acquired .  Not e that ,  fo r  al l 
th e problem s w e aske d subject s t o solve ,  th e tw o 
su-ategie s appeare d equall y appropriat e an d equall y likel y 
t o lea d t o a  solution ;  thi s focuse d ou r  stud y o n h o w 
subjects '  histor y o f  succes s wit h th e variou s strategie s 
influence d thei r  selections ,  an d i t  m a d e th e analog y t o 
probability-learnin g experiment s clearer. ^  A  majo r  goa l 

^See Lovet t  &  Anderso n (1995 )  fo r  a  discussio n o f  ho w 
histor y o f  succes s an d apparen t  appropriatenes s o f  variou s 
choice s jointl y influenc e selection s i n proble m solving . 
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of  thi s researc h wa s t o capture ,  i n a  computationa l  model , 

ho w peopl e lea m fro m an d mak e strateg y selections. ^ 

A model of how people select between 

strategie s i n th e B S T 

A theory of how people do this in an adaptive way is part 
of  th e A C T - R architectur e (Anderson ,  1993) .  W e 
develope d a  computationa l  mode l  withi n A C T - R tha t 
predict s individua l  subjects '  strateg y selection s i n th e 
B S T.  I n th e B S T ,  th e goa l  i s  t o buil d a  curren t  stic k tha t 
i s equa l  i n lengt h t o th e desire d slic k b y addin g an d 
subtractin g multipl e buildin g stick s (se e Figur e 1) .  Thi s 
goal  ca n b e achieve d eithe r  b y selectin g a  buildin g stic k 
tha t  i s  smalle r  tha n th e desire d stic k an d subsequentl y 
buildin g u p t o th e desire d stick' s lengt h (th e 
U N D E R S H O OT strategy )  o r  b y selectin g a  buildin g stic k 
tha t  i s  longe r  tha n th e desire d stic k an d subsequentl y 
cuttin g d o w n t o th e desire d slick' s lengt h (th e 
O V E R S H O OT strategy) .  I n th e model ,  eac h strateg y 
correspond s t o a  singl e productio n whos e action s ar e 
execute d onl y whe n it s condition s ar e me t  i n th e curren t 
situation .  Sinc e bot h strategie s ca n b e execute d i n th e 
initia l  proble m stale ,  th e mode l  mus t  selec t  betwee n the m 
on th e first  ste p o f  eac h problem .  Solver s mak e th e sam e 
selectio n implicitl y  a s the y solv e eac h problem ,  an d thes e 
selection s ar e easil y identifie d (t o th e experimenter )  b y th e 
first  step . 

UNDERSHOOT 

desired :  C 
current :  • 

building: 
r~i r DCZI 

INITIA L STATE OVERSHOOT 

desired :  C 
current : 

building: 
DCZI 

desired :  C 
current :  • 

building : 
DCZZI 

U N D E R S H O OT 

desired :  ̂ ^ ^ ^ ^ ^ 
current :  ^ H 

building: 
•  I  1 

Figur e 1 .  Initia l  an d successo r  state s i n th e B S T . 

To select between the two strategies, the model 
attempt s t o choos e th e ste p tha t  wil l  lea d t o th e highes t 
probabilit y o f  succes s (wher e succes s i s  define d a s 
achievin g th e goal) .  Sinc e th e actua l  probabilit y o f 
succes s resultin g fro m a  particula r  ste p canno t  b e know n 
i n advance ,  th e mode l  estimate s th e predicte d probabilit y 

^ u r  modelin g goal s diffe r  fro m thos e o f  relate d 
machine-learnin g wor k (e.g. ,  Sutton ,  1988) . 

of  succes s (PPS )  fo r  eac h m o v e a s a  functio n o f  th e 
histor y o f  succes s o f  th e productio n involve d i n th e move . 
Th e mor e ofte n a  strateg y (i.e. ,  production )  ha s le d t o 
succes s i n th e past ,  th e highe r  th e model' s P P S fo r  move s 

usin g tha t  strategy. ^  Th e PP S o f  strateg y j  i s  estimate d 
as a  Bayesia n posterio r  probabilit y o f  success , 

PPSi  =  „  ̂ ii]..' (  ,  wher e s j  i s  th e numbe r  o f  successe s 

and fj the number of failures experienced with that 
a • 

strateg y an d ^  ̂ s i s th e model' s prio r  fo r  th e succes s o f 

that strategy. Note that the more one uses a particular 
strategy ,  th e les s it s P P S depend s o n th e prio r  an d th e 
mor e it s P P S depend s o n th e numbe r  o f  successe s an d 
failure s experience d wit h th e strategy .  W e shoul d 
emphasiz e that ,  whil e thi s updatin g formul a fo r  PP S i s 
meant  t o mode l  a  par t  o f  th e proces s b y whic h peopl e 
make strateg y selections ,  w e d o no t  propos e tha t  peopl e 
ar e actuall y calculatin g thes e Bayesia n update s pe r  se . 
Rather ,  thi s formul a i s mean t  t o captur e th e change s i n 
knowledg e tha t  peopl e lea m throug h experience—change s 
tha t  ar e presumabl y "computed "  a t  th e neura l  level . 

W h en th e mode l  i s selectin g amon g multipl e moves ,  i t 
tend s t o selec t  th e m o v e wit h highes t  PPS .  T o includ e a 
stochasti c componen t  i n thi s selectio n process ,  Gaussia n 
nois e i s adde d t o eac h P P S valu e befor e th e selectio n i s 
made.  Thus ,  th e mode l  ca n b e though t  o f  a s selectin g 
eac h m o v e wit h a  particula r  probabilit y  tha t  i s a  functio n 
of  it s P P S value ,  relativ e t o th e othe r  moves ,  an d th e 
amount  o f  nois e i n th e system .  Not e tha t  ou r  ACT- R 
model  ca n exhibi t  probability-matchin g behavior ,  bu t  i t 
ca n als o mode l  othe r  selectio n tendencie s a s lon g a s th e 
mor e successfu l  strateg y i s selecte d mor e ofte n tha n it s 
competitors . 

Metho d 

Subject s 

Subject s i n thi s experimen t  wer e 6 8 Carnegi e Mello n 
Universit y undergraduates ;  o f  these ,  4 9 receive d cours e 
credi t  fo r  participating ,  an d 1 9 receive d $5.00 . 

Design 

There were eight experimental conditions that differed 
accordin g t o thre e factors :  (1 )  whic h strateg y (UNDER -
S H O OT o r  O V E R S H O O T)  wa s designe d t o b e mor e 
successful ,  (2 )  th e relativ e succes s rat e o f  th e mor e 
successfu l  strateg y t o th e les s successfu l  strateg y (hig h o r 
low) ,  an d (3 )  whethe r  o r  no t  th e tw o strategie s wer e 
complementar y (i.e. ,  whethe r  failur e o f  on e implie d 
succes s o f  th e other) .  Analyse s reveale d tha t  th e 
assignmen t  o f  U N D E R S H O OT vs .  O V E R S H O OT t o th e 
mor e successfu l  strateg y di d no t  affec t  th e results ,  s o w e 
collaps e thi s facto r  an d labe l  th e fou r  remainin g condition s 
comp-hi ,  comp-lo ,  noncomp-hi ,  an d noncomp-Io . 

Î n ACT-R .  th e estimat e o f  PP S ca n b e influence d b y 
othe r  factor s a s well ,  bu t  her e i t  i s  relativel y wel l  modele d a s a 
monotoni c functio n o f  succes s rat e alone . 
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Tabl e 1 .  Solutio n probabilitie s a s manipulate d acros s conditions . 

Conditio n 

Comp-hi 
MS selecte d firs t 
L S selecte d first 

Comp-l o 
MS selecte d first 
L S selecte d first 

P ( M S) 

.8 0 

.8 0 

.6 0 

.6 0 

P(LS ) 

.2 0 

.2 0 

.4 0 

.4 0 

P(N ) 

.0 0 

.0 0 

.0 0 

.0 0 

Conditio n 

Noncomp-h i 
MS selecte d first  * 
L S selecte d first  * * 

Noncomp-l o 
MS selecte d first  • 

L S selecte d first  * • 

P ( M S) 

.8 0 

.6 4 

.6 0 

.3 6 

P(LS ) 

.0 4 

.2 0 

.1 6 

.4 0 

P(N ) 

.1 6 

.1 6 

.2 4 

.2 4 
Note :  M S =  mor e successfu l  strategy ;  L S =  les s successfu l  strategy ;  P ( M S )  =  probabilit y  M S solves ;  P(LS )  =  probabilit y  L S 
solves ;  P(N )  =  probabilit y  unsolvable .  Tex t  refer s t o *  an d ** . 

Subject s wer e assigne d t o on e o f  thes e fou r 
"environments "  tha t  determine d h o w likel y eac h strateg y 
was t o solv e problems .  Th e ratio s o f  succes s wer e chose n 
as 80/2 0 (high )  an d 60/4 0 O o w ) .  I n th e complementar y 
conditions ,  thes e ratio s represente d th e observe d solutio n 
rate s fo r  th e tw o strategie s (e.g. ,  i n comp-hi ,  th e mor e 
successfu l  strateg y solve d 8 0 % o f  th e problem s an d th e 
les s successfu l  strateg y 2 0 % ) .  I n thes e conditions , 
wheneve r  th e strateg y chose n first  o n a  give n proble m di d 
not  lea d t o a  solution ,  th e othe r  strateg y would .  I n 
contrast ,  i n th e noncomplementar y conditions ,  som e 
problem s wer e no t  solvable .  Eac h strateg y ha d it s 
designate d probabilit y  o f  solvin g th e proble m (e.g. ,  8 0 % 
and 2 0 % fo r  th e mor e an d les s successfu l  strategie s i n 
noncomp-hi) .  But ,  i f  th e strateg y selecte d first  di d no t 
solv e th e proble m (accordin g t o tha t  probability) ,  th e 
othe r  strateg y onl y ha d a  chanc e o f  solvin g (accordin g t o 
it s designate d probability) .  So ,  th e probabilit y  tha t  a 
proble m woul d b e solve d b y a  particula r  strateg y depende d 
on whic h strateg y wa s selecte d first. 

Tabl e 1  present s th e probabilitie s o f  succes s fo r  eac h 
strateg y i n term s o f  whic h strateg y wa s selecte d first . 
Not e tha t  thes e value s ar e differen t  fo r  th e complementar y 
and noncomplementar y conditions .  I n particular ,  fo r  th e 
latter ,  th e ratio s o f  th e tw o strategies '  solutio n rate s ar e 
not  fixed  a t  80/2 0 an d 60/40 :  W h e n solver s selec t  th e 
mor e successfu l  strateg y first,  th e ratio s becom e mor e 
extrem e (80/ 4 an d 60/16 ;  se e *  i n Tabl e 1) ,  an d whe n 
solver s selec t  th e les s successfu l  strateg y first,  th e ratio s 
become les s extrem e (64/2 0 an d 36/40 ;  se e * *  i n Tabl e 1) . 

Apparatus 

Subjects worked individually on Macintosh Ilci 
computers .  A  c T progra m (Physic s Academi c Software , 
1992 )  ra n th e B S T interface ,  provide d initia l  instruction s 
t o subjects ,  an d collecte d data .  Eac h rectangl e i n Figur e 1 
i s a  sketc h o f  th e interfac e subject s saw . 

Procedure 

At the beginning of the experiment, a computer tutorial 
provide d subject s wit h instruction s an d practic e o n ho w t o 
use th e mous e t o buil d sticks .  Then ,  i t  automaticall y 
solve d tw o sampl e B S T problem s (on e b y 
U N D E R S H O OT an d th e othe r  b y O V E R S H O O T ).  Th e 
experimenta l  trial s include d 9 0 B S T problems .  I n th e 
complementar y conditions ,  subject s wer e require d t o wor k 
on eac h proble m unti l  the y solve d i t  o r  ha d take n a t  leas t 

2 0 steps .  I n th e non-complementar y condition s (becaus e 
some problem s wer e unsolvable) ,  subject s ha d th e 
additiona l  optio n o f  clickin g o n a  "nex t  problem "  butto n 
tha t  activate d afte r  the y too k si x steps .  Afte r  th e 
experimenta l  trials ,  subject s wer e aske d i f  th e experimen t 
had reminde d the m o f  an y experiment s the y ha d learne d 
abou t  i n class .  O n e subjec t  wa s reminde d o f  Luchins' s 
(1942 )  wate r  jar s experimen t  an d th e Einstellun g effec t  an d 
so wa s remove d fro m th e analysis . 

Stimuli 

All problems were designed so that the two strategies 
woul d appea r  equall y appropriat e an d equall y likel y t o lea d 
t o a  solution .  Thi s neutralit y wa s measure d accordin g t o a 
hill-climbin g metri c teste d b y Lovet t  &  Anderso n (1995) . 
I n addition ,  al l  problem s ha d three ,  nearl y identica l 
versions :  on e solvabl e b y U N D E R S H O O T,  on e solvabl e 
by O V E R S H O O T,  an d on e unsolvable .  Th e thre e 
version s o f  a  give n proble m ha d th e sam e desire d stic k bu t 
slightl y differen t  buildin g stick s (the y varie d b y on e o r 
tw o pixel s o n th e screen) .  Thus ,  th e thre e version s 
allowe d a  singl e proble m t o b e switche d fro m bein g 
solve d b y on e strateg y t o th e othe r  o r  neither ,  merel y b y 
adjustin g th e buildin g stick s size s eve r  s o slightly . 
Performin g thes e adjustment s wit h specifie d probabilitie s 
enable d u s t o manipulat e th e succes s rate s o f  th e strategie s 
accordin g t o th e value s i n Tabl e 1 .  Adjustment s onl y 
occurre d i n ho w th e buildin g stick s adde d t o o r  subtracte d 
fro m th e solver' s curren t  stick .  N o subjec t  notice d thes e 
adjustment s o r  wa s suspiciou s abou t  h o w th e interfac e 
worked . 

Results and Discussion 

In general, we present our results in terms of the 
percentag e o f  problem s o n whic h subject s selecte d th e 
mor e successfu l  strateg y first ,  wit h "mor e successful " 
define d b y thei r  condition .  Figur e 2  present s thes e 
average s fo r  eac h bloc k o f  1 5 problem s fo r  eac h condition . 
We ca n us e thes e dat a t o tes t  whethe r  subjects '  asymptoti c 
behavio r  approximate s probabilit y  matching .  Th e tw o 
thin ,  horizonta l  line s i n th e figure  represen t  probability -
matchin g behavio r  fo r  th e comp-h i  an d comp-l o 
condition s a t  8 0 % an d 6 0 % .  Althoug h th e comp-h i 
selection s ar e somewha t  abov e 8 0 % ,  observe d percentage s 
fo r  bot h o f  thes e condition s i n th e las t  thre e block s ar e 
withi n 9 5 % confidenc e interval s o f  th e matchin g values . 
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•B 

D Noncomp-H i 

•  Comp-H i 

O Noncomp-L o 

•  Comp-L o 

1 1  1  1 
1-1 5 16-3 0 31-4 5 46-6 0 61-7 5 

P r o b l e m N u m b e r 

76-9 0 

Figur e 2 .  Mea n percentag e o f  problem s (pe r  15 )  o n whic h 
th e mor e successfu l  strateg y wa s selected . 

For the noncomplementary conditions, 80% and 60% 
ar e no t  necessaril y  "matching "  percentage s becaus e her e 
th e proportio n o f  problem s solve d b y eac h strateg y varie s 
wit h th e strategie s subject s select .  Suppos e a  represent s 
th e proportio n o f  problem s o n whic h a  noncomp-h i 
subjec t  select s th e mor e successfu l  strateg y first . 
Referrin g t o Tabl e 1 ,  thi s subjec t  shoul d experienc e 
succes s o f  th e mor e successfu l  strateg y o n .80 a +  .64(l-a ) 
of  th e problems ,  o n average ,  an d succes s o f  th e les s 
successfu l  strateg y o n .04 a +  .20(1-a )  o f  th e problems ,  o n 
average .  A  furthe r  complicatio n i n definin g probabilit y 
matchin g her e i s tha t  thes e tw o expression s d o no t  ad d u p 
t o 1  sinc e som e problem s ar e unsolvable .  I n othe r  studie s 
of  choice ,  wher e no t  al l  trial s lea d t o success ,  matchin g 
has bee n define d b y th e matchin g la w (Hermstein ,  1961) , 
whic h claim s tha t  subject s matc h thei r  rati o o f  response s 
t o th e rati o o f  experience d reinforcement s (reinforcement s 

= solution s i n ou r  case):' ^ 
»A_Response s _  »Absolution s ,̂ , 
#S_Respons e ~  *B_Solution s •  '•'• ' 

Settin g th e left-han d sid e equa l  t o al{\-a )  an d th e right -
han d sid e equa l  t o (.80 a +  .64(1- a ))/(.04 a +  .20(1-a)) ,  w e 
ca n obtai n a n equilibriu m matchin g valu e b y solvin g fo r 
a.  Fo r  noncomp-hi ,  a  ~  .94 ,  and ,  fo r  noncomp-lo ,  a  ~ 
.69 .  Thus ,  th e almos t  exclusiv e selectio n o f  th e mor e 
successfu l  strateg y amon g noncomp-h i  subject s an d th e 
"abov e 6 0 % "  selectio n amon g th e noncomp-I o subject s 
bot h fit  closel y t o thes e predicte d values . 

Whil e thes e globa l  result s ar e consisten t  wit h matching , 
analysi s o f  individuals '  selectio n tendencie s revea l  som e 
importan t  differences .  Fo r  example ,  thre e o f  th e comp-h i 
subject s (18%) ,  tw o o f  th e noncomp-l o subject s (13%) , 
and on e o f  th e comp-l o subject s (6% )  selecte d th e mor e 
successfu l  strateg y o n 4 3 o r  mor e o f  th e las t  4 5 problems . 
Under  a  probability-matchin g model ,  th e probabilitie s o f 
suc h extrem e preference s fo r  th e mor e successfu l  strateg y 

^Not e tha t  th e R H S o f  thi s equatio n doe s no t  includ e 
unsolvabl e problem s bu t  th e LH S does .  Thus ,  th e equatio n 
reduce s t o probabilit y  matchin g whe n al l  problem s ar e 
solvabl e (i.e. ,  #A_Soluiion s +  #B_Solution s =  al l  trials) . 

ar e ver y low .  I f  w e assum e tha t  subject s ar e selectin g 
wit h probabilit y p  equa l  t o th e matchin g valu e o f  thei r 
condition ,  th e expecte d probabilitie s fo r  th e thre e 
situation s abov e ar e .003 .  .00001 ,  an d .0000000 5 
(compute d fro m th e binomia l  distribution) .  Thus ,  i t  i s 
ver y unlikel y tha t  thes e subject s ar e probabilit y  matching ; 
instead ,  the y ar e likel y usin g a n "exclusive "  approach -
selectin g th e mor e successfu l  strateg y almos t  exclusively . 
Figur e 3  present s individua l  subjects '  selectio n dat a 
(proportio n o f  las t  4 5 problem s o n whic h th e mor e 
successfu l  suateg y wa s selected )  agains t  th e averag e o f 
thei r  solutio n experience s (proportio n o f  solve d problem s 
solve d b y th e mor e successfu l  strategy )  precedin g eac h o f 

thos e problems .  Th e lin e y=x ,  r2=.60 ,  represent s th e 
matchin g la w (and ,  hence ,  th e predictio n o f  an y mode l  tha t 
lead s t o asymptoti c probabilit y  matching) ,  bu t  th e dat a 
sugges t  tha t  th e majorit y o f  subject s are ,  i n fact , 
overmatchin g relativ e t o thei r  experience . 

So. 9 

50. 8 
iiO. 7 
ooO. e 
^0. 5 

Qa 

•̂90. 1 

1 — \ — \ — \ — \ — \ — \ —r 
0. 2 0. 3 0. 4 0. 5 0. 6 0. 7 0. 8 0. 9 1 

Observe d M S Solurion s 

(Matchin g Predictions ) 

Figure 3. F*roportion of the last 45 problems on which 
th e mor e successfu l  su-ateg y (MS )  wa s selecte d agains t  th e 
predictio n o f  th e matchin g law ,  compute d fo r  eac h subject . 

Our ACT-R model can be fit to subjects' selection data 
acros s al l  problems .  A s describe d above ,  ou r  mode l 
estimate s th e PP S o f  eac h mov e an d the n select s th e mov e 
wit h th e highes t  PP S value ,  give n som e nois e i s adde d t o 
each .  W e se t  th e varianc e o f  thi s Gaussia n nois e t o b e 

0.05 ^  an d obtai n th e model' s predicte d probabilit y p  o f 
selectin g U N D E R S H O OT fo r  eac h proble m fo r  eac h 
subject .  Thi s probabilit y  als o depend s o n th e individua l 
subject' s histor y o f  succes s wit h U N D E R S H O OT an d 
O V E R S H O OT precedin g tha t  problem .  W e onl y varie d 
one mode l  paramete r  t o fit  thes e data ,  th e su m a+p .  Th e 
su m a-t- P i s use d i n th e model' s formul a fo r  updatin g it s 
estimat e o f  eac h strategy' s probabilit y o f  success .  I t 
function s a s a  "learnin g rate "  fo r  PPS :  th e large r  th e sum , 
th e smalle r  th e infiuenc e o f  on e succes s o r  failure ,  an d th e 
smalle r  th e sum ,  th e large r  th e influenc e o f  on e succes s o r 
failure .  Th e sam e a-t- P wa s use d fo r  bot h 
U N D E R S H O OT an d O V E R S H O O T,  wit h a  se t  t o hal f 
a+p .  Th e valu e 25 5 fo r  a + p minimize d th e su m o f  th e 
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Figure 4. Observed and ACT-R predicted proportions more 
successfu l  strateg y selecte d acros s al l  trials ,  al l  subjects . 

squared differences between the model's p and the 
subject' s respons e ( U N D E R S H O OT o r  O V E R S H O O T) 
acros s al l  subject-proble m pairs .  Sinc e subjects ' 
response s ar e a  binar y variabl e ( U N D E R S H O OT o r 
O V E R S H O O T)  an d th e mode l  generate s a  probability ,  w e 
presen t  th e model' s fit  b y "binning "  togethe r  problem s fo r 
whic h th e p  s  ar e similar .  Figur e 4  plot s th e averag e o f 
th e p  s  i n eac h bi n agains t  th e observe d proportio n o f 
U N D E R S H O OT selection s o n th e correspondin g trials . 

The lin e y=x ,  r2=.99 ,  show s that ,  ove r  al l  subject -
problems ,  th e A C T - R mode l  provide s a n excellen t  fit. 
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Predicte d M S Selection s 

Figur e 5 .  Observe d an d predicte d proportion s o f  mor e 
successfu l  strateg y selection s o n las t  4 5 problems ,  b y 
subject . 

Our model can also be compared with the predictions of 
probabilit y  matchin g (cf .  Figur e 3 )  b y fitting  individua l 
subjects '  selection s o n th e las t  4 5 problems .  I n Figur e 5 , 
we plo t  ou r  model' s predicte d proportio n o f  selection s o f 
th e mor e successfu l  strateg y agains t  th e observe d 

proportio n o f  selection s o f  th e mor e successfu l  strategy , 
average d ove r  th e las t  4 5 problem s fo r  eac h subjec t  Th e 

lin e y=x ,  r2=.66 ,  show s tha t  th e mode l  account s fo r  th e 
majo r  tren d i n ib e dat a withou t  systematicall y over -  o r 
underpredicting ,  bu t  ther e i s stil l  m u c h variability .  Not e 
tha t  th e majo r  differenc e betwee n Figure s 5  an d 4  i s tha t 
Figur e 5  display s th e model' s prediction s subjec t  b y 
subjec t  wherea s Figur e 4  combine s th e prediction s tha t 
had simila r  values ,  allowin g multipl e subjects '  dat a t o 
contribut e t o eac h bin .  A  simila r  differenc e applie s t o 
Figure s 3  an d 2 :  Figur e 3  present s average s withi n 
subjects ,  an d Figur e 2  present s average s acros s subjects . 
The greate r  variabilit y  an d mode l  misfi t  i n Figure s 5  an d 3 
sugges t  tha t  ther e ar e mor e factor s influencin g individua l 
strateg y selection s tha n mos t  model s tak e int o account . 
By aggregatin g ove r  subjects ,  thes e factor s len d t o averag e 
out . 

Conclusions 

The main result of this experiment is that, while group 
dat a sugges t  tha t  solver s ar e selectin g betwee n strategie s 
by probabilit y  matching ,  individua l  dat a sugges t  tha t  ther e 
ar e a  variet y o f  selectio n tendencies .  Individualize d 
prediction s base d o n th e matchin g la w showe d tha t  man y 
subject s ten d t o "overmatch "  (us e th e mor e successfu l 
strateg y mor e ofte n tha n it s proportio n o f  solutions )  an d 
lef t  4 0 % o f  th e varianc e i n subjects '  asymptoti c selectio n 
behavio r  unaccounte d for .  Ou r  A C T - R mode l  doe s no t 
necessaril y  predic t  matchin g behavior ,  bu t  i t  doe s predic t 
tha t  solver s wil l  ten d t o prefe r  th e mor e successfu l 
strategy .  Thi s predictio n stem s fro m th e clai m tha t 
solver s ar e choosin g move s wit h th e highes t  P P S ,  an d 
PPS i s estimate d b y thei r  pas t  successe s an d failure s wit h 
eac h strategy .  However ,  th e mode l  als o assume s ther e i s 
some nois e i n thi s process .  So ,  whe n on e strategy' s 
succes s rat e i s muc h highe r  tha n anothe r  strategy's ,  th e 
"better "  strateg y wil l  likel y b e selected ,  bu t  whe n tw o 
strategies '  succes s rate s ar e ver y similar ,  on e wil l  b e 
selecte d essentiall y  a t  random .  Thus ,  accordin g t o ou r 
model ,  th e degre e o f  preferenc e fo r  on e strateg y ove r 
anothe r  depend s o n th e relativ e numbe r  o f  successe s an d 
failure s experience d wit h eac h strateg y an d th e amoun t  o f 
nois e i n th e system .  Thi s stochasti c selectio n base d o n 
th e relativ e "strengths "  o f  alternative s i s simila r  t o severa l 
interactiv e competitio n model s (Gluc k &  Bower ,  1988 ; 
Siegle r  &  Shipley ,  1995 ;  McClellan d &  Rumelhart , 
1981) . 

W h en th e A C T - R mode l  wa s fi t  t o al l  subjects ' 
selection s acros s th e entir e experiment ,  i t  provide d a n 
excellen t  fit.  Thi s show s tha t  th e mode l  i s fittin g 
subjects '  overal l  selectio n tendencie s a s the y develo p 
throug h th e cours e o f  th e experiment .  Simila r  t o th e 
"matching "  predictions ,  however ,  ou r  mode l  lef t  a  larg e 
portio n o f  th e varianc e unaccounte d fo r  whe n predictin g 
selection s a t  a n individua l  level .  Thi s suggest s tha t  ther e 
ar e individua l  difference s influencin g selectio n beyon d th e 
variabilit y  i n individua l  subjects '  experiences .  Th e fre e 
parameter s i n ou r  mode l  m a y allo w u s t o captur e suc h 
inter-subjec t  differences . 
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We ar e currentl y investigatin g individua l  difference s tha t 
may b e significan t  influence s o n subjects *  selectio n 
behavior .  On e suc h differenc e i s subjects '  learnin g rate — 
ho w muc h o f  a n impac t  on e succes s o r  failur e ha s o n late r 
selections .  Anothe r  i s subjects '  assessment s o f  th e valu e 
of  exploratio n versu s exploitation—ho w muc h utilit y  i s 
attribute d t o solvin g th e proble m versu s experimentin g 
wit h th e variou s strategies .  B y incorporatin g thes e 
difference s int o ou r  model ,  w e hop e t o gai n a n eve n bette r 
understandin g o f  th e processe s involve d i n strateg y 
selection . 
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