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Abstrac t 

When faced with a novel problem, people can sometimes 
decid e wha t  t o d o b y imaginin g alternativ e sequence s o f 
action s an d the n taJdn g th e sequenc e tha t  solve s th e 
problem .  I n man y problems ,  however ,  variou s constraints , 
suc h a s workin g memor y capacity ,  limi t  th e amoun t  o f 
interna l  lookahea d tha t  peopl e ca n do .  Thi s pape r  describe s 
Bottom-U p Recognitio n Learnin g (BURL) ,  a  mode l  o f 
limited-lookahea d learnin g base d o n fina l  firs t  learnin g an d 
knowledg e compilation .  I n BURL ,  knowledg e compilatio n 
of  limited-lookahea d searc h ove r  successiv e problem -
solvin g trial s transfer s knowledg e from  th e lea f  node s o f  a 
proble m spac e t o th e to p node .  Tw o experiment s tes t 
BURL' S predictions .  Th e firs t  compare s th e Soa r 
implementatio n o f  B U R L t o huma n subject s learnin g t o 
pla y tw o Tlc-Tac-To e isomorphs .  Thi s experimen t  show s 
tha t  B U R L ca n accoun t  fo r  learnin g tha t  occur s whe n 
subject s ca n perfor m a  limite d lookahead .  Th e secon d 
experimen t  studie s transfe r  betwee n tw o strateg y 
acquisitio n task s fo r  on e isomorph .  Thi s experimen t  show s 
tha t  B U R L mus t  b e use d i n conjunctio n wit h othe r  learnin g 
method s t o full y explai n skil l  acquisitio n o n limited -
lookahea d tasks . 

Introduction 

When faced with a novel problem, people can sometimes 
decid e wha t  t o d o b y imaginin g alternativ e sequence s o f 
action s an d the n takin g th e sequenc e tha t  solve s th e 
problem .  I n man y problems ,  however ,  variou s constraints , 
suc h a s workin g memor y capacity ,  limit s th e amoun t  o f 
interna l  lookahea d tha t  peopl e ca n do .  Fo r  example ,  eve n i n 
a simpl e gam e lik e Tic-Tac-To e (TTT) .  peopl e ca n hav e 
troubl e unaginin g complet e sequence s o f  move s leadin g 
fro m th e beginnin g o f  th e gam e t o th e end .  A s a  result ,  a 
perso n (whe n playin g agains t  a  perfec t  opponent )  wil l  ofte n 
los e severa l  game s befor e learnin g ho w t o consistentl y ge t  a 
dra w (th e bes t  outcom e agains t  a  perfec t  exponent) . 

What  kin d o f  learnin g proces s i s  responsibl e fo r  thi s 
behavior ? Newel l  (1990 )  ha s propose d th e chunking-learnin g 
hypothesi s whic h say s tha t  al l  lon g ter m learnin g occur s 
throug h chunking ,  a  for m o f  knowledg e compilation .  H e an d 
hi s colleague s hav e teste d thi s hypothesi s b y demonstratin g 
ho w chunking ,  a s implemente d i n Soa r  (Laird ,  e t  al. ,  1987) , 
support s a  wid e variet y o f  learnin g behavio r  (Steier ,  e t  al. , 
1987) .  However ,  limited-lookahea d learnin g i s no t  directl y 

supporte d b y a  knowledg e compilatio n learnin g mechanism . 
The proble m i s  tha t  knowledg e compilatio n work s b y 
compilin g th e result s o f  search ,  bu t  a  limite d lookahead 
searc h wil l  no t  produc e a  resul t  unles s th e searc h reache s th e 
goal  state ,  henc e ther e wil l  b e nothin g t o compile .  Th e lac k 
of  resul t  ca n b e circumvente d b y usin g a  heuristi c evaluatio n 
of  th e lookahea d state ,  howeve r  thi s potentiall y  incorrec t 
evaluatio n wil l  the n ge t  compile d leadin g t o erroneou s 
behavio r  i n al l  late r  problem-solvin g trials .  A s a  result ,  th e 
curren t  wea k metho d fo r  lookahea d i n Soa r  wil l  onl y lear n 
^propriat e behavio r  i f  i t  i s  allowe d t o exhaustivel y 
lookahead .  I f  th e chunking-learnin g hypothesi s i s  true ,  w e 
must  find  a  differen t  wa y o f  usin g chunkin g t o lear n whe n 
lookahea d i s  limited .  Otherwise ,  w e mus t  rejec t  th e 
hypothesi s an d conside r  additiona l  kind s o f  learnin g 
mechanisms . 

I n thi s paper ,  w e presen t  Bottom-U p Recognitio n 
Learnin g (BURL) ,  a  knowledge-compilatio n base d theor y o f 
limited-lookahea d learning .  Accordin g t o ou r  theory ,  peopl e 
begi n wit h recognitio n knowledg e o f  th e fina l  state s o f  a 
problem ,  then ,  throug h successiv e trials ,  transfe r  thi s 
knowledg e u p t o intermediat e states ,  unti l  eventually ,  a 
limite d lookahea d searc h fro m th e initia l  proble m stat e i s 
sufficien t  t o reac h a n intermediat e stat e whos e outcom e i s 
recognizable .  Recognitio n knowledg e fo r  a n intermediat e 
stat e i s acquire d throug h knowledg e compilatio n whenevC T 
limite d lookahea d reache s a  recognize d state .  Thus ,  stat e 
recognitio n knowledg e flows  fro m th e botto m o f  th e searc h 
spac e u p t o th e top .  I n additio n t o describin g B U R L ,  w e 
presen t  tw o expmment s designe d t o tes t  B U R L . 

Other Theories 

Severa l  othe r  theorie s migh t  als o b e use d t o explai n limited -
lookahea d learning .  First ,  peopl e migh t  remembe r  th e 
moves tha t  the y mad e i n on e tria l  an d the n us e thes e agai n i f 
the y ge t  th e desire d outcome ,  o r  avoi d thes e move s i f  a n 
undesirabl e outcom e occurs .  Second ,  i f  peopl e ca n remembe r 
thei r  sequenc e o f  moves ,  the y migh t  engag e i n self -
explanatio n (VanLehn ,  e t  al. ,  1991) .  Tha t  is ,  the y coul d 
attemp t  t o explai n w h y th e sequenc e o f  move s le d t o th e 
resultin g state .  Thi s proces s woul d produc e knowledg e tha t 
woul d allo w the m t o avoi d o r  selec t  move s i n futur e trials . 
Finally ,  peopl e migh t  als o trea t  th e tas k a s concep t 
discovery ,  wher e th e concep t  bein g discovere d i s a  strateg y 
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Figur e 1 :  Illustraticx )  o f  basi c bottom-u p recognitio n learning ,  showin g h o w recognitio n knowledg e flows  fro m th e botto m o f 
th e tre e t o th e to p a s successiv e trial s ar e attempted . 

and eac h g a m e i s a n experimen t  designe d t o tes t  a  strategy . 
Althoug h thes e see m plausible ,  the y ar e al l  highl y deliberat e 
learnin g techniques .  Ou r  goal ,  a s state d above ,  wa s t o 
explor e method s tha t  ar e naturall y supporte d b y th e 
chunking-learnin g theory .  Thi s le d t o th e creatio n o f  B U R L . 

B U RL i s a  for m o f  fina l  firs t  learnin g (e.g. ,  Howes , 
1994) ,  a  clas s o f  learnin g method s i n whic h stat e 
evaluation s ar e backe d u p frcx n teimina l  state s (eitho -  goa l  o r 
failur e states )  t o highe r  state s i n a  searc h space ,  on e tria l  a t  a 
time .  Thi s techniqu e ha s bee n use d i n reinforcement  learnin g 
(Sutton ,  1988) ,  t o mode l  th e acquisitio n o f  softwar e 
interactio n skill s  throug h exploratio n (Howes ,  1994) ,  an d t o 
improv e th e performanc e o f  machin e game-playin g program s 
(Samuel ,  1967) . 

Fina l  first  learnin g descril)e s a  genera l  clas s o f  learnin g 
methods ,  becaus e i t  doe s no t  specif y th e learnin g techniqu e 
use d t o acquir e th e knowledge .  Th e learnin g techniqu e 
dictate s th e condition s neede d fo r  learnin g knowledg e an d th e 
characteristic s o f  th e resultin g knowledge .  Fo r  example , 
B U RL mus t  loo k ahea d a t  leas t  on e ste p t o lear n an y 
knowledge ,  bu t  Howes '  techniqu e ca n lear n withou t  doin g 
an y interna l  lookahea d becaus e i t  remember s h o w t o 
construc t  th e previou s stat e an d the n explicitl y  construct s 
evaluatio n knowledg e fo r  tha t  state . 

Huffma n (1994 )  ha s develope d a  metho d simila r  t o B U R L 
fo r  us e i n a  Soar-base d agen t  tha t  learn s fro m instruction .  T o 
th e authors '  knowledge ,  however ,  th e wor k presente d i n thi s 
pape r  represents  th e firs t  effor t  t o appl y an d evaluat e a  fina l 
first  learnin g techniqu e base d o n knowledg e compilatio n t o 
h u m an proble m solving .  Genera l  evidenc e fo r  th e us e o f 
final  first  learnin g b y human s ca n b e foun d i n th e wor k o f 
Crowle y an d Siegle r  (1993) .  I n a  developmenta l  study ,  the y 
foun d tha t  childre n develope d rule s fo r  playin g Tic-Tac-To e 
i n a  final first  manner . 

B o t t o m - U p R e c o g n i t i o n L e a r n i n g 

Basi c B U R L i s illustrate d i n Figur e 1 .  Eac h o f  th e diagram s 
(a-f )  illusuat e on e complet e tria l  o r  game .  Th e agen t  i s 
tryin g t o lear n t o solv e th e proble m represented  b y th e 
proble m spac e show n i n 1(a) ,  wher e Stat e L  i s th e goa l 
state .  Prio r  t o th e first  proble m solvin g tria l  th e agen t  onl y 
has recognitio n knowledg e fo r  th e lea f  state s i n th e proble m 
space .  I n othe r  words ,  th e agen t  ca n onl y recogniz e a  stat e i n 
whic h i t  ha s faile d o r  succeeded .  Eac h diagra m illustrate s 
what  th e agen t  know s b y shadin g state s tha t  ar e recognize d 
as o n th e pat h t o failur e an d holdin g thos e tha t  ar e 
recognize d a s o n th e pat h t o success .  Arrow s indicat e th e 
pat h tha t  th e agen t  too k fo r  tha t  trial .  A  soli d arro w mean s 
tha t  th e agen t  kne w th e outcom e o f  th e move .  A  dashe d 
arro w mean s tha t  th e agen t  di d no t  kno w th e outcome . 

The agen t  l)egin s th e first  tria l  i n Stat e A ,  1(a) .  Fo r  thi s 
example ,  w e wil l  assum e tha t  th e agen t  ca n onl y loo k ahea d 
one step .  Fro m Stat e A ,  th e agen t  look s ahea d an d see s tha t 
he ca n reac h eithe r  State s B  o r  C .  Sinc e th e agen t  doesn' t 
recogniz e eithe r  state ,  h e doesn' t  kno w whic h rout e t o take , 
so a  pat h mus t  b e chose n base d o n a  bias .  Let s assum e tha t 
th e agen t  select s B .  B y select ,  w e mea n tha t  th e agen t 
applie s th e actio n leadin g t o B  i n th e externa l  proble m 
situation .  Fro m Stat e B ,  th e agen t  agai n look s ahea d and , 
thi s time ,  see s D  an d E .  Neithe r  stat e i s recognizable ,  s o 
assume th e agen t  pidc s D .  Fro m Stat e D ,  however ,  on e ste p 
lookahea d reveal s State s H  an d I ,  bot h recognize d b y th e 
agen t  a s failures .  A s a  resul t  o f  thi s lookahead ,  th e agen t 
learn s recognitio n knowledg e fo r  Stat e D .  Figur e 1(b )  show s 
th e ne w stat e o f  th e agent' s knowledge .  Th e ne w knowledg e 
allow s th e agen t  t o inunediatel y recogniz e tha t  Stat e D  i s o n 
th e pat h t o failure .  Fo r  th e first  tria l  (a) ,  however ,  th e agen t 
has alread y committe d t o a  pat h leadin g t o failure ,  s o i t 
select s on e o f  th e failur e path s t o H  o r  I  t o en d th e trial . 
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On th e secon d trial ,  th e agen t  ha s tb e recognitio n 
knowledg e show n i n Figur e 1(b) .  Beginnin g a t  A .  th e agen t 
stil l  doesn' t  recogniz e B  o r  C  a s leadin g t o succes s o r 
failure .  Suppos e tha t  th e agen t  select s B  again .  Fro m Stat e 
B,  lookahea d reveal s D  an d E .  Sinc e D  i s no w recogni/o d a s 
a stat e tha t  lead s t o failure ,  tb e agen t  wil l  pic k E .  Lookahea d 
fro m E  indicate s tha t  i t  i s als o o n tb e pat h t o failure ,  s o th e 
agent  learn s recognitio n knowledg e fo r  E  (Se e Figur e 1(c) ) 
and the n end s th e tria l  wit h failur e a t  Stat e J . 

I n th e thir d trial .  Figur e 1(c) .  tb e agen t  stil l  doesn' t 
recogniz e eithe r  o f  th e state s fro m Stat e A .  Th e agen t  onc e 
agai n select s B .  Thi s time ,  lookahea d fro m Stat e B  reache s 
D an d E ,  bot h failur e states ,  whic h allow s tb e agen t  t o lear n 
t o recogniz e tha t  B  i s o n th e pat h t o failure .  Thi s lead s t o 
th e stat e o f  knowledg e show n i n 1(d) . 

I n tria l  4 ,  th e agen t  take s tb e pat h show n i n 1(d) ,  reachin g 
th e goa l  state .  Tria l  4  result s i n recognitio n knowledg e t o 
detec t  tha t  G  i s o n th e pat h t o succes s (1(e)) .  Th e agent' s 
recognitio n knowledg e i s no w sufficien t  t o solv e th e tas k o n 
al l  followin g trials .  I n tria l  5 ,  lookahea d fro m Stat e C , 
reveal s tha t  G  lead s t o success ,  s o recognitio n knowledg e i s 
acquire d fo r  C  (show n i n 1(0) .  Afte r  Tria l  6 ,  th e agen t  learn s 
tha t  A  i s o n th e pat h t o succes s (thi s i s  no t  shown) . 
completin g th e learnin g process . 

Not e tha t  B U R L doe s mor e tha n jus t  cach e evaluations . 
Becaus e i t  use s knowledg e compilation ,  th e recognitio n 
knowledg e tha t  B U R L learn s whe n evaluatin g on e stat e ca n 
potentiall y  appl y t o multipl e states .  Knowledg e compilatio n 
mechanism s buil d recognitio n knowledg e tha t  test s fo r  onl y 
thos e feature s tha t  wer e essentia l  fo r  producin g a  result .  Fo r 
example ,  i n T T T man y state s ar e simpl y rotation s o f  othe r 
states .  I f  recognitio n laiowledg e i s acquire d fo r  on e state ,  i t 
i s likel y tha t  th e sam e knowledg e wil l  appl y t o th e rotate d 
states .  Thi s featur e distinguishe s B U R L fro m simpl e 
cachin g schemes .  Generalizatio n allow s th e agen t  t o 
recogniz e additiona l  states ,  withou t  actuall y tryin g them ; 
however ,  i t  als o ca n lea d t o overgenera l  knowledge ,  wher e 
state s ar e recognize d incorrectly .  Thi s woul d b e undesirabl e 
fo r  a  machine-base d game-playin g program ,  bu t  i s  consisten t 
wit h huma n behavio r  (Laikin ,  1981) . 

Fro m thi s example ,  w e ca n se e tha t  B U R L ha s severa l 
interestin g properties .  First ,  B U R L ca n lear n fro m failur e 
and success .  I n fact ,  i t  i s  possibl e fo r  B U R L t o lear n t o 
correctl y solv e a  proble m b y eithe r  failin g man y time s o r 
succeedin g man y times .  O n on e band ,  i f  B U R L keep s 
failing ,  bu t  neve r  succeeds ,  i t  wil l  eventuall y lear n no t  t o 
tak e failur e paths ,  leavin g onl y successfu l  paths .  O n th e 
othe r  hand ,  i f  B U R L consistentl y succeeds ,  the n i t  wil l 
acquir e knowledg e o f  th e correc t  path ,  preventin g i t  fro m 
explorin g an y failur e paths . 

Second ,  th e rat e o f  learnin g depend s o n tw o characteristics : 
1)  th e generalit y o f  acquire d recognitio n knowledge ;  an d 2 ) 
th e bia s use d t o selec t  a  mov e whe n lookahea d i s 
insufficient .  Th e generalit y o f  th e acquire d recognitio n 
knowledg e affect s learnin g rat e b y increasin g th e numbe r  o f 
recognizabl e states .  I n on e trial ,  generalizatio n ca n enabl e 
th e agen t  t o lear n t o recogniz e state s that ,  withou t 
generalization ,  coul d tak e severa l  trial s t o learn .  Th e 
generalit y o f  th e knowledg e depend s upo n man y factor s o f 

tb e tas k an d th e cognitiv e representation .  W e discus s som e 
of  thes e late r  i n th e expoimenta l  sections . 

Tbe bia s affect s learnin g becaus e i t  affect s tb e path s tha t 
tb e agen t  take s i n eac h trial .  Wha t  B U R L learn s i n a  tria l  i s 
dependen t  o n th e move s mad e i n tha t  tria l  an d previousl y 
acquire d recognitio n knowledge .  A  goo d bia s wil l  ten d t o 
pus h th e agen t  towar d a  goa l  state ,  s o th e agen t  wil l  quickl y 
acquir e knowledg e o f  state s tha t  ar e o n th e pat h t o success . 
I n contrast ,  a  ba d bia s mus t  b e overcom e throug h 
experience .  I t  tend s t o forc e th e agen t  dow n tb e wron g path , 
tria l  afte r  trial ,  unti l  tb e agen t  learn s enoug h recognitio n 
knowledg e t o overcom e th e ba d bias . 

Extended BURL 

Further Limiting Lookahead. To drastically decrease 
th e amoun t  o f  searc h whe n lookin g ahea d mor e tha n 1  step , 
we modifie d B U R L s o tha t  i t  use s th e bia s t o contro l 
lookahead .  I f  tb e outcom e o f  tb e curren t  stat e i s no t  know n 
(i.e. ,  ther e i s n o recognitio n knowledg e fo r  whethe r  tb e 
curren t  stat e i s o r  i s no t  o n th e pat h t o success) ,  the n tb e 
bia s i s use d t o selec t  a  mov e fo r  lookahead .  Th e agen t  the n 
evaluate s tb e mov e usin g a n n-ste p lookahead .  I f  tb e 
lookahea d searc h i s inconclusiv e (becaus e tb e dept h limi t 
prevent s th e agen t  fro m reachin g recognizabl e states) ,  the n 
tb e selecte d mov e i s take n a s th e agent' s actua l  mov e fo r 
tha t  turn .  However ,  i f  lookahea d reveal s tha t  tb e mov e lead s 
t o failure ,  the n th e mov e i s rejecte d an d tb e bia s i s use d t o 
selec t  a  differen t  mov e (whic h i s  als o evaluate d usin g 
lookahead) .  Th e en d resul t  i s  that ,  i n general ,  searc h i s 
drasticall y decreased .  Fo r  example ,  o n it s firs t  mov e i n T T T 
th e modifie d B U R L agen t  wil l  onl y nee d t o evaluat e 7  state s 
(vs .  5 6 withou t  thi s modification) :  tb e opponent' s 7 
response s t o th e singl e bia s mov e (assumin g n=2) .  Thi s 
seems reasonabl e give n tb e observe d respons e time s o f  abou t 
S second s a  mov e fo r  tb e huma n subjects . 

Implementation in Soar. BURL has been implemented 
i n Soa r  a s a  metho d incremen t  tha t  ca n b e use d i n plac e o f 
Soar' s defaul t  exhaustiv e lookahea d method .  Tb e metho d 
incremen t  i s designe d suc h tha t  an y tas k modele d i n Soa r 
tha t  make s us e o f  tb e defaul t  metho d ca n instea d us e B U R L 
by simpl y addin g knowledg e o f  a  bia s o r  loadin g a  supplie d 
rando m bias .  N o change s t o th e origina l  tas k cod e ar e 
needed . 

The Experimental Task: Tic-Tac-Toe 
I s o m o r p h s 

We propose d B U R L whil e attemptin g t o mode l  learnin g 
result s fo r  severa l  isomorph s o f  T T T tha t  ar e bein g use d t o 
stud y th e interactio n betwee n perceptio n an d cognitio n 
(Zhang ,  1993) .  Althoug h th e origina l  researc h use d 4 
isomorphs ,  w e hav e concentrate d ou r  modelin g effort s o n th e 
tw o isomorph s (tb e easies t  an d hardes t  o f  tb e 4 )  show n i n 
Figur e 2 .  I n tb e Lin e isomorp h (Figur e 2a) ,  th e firs t  perso n 
t o ge t  thre e circle s o n a  straigh t  lin e wins .  I n tb e Numbe r 
isomorp h (Rgur e 2b) ,  th e firs t  perso n t o ge t  thre e number s 
tha t  ad d u p t o 1 5 wins .  Tb e mappin g betwee n th e tw o 
isomorph s i s show n i n Figur e 2c .  I t  shoul d b e eviden t  tha t 
tw o o r  thre e circle s o n a  straigh t  lin e ar e eas y t o perceiv e i n 
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Figur e 2 :  (a )  Th e Lin e isomorph .  (b )  Th e Numbe r  isomcxpb .  (c )  Th e mappin g betwee n th e tw o isomorpbs .  Modifie d from 
(Zhang ,  1993) . 

Line ,  bu t  tha t  th e sam e informatio n i s mor e difficul t  t o se e 
i n Number ,  becaus e i t  mus t  b e compute d b y addin g pair s o r 
triples .  I n addition ,  th e symmetr y informatio n i n Lin e 
(center ,  corners ,  sides )  i s easie r  t o perceiv e tha n i n Numbe r 
(5 ,  eve n an d od d numbers) . 

Previous Empirical Results 

I n th e tw o experiment s reported  i n Zhan g (1993) ,  subject s 
playe d eithe r  th e Lin e o r  th e Numbe r  isomorp h (se e Figur e 
2)  agains t  a  perfec t  compute r  opponen t  unti l  the y go t  1 0 
draw s i n a  row .  The y wer e tol d tha t  the y coul d no t  win .  I n 
Exp .  1 ,  th e compute r  opponen t  alway s selecte d a n eve n 

number ^  a s th e firs t  mov e (se e Figur e 2c) .  T o draw ,  subject s 
had t o selec t  5 ,  followe d b y an y od d numbe r  (th e five-odd 
strategy) .  I n Exp .  2 ,  th e compute r  alway s selecte d 5  a s th e 
firs t  move .  T o (baw ,  subject s ha d t o sele a an y eve n number , 
followe d b y an y remainin g eve n numbe r  (th e even-eve n 
strategy) .  W e wil l  refer  t o th e 4  condition s usin g Isomorph -
Experiment ,  suc h a s Number -2 ,  meanin g th e N u m b e r 
isomorp h unde r  th e learnin g condition s fo r  Exp .  2 . 

The empirica l  result s fo r  Experiment s 1  an d 2  ar e show n 
i n Figur e 3  (th e bar s marice d a s Subjects) .  I t  report s th e 
averag e numbe r  o f  game s neede d t o ge t  th e fu-s t  dra w an d th e 
averag e numbe r  o f  game s playe d befor e 1 0 draw s i n a  ro w 
wer e achieve d (no t  countin g th e 1 0 draws) .  I f  a  subjec t  di d 
not  ge t  1 0 draw s i n a  ro w afte r  playin g S O games ,  S O wa s 
use d a s th e numbe r  t o 1 0 Draws .  Th e experiment s reveal 
thre e importan t  behaviora l  regularities :  1 )  Lin e i s easie r  tha n 
Number  regardless  o f  th e computer' s  first  move ;  2 )  th e even -
eve n strateg y i s easie r  t o leai n tha n th e five-odd  strategy ;  an d 
3)  on e dra w i s no t  sufficien t  t o acquir e th e appropriat e 
strategy . 

The BURL Model for TTT 

I n applyin g BURL t o TT T w e mad e th e followin g 
assumption s base d o n th e theor y o f  perceptio n an d cognitio n 
propose d b y Zhan g an d o n th e ̂npirica l  results.  (1 )  Subject s 
ca n detec t  final  dra w an d los e state s (lea f  states) .  (2 )  Fo r  a 
give n state ,  subject s firs t  conside r  move s tha t  bloc k th e 
opponent .  I f  n o bloc k i s needed ,  the n al l  possibl e move s ar e 

^  W e us e 5 ,  eve n an d od d number s i n Numbe r  t o refe r  t o th e 
position s i n Lin e a s well ,  sinc e the y ar e equivalen t  t o th e 
center ,  comers ,  an d side s i n Line .  Se e Figur e 2c . 

considered .  (3 )  Subject s assum e th e opponen t  wil l  mov e t o 
win ,  i f  possible ,  otherwis e bloc k th e subjec t  fro m winning , 
otherwise ,  tak e on e o f  th e availabl e moves .  (4 )  I n Line , 
symmetr y informatio n i s availabl e t o th e subjec t  (i.e. ,  the y 
can  detec t  an d us e informatio n abou t  th e relationship s 
betwee n comers ,  side s an d th e center) .  Recognitio n 
knowledg e learne d fo r  on e tria l  o f  Lin e shoul d therefor e 
s^pl y t o symmetri c situations .  (5 )  I n Number ,  symmetr y 
informatio n i s no t  available .  Recognitio n knowledg e i s 
therefor e sensitiv e t o th e specifi c  number s teste d durin g a 
singl e trial .  (6 )  Th e biase s wer e se t  b y analyzin g th e 
subject' s move s o n th e firs t  fe w trials .  Thi s analysi s 
revealed  tha t  onl y th e subjects '  fu°s t  mov e o f  eac h tria l  wa s 
biased .  Al l  followin g move s wer e equivalen t  t o rando m 
selectio n (prio r  t o learning) .  Th e bia s fo r  th e firs t  mov e i s 
probabilisti c  an d wa s se t  t o matc h th e distributio n o f  move s 
selecte d b y th e subjects .  (7 )  Base d o n th e spee d o f  subjects ' 
responses,  w e assum e onl y a  tw o ste p lookahea d (n=2) . 

Give n th e biase s an d th e assumption s abou t  th e us e o f 
symmetry .  Lin e shoul d b e easie r  tha n Number ,  becaus e 
symmetr y informatio n i s  availabl e an d th e bia s tend s t o 
selec t  th e correc t  first  move .  I n addition ,  w e woul d expec t 
tha t  th e task s i n Exp .  2  shoul d b e easie r  tha n thos e i n 
Exp.l ,  becaus e fo r  th e fu^ t  mov e i n Exp .  2 ,  subject s hav e a 
S 0 % chanc e o f  selectin g th e correc t  first  mov e (a n eve n 
n u m ba o r  a  comer) ,  who'ea s i n Exp .  1  subject s onl y hav e a 
12.S % chanc e o f  selectin g th e correc t  firs t  mov e ( S o r  th e 
center) .  I n addition ,  th e correc t  fu^ t  mov e fo r  Lin e i n Exp .  2 
correspond s t o th e subjects '  bias .  Th e oitica l  poin t  fo r  th e 
model  i s whethe r  o r  no t  i t  ca n produc e th e specifi c  change s 
i n difficult y acros s th e 4  conditions . 

Simulation Results 

The mode l  wa s teste d b y simulatin g th e sam e numbe r  o f 
subject s a s tha t  use d i n th e empirica l  studie s (2 0 subject s fo r 
eac h o f  th e 2  condition s i n Exp .  1  an d I S subject s fo r  eac h 
of  th e condition s i n Exp .  2) .  Eac h simulate d subjec t  (th e 
model )  playe d agains t  th e sam e compute r  opponen t  use d i n 
th e empirica l  studie s unti l  gettin g 1 0 draw s i n a  ro w o r 
havin g playe d S O games .  Th e results  ar e show n i n Figur e 3 , 
alongsid e th e empirica l  data .  A t  fûs t  glance ,  B U R L appear s 
t o accoun t  fo r  th e thre e regularitie s reveale d i n th e 
experiment s describe d above :  Lin e i s alway s easie r  tha n 
Number ,  th e even-eve n strateg y (Line- 2 an d Number-2 )  i s 
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# Gamas t o Firs t  Dra w « Gamaa t o 1 0 Drawa 

•  Subjact t 
n simulatio n 

0 | M • ! » n ^  • ! — 1 1 0 -
Unal  Numbar l  Lin e 2  Number  2  Lin e 1  NumbM'1 ~ Lin e 2  Number  2 

Figur e 3 :  Compariso n o f  simulatio n an d empirica l  dat a fro m Experiment s 1  an d 2 .  Th e isomorp b name s i n Bold-fac e indicat e 
a significan t  differenc e betwee n th e simulatio n an d subjects .  Fro m lef t  t o right  t(38 )  =  .316 ,  p  <  .03 ;  t(35 )  =  4.8 ,  p  <  .0001 ; 
t(28 )  =  1.12 ,  p  =  .27 ;  t(28 )  =  1.84 .  p  =  .08 ;  t(38 )  =  .316 ,  p  =  .75 ;  t(38 )  =  -1.64 ,  p<.0001 ;  t(28 )  =  -1.22 ,  p=.23 ;  t(28 )  =  -2.5 , 

p=.02 . 

easie r  t o acquir e tha n th e five-even  strategy ,  an d on e dra w i s 
not  sufficien t  t o acquir e th e appropriat e strategy .  However , 
when w e loo k closely ,  B U R L appear s t o explai n behavio r 
on Line ,  bu t  no t  o n Number .  Fo r  Numbe r ,  th e simulatio n 
and subject s diffe r  significantl y o n bot h th e numbe r  o f 
games t o th e first  dra w an d th e numbe r  neede d t o ge t  1 0 
draws .  T o determin e why ,  w e collecte d verba l  jx'otocol s b o m 
severa l  subject s fo r  eac h isomorph .  Th e protocol s fo r  Lin e 
provide d ver y littl e information ,  sinc e subject s wer e abl e t o 
readil y perceiv e th e informatio n neede d t o mak e a  move ; 
however ,  th e N u m b e r  protocol s reveale d tha t  successfu l 
subject s treate d th e tas k a s a  concep t  acquisitio n task .  Thes e 
subject s state d a  possibl e strateg y fo r  selectin g moves ,  the n 
proceede d t o tes t  th e strateg y b y tryin g i t  fo r  severa l  games . 
I n addition ,  althoug h subject s  ̂ pea r  t o d o som e lookahea d 
on Number ,  mos t  onl y attemp t  t o detennin e i f  the y nee d t o 
bloc k th e computer—the y d o no t  chec k t o se e i f  the y ca n 
make a  mov e tha t  woul d forc e th e compute r  t o bloc k them . 
Thus ,  subject s onl y attemp t  a  partia l  one-ste p lookahead . 
Clearly ,  thi s i s  no t  th e typ e o f  tas k fo r  whic h B U R L i s 
applicable .  Fo r  tha t  reason ,  i n th e nex t  experiment ,  w e wil l 
loo k onl y a t  Line . 

Transfer Across Strategies 

Althoug h B U R L appear s t o simulat e th e subjects '  behavio r 
on Line ,  mor e dat a i s neede d t o detennin e precisel y wher e 
th e mode l  migh t  b e right  o r  wrong .  Sinc e B U R L make s 
specifi c  prediction s abou t  th e recognitio n knowledg e tha t 
wil l  b e acquire d durin g a  task ,  a  goo d tes t  i s  t o se e i f 
subject s ar e learnin g th e predicte d knowledge .  On e wa y t o 
tes t  thes e prediction s i s wit h a  transfe r  study .  W h e n th e 
simulatio n learn s t o correctl y solv e Line-1 ,  i t  ha s acquire d a 
larg e bod y o f  recognitio n knowledge .  W e migh t  expec t  som e 
of  thi s knowledg e t o transfe r  t o Line-2 .  Likewise , 
knowledg e fo r  Line- 2 shoul d als o transfe r  t o Line-1 .  Thus , 
we hav e tw o transfe r  conditions :  Line- 1 t o Line- 2 an d Line- 2 
t o Line-1 .  Becaus e Line- 2 i s relativel y quic k t o learn , 
comparativel y littl e recognitio n knowledg e i s acquired . 
Thus ,  w e woul d expec t  t o se e a  lo t  o f  transfe r  fro m Line- 1 
t o Line-2 ,  bu t  littl e transfe r  fro m Line- 2 t o Line-1 . 

We use d th e mode l  t o simulat e 2 0 subject s fo r  eac h 
condition .  Afte r  th e simulation ,  w e collecte d dat a fro m 2 0 
rea l  subject s fo r  eac h condition .  Th e result s ar e show n i n 

Hgur e 4 .  Whe n th e numbe r  o f  game s neede d t o ge t  1 0 draw s 
i n a  ro w wa s use d a s th e measur e o f  transfer ,  a s expected ,  th e 
model  show s transfe r  fro m Line- 1 t o Line- 2 (t(38 )  =  2.65 , 
p< .01 ) ,  bu t  non e fro m Line- 2 \ a Line- 1 it(38 )  =  -0.57 . 
p=.57) .  However ,  th e subject s sho w transfe r  i n th e opposit e 
direction ,  fi-om  Line- 2 t o Line- 1 it(36 )  =  2.18 ,  p<0.04) .  bu t 
not  fro m Line- 1 t o Line- 2 (t(36)=-0.043 ,  p=0.97) .  W h e n th e 
number  o f  game s neede d t o ge t  th e first  dra w wa s use d a s a 
measure ,  th e simulatio n an d experimenta l  result s wer e 
consistent :  ther e wa s n o significan t  transfe r  fro m Line- 1 t o 
Line- 2 (SimulaUon :  t(38)=1.45 ,  p=.16 ;  Subjects :  t(36 )  = 
-1.64 ,  p=0.11 )  O T fro m Line- 2 l o Line- 1 (Simulation : 
t(38)=-0.13 .  p=.90 ;  Subjects :  t(36 )  =  0.66 ,  p=0.52 )  (se e 
Figur e 6) .  Transfe r  wa s measure d a s th e differenc e betwee n 
th e subject s w h o playe d th e isomorp h first  an d thos e w h o 
playe d i t  second . 

I t  seem s tha t  subject s acquire d meta-knowledg e fro m th e 
first  task :  wheneve r  gettin g th e first  draw ,  simpl y m a k e th e 
same move s tha t  lea d t o th e first  dra w t o ge t  th e res t  o f  th e 
10 draws .  Thi s ca n b e easil y see n fro m Figur e 5 .  W h e n 
Line- 1 wa s playe d a s th e first  task ,  subject s neede d 4.2 8 
games t o ge t  th e first  dra w an d 10.1 1 game s befor e gettin g 
10 i n a  row .  Thus ,  o n averag e subject s go t  1 0 draw s i n a 
ro w withi n 5. 8 game s o f  gettin g th e first  draw .  I n contrast , 
when Line- 1 wa s playe d a s th e secon d task ,  subject s neede d 
3.3 5 game s t o ge t  th e first  dra w an d onl y 3. 9 game s befor e 
gettin g 1 0 i n a  row .  Thus ,  o n averag e subject s go t  1 0 draw s 
i n a  ro w witiii n 1. 5 game s o f  gettin g th e first  draw .  Thi s 
meta-knowledg e shoul d hav e a  m u c h large r  effec t  o n Line- 1 
becaus e i t  i s  m u c h harde r  tha n Line-2 .  Sinc e Line- 2 i s 
relativel y eas y (subject' s w h o attemp t  i t  first  nee d onl y 3. 9 
games o n averag e t o ge t  1 0 draws) ,  th e effec t  o f  th e meta -
knowledg e migh t  no t  b e readil y apparent .  I n addition ,  th e 
standar d deviatio n fo r  Line- 2 i s quit e high :  1.09 2 fo r  th e first 
dra w an d 3.16 1 fo r  1 0 draw s i n a  row . 

Conclusion 

B U RL represent s a  natura l  solutio n t o th e proble m o f 
explainin g ho w knowledg e compilatio n ca n b e use d t o 
directl y lear n whe n lookahea d i s limited .  Th e 
implementatio n o f  B U R L a s a  metho d incremen t  i n Soa r 
provide s th e Soa r  use r  wit h a  mor e cognitivel y plausibl e 
lookahea d learnin g metho d tha n th e default ,  exhaustiv e 
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Figur e 4 :  Th e numbe r  o f  game s befor e gettin g 1 0 draw s i n a  ro w i n th e transfe r  study . 
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Simulatio n 

1 r : 

•  Playe d Firs t 
Q Played Second 

LINE- 1 LINE- 2 LINE- 1 LINE- 2 

Figur e 5 :  Th e numbe r  o f  game s neede d t o ge t  th e firs t  draw . 

method .  I n addition ,  thi s wor k provide s additiona l  suppor t 
fo r  th e chunking-learnin g hypothesi s b y showin g h o w 
chunkin g ca n b e applie d t o limite d lookahea d learning .  Th e 
experiment s describe d abov e sho w tha t  B U R L ca n explai n 
some o f  th e behaviora l  regularitie s o f  huma n learning ; 
however ,  the y als o revea l  possibl e discrepancie s i n th e typ e 
of  knowledg e acquire d durin g proble m solving .  T o refin e 
B U RL w e ar e plannin g t o conduc t  a  detaile d model-tracin g 
analysi s o f  th e mode l  usin g individua l  subjec t  moves .  Thi s 
wil l  allo w u s t o us e th e precis e bia s use d b y eac h subjec t 
and wil l  provid e additiona l  detail s concernin g wher e th e 
model  fit s  an d doe s no t  fi t  th e data . 
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