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Abstrac t 

As they gain expertise in problem solving, people 
increasingl y rel y o n pattern s an d spatially-oriente d reasoning . 
Thi s pape r  describe s th e integratio n o f  a n associativ e visua l 
patter n classifie r  an d th e automate d acquisitio n o f  new ,  spa -
tially-oriente d reasonin g agent s tha t  simulat e suc h behavior . 
They ar e incorporate d int o a  game-learnin g progra m whos e 
architectur e robustl y combine s agent s wit h conflictin g per -
spectives .  Whe n teste d o n thre e games ,  th e visua l  patter n 
classifie r  leam s meaningfu l  patterns ,  an d th e pattern-based , 
spatially-oriente d agent s generalize d fi-o m thes e pattern s ar e 
generall y correct .  Th e trustworthines s an d relevanc e o f  thes e 
agent s ar e confirme d wit h a n algorith m tha t  measure s th e ac -
curac y o f  th e contributio n o f  eac h agen t  t o th e decision-mak -
in g process .  Muc h o f  th e knowledg e encapsulate d b y th e cor -
rec t  ne w agent s wa s previousl y inexpressibl e i n th e program' s 
representatio n an d i n som e case s i s  no t  readil y deducibl e fro m 
th e rules . 

Pattern Learning in Game Playing 

In this paj)er we describe the use of an associative visual 
m e m o ry an d spatially-oriente d reasonin g agent s i n two-per -
son ,  perfec t  information ,  finite-boar d games .  Thi s approac h 
use s tw o kind s o f  pattern-oriente d learnin g fo r  gam e play -
ing :  th e associatio n o f  particula r  pattem s wit h successfti l  o r 
unsuccessfti l  play ,  an d th e constructio n o f  spatially-oriente d 
heuristic s fro m thos e pattems .  Figur e 1(a) ,  wher e th e empt y 
location s ar e blank s an d #  denote s "don' t  care, "  i s a n exam -
pl e o f  th e first  kin d o f  patter n learning ;  i t  Unk s a  particula r 
patter n fro m tic-tac-to e wit h succes s fo r  X .  I n an y symmet -
ri c orientatio n an d whateve r  th e #  square s contain ,  a  huma n 
exper t  associate s suc h a  configuratio n wit h a  wi n fo r  X . 

Alon g wit h particula r  pattems ,  game-playin g expert s us e 
mor e genera l  bu t  equall y salien t  heuristic s a s spatially-ori -
ente d "rule s o f  thumb. "  Figur e 1(b )  i s  a n exampl e o f  th e 
secon d kin d o f  patte m learning .  I t  i s  th e spatially-oriente d 
heuristi c "reflec t  O' s m o v e throug h th e center, "  prove d t o b e 
optima l  pla y fo r  X  i n th e gam e o f  los e tic-tac-to e (Cohen , 
1972) .  Advic e from  expert s o n h o w t o analyz e an d pla y 
games i s repeatedl y couche d i n th e languag e o f  suc h spa -
tially-oriente d pattems .  Ches s an d checker s ar e discusse d i n 
term s o f  controllin g th e cente r  o f  th e board ,  whil e contro l  o f 
th e edge s i s  cmcia l  i n Othell o (Fine ,  1989 ;  Gelfer ,  1991 ; 
Le e &  Mahajan ,  1990 ;  Samuel ,  1963) .  Concept s suc h a s 
shap e an d thicknes s ar e fiindamenta l  t o th e gam e o f  G o 
(Hideo ,  1992 ;  Iwamoto ,  1976 ;  Yoshio ,  1991) .  A s peopl e 
improv e thei r  expertis e i n gam e playing ,  the y increasingl y 
emplo y spatially-oriente d heuristics ,  an d trea t  the m a s com -

pile d knowledge ,  integrate d bu t  n o longe r  reasone d about . 
To lear n patte m associations ,  program s us e a  featur e lan -

guag e an d inductiv e learnin g algorithm s tha t  operat e o n 
game state s describe d i n tha t  language .  D e Groo t  propose d a 
recognition-associatio n mode l  t o explai n huma n ches s skil l 
i n term s o f  spatia l  pattem s (d e Groot ,  1965) .  Chas e an d 
Simo n refine d thi s mode l  t o includ e recal l  from  lon g ter m 
memory i n term s o f  spatia l  chunk s (Chas e &  Simon ,  1973 ; 
Simo n &  Gilmartin ,  1973) .  Ther e ar e severa l  ches s playin g 
program s tha t  capitaliz e upo n pattem s (Georg e &  Schaeffer , 
1991 ;  Levinso n &  Snyder ,  1991) .  Applyin g learne d pattem s 
t o gam e playing ,  however ,  ha s prove d somewha t  problem -
atic .  Ther e ar e usuall y a  grea t  man y o f  the m an d matchin g i s 
non-trivial .  T 2 an d Zenith ,  fo r  example ,  leame d predicat e 
calculu s expression s fo r  tic-tac-to e an d Othello ,  respectivel y 
(Fawcet t  &  Utgoff ,  1991 ;  Yee ,  Saxena ,  Utgoff ,  &  Barto , 
1990) .  O n on e ru n T 2 leame d 4 5 tic-tac-to e concept s wit h 
52 exceptio n clause s afte r  80 0 contests ,  a  grea t  man y fo r  s o 
simpl e a  game . 

I n th e woi k describe d here ,  leame d patte m knowledg e i s 
use d t o constmc t  higher-order ,  spatially-base d reasonin g 
agents .  Program s tha t  lea m concept s from  game-playin g ex -
perienc e hav e i n th e pas t  bee n hampere d b y a  predicat e cal -
culu s representatio n tha t  lack s incisiveness ,  an d b y exhaus -
tiv e explanatio n o f  inconsistencie s fo r  position s tha t  ma y 
hav e n o consequenc e i n th e strategi c pla y o f  th e gam e 
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Figure 1: (a) A tic-tac-toe pattem that X associates with 
winning .  #  denote s "don' t  care. "  (b )  "Reflec t  throug h th e 
center, "  a  spatially-oriente d heuristi c fo r  los e tic-tac-toe . 
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(Fawcett ,  e t  al. ,  1991 ;  Yee ,  e t  al. ,  1990) .  Th e proces s w e de -
scribe ,  i n contrast ,  i s  abl e t o dea l  wit h inconsistencie s ro -
bustl y whil e i t  focxise s attentio n o n thos e situation s contain -
in g importan t  visua l  patterns .  Mos t  importantly ,  a  dynami c 
filtering  proces s continuall y refine s th e content s o f  th e pat -
ter n memor y t o assur e that ,  a s th e game-leanun g progra m 
becomes mor e expert ,  concep t  formatio n become s increas -
iî l y  accurate . 

The long-rang e objectiv e o f  thi s wor k i s t o creat e a  heuris -
tically-base d decisio n make r  tha t  learn s rapidl y enoug h t o 
participat e i n inteUigen t  behavio r  whil e i t  i s  stil l  acquirin g 
knowledge .  Wit h a  hierarchica l  multi-agen t  system ,  th e 
presenc e o f  othe r  mor e genera l  proble m solvin g advisor s 
prevent s incorrec t  actions ,  especiall y durin g earl y experi -
enc e whil e learning .  Thi s pape r  report s tha t  pattern-oriente d 
learnin g function s a s anticipate d withi n thi s environment . 
We foim d tha t  th e validatio n proces s fo r  newl y create d 
agent s performe d properly ,  an d tha t  th e syste m worke d 
smoothl y a s knowledg e wa s bein g refine d durin g th e learn -
in g process .  W e believ e tha t  thi s proces s o f  creatin g ne w 
agent s an d testin g thei r  correctnes s i n a  multiple-agen t  pro -
gra m i s unique . 

A Game-Learning Program 

There is evidence that humans integrate a variety of strate-
gie s t o accomplis h proble m solvin g (Biswas ,  Goldman , 
Fisher ,  Bhuva ,  &  Glewwe ,  1995) .  Ther e i s als o evidenc e 
tha t  multiple ,  concurren t  processin g stream s exis t  i n th e 
brain ,  eac h performin g a  componen t  o f  a  comple x task . 
Automati c behavior s produc e a  locu s o f  activit y i n th e brai n 
differen t  fi-om  tha t  o f  simila r  task s requirin g mor e cognitiv e 
processin g (Grafton ,  Hazeltine ,  &  Ivry ,  I n press ;  Raichle ,  e t 
al. ,  1994 ;  Wallace ,  Silberstein ,  Bluff ,  &  Pipingas ,  I n press) . 
I n addition ,  durin g skil l  acquisitio n th e locu s o f  activit y i n 
th e brai n shift s fro m cognitiv e t o associativ e area s wit h 
practic e (Grafton ,  e t  al ,  I n press ,  Raichle ,  e t  al. ,  1994 ; 
Wallace ,  e t  al. .  I n press) .  Th e primat e visua l  syste m ha s 
pathway s fo r  form ,  place ,  motion ,  an d colo r  (DeYo e &  Va n 
Essen ,  1988 ;  Ungerleide r  &  Mishkin ,  1982) .  Informatio n 
fro m thes e stream s i s combine d t o for m a  perceptio n o f  th e 
visibl e worl d (Kandel ,  1991) .  I n addition ,  i t  ha s bee n foun d 
tha t  differen t  part s o f  th e brai n ar e activate d whe n decision s 
ar e bein g mad e abou t  differen t  strategi c aspect s o f  ches s 
(Nichelli ,  e t  al. ,  1994) . 

The mechanism s w e describ e belo w simulat e thes e fea -
tures .  Hoyl e i s a  progra m tha t  leam s t o pla y two-person ,  per -
fec t  information ,  finite-board  games .  I t  i s  base d o n a  learn -
in g an d problem-solvin g architectur e fo r  skill s  calle d 
F O R R,  predicate d upo n multipl e rationale s fo r  decisio n 
makin g (Epstein ,  1994a) .  F O R R employ s multipl e concur -
ren t  processin g streams .  Hoyle ,  a s modifie d here ,  include s a 
separat e strea m fo r  patter n learning .  Th e transition s i n th e 
way Hoyl e treat s pattern s mode l  th e automaticit y shift s de -
tecte d i n human s durin g skil l  learning . 

Hoyl e leam s t o pla y i n competitio n agains t  a  hand-crafted , 
externa l  exper t  progra m fo r  eac h specifi c  ne w game . 
Whenever  i t  i s  Hoyle' s m m t o move ,  a  hierarch y o f  re -
source-limite d procedure s calle d Advisor s i s provide d wit h 
th e curren t  gam e state ,  th e lega l  moves ,  an d an y usefu l 

knowledg e (descnbe d below )  alread y acquire d abou t  th e 
game. 

Hoyl e ha s 2 3 heuristi c Advisor s m tw o tiers .  Th e firs t  tie r 
sequentiall y  attempt s t o comput e a  decisio n base d upo n 
correc t  knowledge ,  shallo w search ,  an d simpl e inference , 
suc h a s Victory' s "mak e a  mov e tha t  win s th e contes t  im -
mediately. "  I f  n o singl e decisio n i s forthcoming ,  the n th e 
secon d tie r  collectivel y make s man y les s reliabl e recom -
mendation s base d upo n narro w viewpoints ,  suc h a s Materi -
al' s  "maximiz e th e numbe r  o f  you r  marker s an d minimiz e 
th e numbe r  o f  you r  opponent's. "  A n Adviso r  output s it s 
recommendation s i n th e for m o f  comments .  A  commen t  i s o f 
th e for m 

<Advisor ,  action ,  strength > 
wher e strengt h i s a n mtege r  fro m 0  t o 1 0 tha t  measure s th e 
intensit y an d directio n o f  opinion .  Give n th e Advisors '  rec -
ommendations ,  a  simpl e arithmeti c vot e select s a  mov e tha t 
i s forwarde d t o th e game-playin g algorith m fo r  execution . 

Althoug h 2 3 m a y appea r  t o b e quit e a  fe w Advisors ,  the y 
do a  larg e jo b wit h remarkabl e efficiency .  Hoyl e leam s t o 
pla y five  men' s morri s wit h abou t  9  millio n state s expertly , 
fo r  example ,  durin g exposur e t o abou t  .012 % o f  th e searc h 
space ,  an d explicitl y  retain s dat a o n onl y abou t  .006 % o f  th e 
state s i n th e gam e graph .  Hoyl e play s withou t  eve r  searchin g 
mor e tha n tw o pl y (on e mov e fo r  eac h contestant )  ahea d i n 
th e gam e tree . 

Hoyl e leam s from  it s experienc e t o mak e bette r  decision s 
base d o n acquire d usefu l  knowledge .  Useju l  knowledg e i s 
expecte d t o b e relevan t  t o futur e pla y an d i s probabl y correc t 
i n th e ful l  contex t  o f  th e gam e tree .  Example s o f  usefii l 
knowledg e includ e recommende d opening s an d state s from 
whic h a  wi n i s alway s achievabl e wit h perfec t  pla y o n bot h 
sides .  Eac h ite m o f  usefii l  knowledg e i s associate d wit h a t 
leas t  on e learnin g algorithm .  Th e learnin g method s fo r  use -
fu l  knowledg e vary .  Th e learnin g algorithm s ar e highl y se -
lectiv e abou t  wha t  the y retain ;  the y m a y generaliz e an d the y 
may choos e t o discar d previousl y acquire d knowledge . 
Furthe r  detail s o n Hoyl e ar e availabl e i n (Epstein ,  1992) . 

Learning to Use and Apply Patterns 

The cmx of this paper is the addition to Hoyle of pattern 
learnin g an d it s applicatio n i n new ,  game-dependen t  third -
tie r  Advisors .  Th e implementatio n o f  patte m leamin g an d it s 
applicatio n wer e inspire d b y repeate d laborator y experience s 
wit h people ,  i n th e contex t  o f  man y differen t  games .  Colleg e 
student s spok e about ,  reacte d to ,  an d relie d upo n familiar , 
sometime s symmetricall y transposed ,  pattern s whil e leam -
in g (Ratterma n &  Epstein ,  1995) .  Later ,  the y relie d heavil y 
upo n thes e pattern s a s a  kin d o f  compile d expertise . 

I n thi s work ,  visually-perceive d regularitie s ar e repre -
sente d a s pa^^'m^ ,  smal l  geometri c arrangement s o f  marke r 
type s (e.g. ,  black ,  X )  an d unoccupie d position s (blanks )  i n a 
particula r  geographica l  location .  A n associativ e patte m 
stor e provide s a  heuristically-organize d databas e tha t  link s 
pattern s wit h contes t  outcom e (win ,  loss ,  o r  draw) .  Th e as -
sociativ e patte m stor e include s a  se t  o f  templates ,  a  waitin g 
list ,  a  patte m cach e an d generate d spatia l  concepts . 

Figur e 2  provide s a n overvie w o f  th e patte m matche r  an d 
th e developmen t  o f  pattern-base d Advisor s from  th e game -
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Figure 2: A schematic diagram of the associative pattern 
learnin g an d spatia l  concep t  formatio n system . 

specific associative pattern store. There are four stages de-
taile d here :  associate ,  generahze ,  proceduralize ,  an d vali -
date .  Onc e pattern s ar e identified ,  the y ar e associate d o n th e 
waitin g lis t  wit h winning ,  losing ,  o r  drawing .  Pattern s tha t 
persis t  ove r  tim e an d ar e identifie d wit h a  singl e consisten t 
outcom e m o v e fi^om  th e waitin g lis t  t o th e patter n cache . 
Pattern s i n th e cach e ar e proceduralize d vi a a n associativ e 
patter n classifier ,  a  new ,  game-independen t  Adviso r  calle d 
Patsy .  Periodi c sweep s throug h th e patter n cach e als o at -
temp t  t o generaliz e set s o f  pattern s int o concepts .  Concept s 
ar e proceduralize d a s individual ,  game-specifi c  Advisor s 
tha t  ar e the n vahdate d durin g subsequen t  learning .  Finally , 
th e patter n matche r  improve s a s Hoyl e learn s t o constrai n 
patter n generatio n b y excludin g uninformativ e patterns . 

Formulating Concepts from the Pattern Cache 

Cached patterns are a rich source of information about the 
marke r  cluster s t o b e see n durin g a  particula r  game .  S o m e o f 
the m ough t  t o b e forgotten ;  other s ar e worth y o f  elevatio n t o 
concept s tha t  driv e game-dependen t  Advisors .  Th e identifi -
catio n o f  bot h kind s o f  pattern s i s don e durin g a  periodi c 
swee p o f  th e patter n cache .  Currently ,  th e first  swee p o f  th e 
patter n cach e t o for m concepts  i s afte r  1 5 contests ,  an d the n 
th e frequenc y i s recompute d a s a  fionction  o f  a  confidenc e 
paramete r  afte r  eac h sweep . 

Generalizatio n summarize s a  se t  o f  detaile d experience s 
int o a  mor e usefu l  an d efficien t  representation .  Hoyl e ha s 
tw o generalizatio n rule s t o for m concepts .  Pattern s i n a 
cach e ar e sai d t o agre e whe n the y originat e from  th e sam e 

templat e an d pertai n t o th e sam e stag e o f  th e game . 
•  Give n distinc t  agreein g pattern s PI ,  P2 ,  an d P 3 wit h q  ?' s 
tha t  hav e th e sam e move r  an d single ,  non-zer o response ,  an d 
ar e identical ,  excep t  tha t  i n th e /t h positio n P I  ha s a  black , 
P2 a  white ,  an d P 3 a  ni l  value ,  construc t  a  ne w patter n P  o n 
th e q- l  ?' s othe r  tha n th e /th .  A n exampl e appear s i n Figur e 

3(a) . 
•  Give n distinc t  agreein g pattern s P I  an d P 2 suc h tha t  inter -
changin g th e contestants '  marker s an d changin g th e move r 
i n P I  result s i n P 2 wit h th e opposit e singl e non-zer o re -
sponse ,  construc t  a  n e w patter n P  wit h variabl e plac e hold -
er s a  fo r  blac k an d P  fo r  white .  A n exampl e appear s i n 
Figur e 3(b) . 
The cach e i s organize d t o suppor t  fas t  detectio n o f  agreein g 
patterns . 

Proceduralization 

Proceduralization is the transformation of expert knowledge 
int o exper t  behavior .  Thi s i s a  non-trivia l  tas k i n A I 
(Mostow ,  1983) .  W h e n ther e i s m u c h dat a o r  i t  conflict s i n 
it s potentia l  application ,  a s wit h patter n knowledge ,  interest -
in g challenge s arise .  Eac h segmen t  o f  th e associativ e patte m 
stor e therefor e relate s differentl y t o decisio n making . 
Pattern s o n th e waitin g lis t  hav e n o impac t  o n decisio n mak -
in g a t  all .  Pattern s i n th e cach e serv e a s inpu t  t o th e associa -
tiv e patte m classifier .  Patsy .  Pattern-base d concept s becom e 
game-specifi c  Advisors . 

The new ,  game-independent ,  second-tie r  Adviso r  Pats y 
rank s lega l  nex t  move s base d o n th e w a y th e state s the y en -
gende r  matc h pattern s i n th e cache .  Pats y consider s th e se t 
of  possibl e nex t  state s resuhin g from  th e curren t  lega l 
moves .  Eac h nex t  stat e i s compare d wit h th e pattern s i n th e 
appropriate ,  game-specifi c  cache .  N o n e w pattern s ar e 
cache d durin g thi s process .  Eac h patte m i s assigne d a  valu e 
compute d from  th e tota l  numbe r  o f  won ,  los t  an d dra w con -
test s sinc e th e patte m wa s first  seen .  Th e strengt h o f  Patsy' s 
comment  o n eac h lega l  nex t  m o v e i s a  functio n o f  th e value s 
of  th e pattem s i n th e stat e t o whic h i t  leads .  Thu s Pats y en -
courages  move s tha t  lea d t o state s introducin g pattem s asso -
ciate d wit h a  wi n o r  a  draw ,  whil e i t  discourage s move s tha t 
lea d t o state s introducin g pattem s associate d wit h a  loss . 

Eac h concep t  i s proceduralize d a s a  new ,  third-tier ,  game -
specifi c  Advisor .  I f  th e perfectly-correct ,  game-independen t 
first-tie r  Advisor s ca n selec t  a  m o v e wit h thei r  game-spe -
cifi c  usefii l  knowledge ,  the y d o so  an d th e secon d tie r  i s 
neve r  consulted .  I f  th e heuristi c bu t  generall y correct ,  game -

For  th e templat e 

(a )  ifPll s P2I S 
NIL 

and P 3 I s 
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then P 
' • n 

(b )  IfPll s P2I S 

_o 
For  blac k f  < "  *"" • 

the n P  I s 

P 

Figur e 3 :  T w o generalizatio n mle s tha t  ar e applie d t o 
pattem s t o formulat e concepts . 

564 



independen t  second-tie r  Advisor s ca n agre e upo n a  m o v e 
wit h thei r  game-specifi c  usefu l  knowledge ,  the y d o so . 
Otherwis e th e move s judge d equall y goo d b y th e secon d tie r 
ar e forwarde d t o th e newly-create d thir d tie r  o f  game-de -
pendent ,  pattern-base d Advisors . 

Validation of New Advisors 

As new, pattern-based Advisors are introduced and Hoyle's 
skil l  develop s further ,  som e o f  the m m a y prov e irrelevant , 
self-contradictory ,  o r  untrustworthy ,  despit e prio r  empirica l 
evidenc e o f  thei r  vahdity .  Credit^lam e assignmen t  i n a  do -
mai n suc h a s thi s i s extremel y difficuh .  A t  th e en d o f  a  con -
test ,  i t  i s  difficult ,  eve n fo r  huma n experts ,  t o pinpoin t  th e 
move tha t  w o n o r  lost .  Th e significan t  decisio n m a y hav e 
bee n earl y i n play ,  o r  m a y hav e bee n a  se t  o f  move s rathe r 
tha n a n individua l  one .  Rathe r  tha n credi t  o r  blam e a  partic -
ula r  move ,  w e hav e chose n t o credi t  o r  blam e th e Advisor s 
tha t  suppor t  expert-hk e behavior . 

Consider ,  fo r  example ,  a  hypothetica l  gam e stat e i n whic h 
Hoyl e ha s onl y second-tie r  comment s 

<Advisor-l ,  move-1 ,  strength-1 > 
and 

<Advisor-2 ,  move-2 ,  strength-2> . 
Unti l  now ,  i f  strength- 1 an d strength- 2 wer e equal ,  th e vot e 
woul d b e a  tie ,  an d on e o f  th e move s woul d hav e bee n cho -
sen a t  random .  Bu t  i f  Advisor- 2 wer e mor e trustworth y i n 
thi s particula r  game ,  it s commen t  shoul d hav e mor e influ -
ence .  Thi s approac h hold s th e rational e behin d action s ac -
countable ,  rathe r  tha n th e action s themselves .  Irrelevan t  an d 
self-contradictor y Advisor s i n a  particula r  gam e shoul d hav e 
weigh t  0 ,  an d mor e trustworth y Advisor s shoul d hav e highe r 
weight s tha n les s trustworth y ones .  Empirica l  experienc e 
wit h Hoyl e indicate s tha t  thes e weight s ar e problem-clas s 
specific ,  i.e. ,  a  n e w ite m o f  usefu l  knowledg e t o b e learned . 

Wit h a n externa l  mode l  o f  expertis e a s it s performanc e 
criterion ,  w e us e A W L ,  a  perceptron-lik e model ,  t o lear n 
problem-class-specifi c  weight s fo r  th e [  procedur e (Epstein , 
1994b) .  A W L run s a t  th e en d o f  ever y contes t  Hoyl e play s 
agains t  a n externa l  (huma n o r  computer )  expert .  Th e 
algorith m considers ,  on e a t  a  time ,  onl y thos e state s i n 
whic h i t  wa s th e expert' s  tur n t o m o v e an d Hoyle' s firs t  tie r 
woul d no t  hav e mad e a  decision .  Fo r  eac h suc h state ,  A W L 
distinguishe s amon g suppor t  an d oppositio n fo r  th e expert' s 
recorde d mov e an d fo r  othe r  moves .  Essentially ,  Hoyl e 
learn s t o wha t  exten t  eac h o f  it s  Advisor s simulate s 
expertise ,  a s exemplifie d b y th e expert' s  moves .  A W L 
cumulativel y adjust s th e weight s o f  second-tie r  an d third -
tie r  Advisor s a t  th e en d o f  eac h contes t  (whethe r  o r  no t  th e 
thir d tie r  woul d actuall y hav e vote d durin g play) ,  an d use s 
thos e weight s t o mak e decision s throughou t  th e subsequen t 
contest .  Thes e weight s ar e determine d b y a  modificatio n o f 
Littlestone' s learnin g algorith m (Littlestone ,  1988) . 

Results 

In all the experiments described here, Hoyle alternately 
moved first  i n on e contes t  an d secon d i n th e next .  Suc h a 
tria l  continue d unti l  Hoyl e wa s sai d t o hav e learne d t o pla y a 
game becaus e i t  coul d dra w n  consecutiv e contest s i n thi s 
environment .  Onc e i t  me t  thi s behaviora l  standard ,  learnin g 

was turne d of f  an d th e progra m wa s teste d agains t  fou r  chal -
lenger s tha t  simulate d perfect ,  exper t  ( 1 0 % rando m m o v e 
selection ,  9 0 % perfect) ,  novic e ( 7 0 % rando m m o v e selec -
tion ,  3 0 % perfect) ,  an d rando m contestants .  Durin g testing , 
reliabilit y  measure s th e consistenc y wit h whic h th e progra m 
ca n continu e t o wi n o r  dra w agains t  contestant s o f  varyin g 
strengths ,  an d powe r  measure s th e abilit y  o f  th e progra m t o 
defea t  contestant s o f  variou s strength s (Epstein ,  1994c) . 

We hav e use d pattern-base d learnin g wit h Hoyl e i n tic -
tac-toe ,  los e tic-tac-to e (playe d exactl y lik e tic-tac-to e ex -
cep t  tha t  th e first  contestan t  t o achiev e thre e o f  th e sam e 
playin g piec e alon g a  row ,  column ,  o r  diagona l  loses) ,  an d 
five  men' s morris .  Thi s gam e ha s tw o contestants ,  blac k an d 
white ,  eac h wit h five  markers .  A  contes t  a t  thi s gam e i s 
playe d o n a  boar d lik e tha t  i n Figur e 5  an d ha s tw o stages :  a 
placin g stage ,  wher e initiall y  th e boar d i s empty ,  an d th e 
contestant s alternat e placin g on e o f  thei r  marker s o n an y 
empt y position ,  an d a  slidin g stage ,  wher e a  tur n consist s o f 
slidin g one' s marke r  alon g an y lin e draw n o n th e gam e 
boar d t o a n immediatel y adjacen t  empt y position .  A  marke r 
m ay no t  j um p ove r  anothe r  marke r  o r  b e lifte d fi-om  th e 
boar d durin g a  slide .  Thre e marker s o f  th e sam e colo r  o n 
immec'iatel y adjacen t  position s o n a  lin e for m a  mill .  Eac h 
tim e a  contestan t  construct s a  mill ,  sh e capture s (removes ) 
on e o f  th e othe r  contestant' s marker s tha t  i s  no t  i n a  mill . 
Onl y i f  th e othe r  contestant' s marker s ar e al l  i n mills ,  doe s 
she captur e on e fro m a  mill .  Th e first  contestan t  reduce d t o 
tw o markers ,  o r  unabl e t o move ,  loses . 

Sinc e Hoyl e ha d ahead y learne d t o pla y al l  th e game s 
studie d her e expertl y afte r  relativel y fe w contests ,  thes e ex -
periment s wer e intende d t o demonstrat e tha t  game-depen -
dent  visua l  pattern s exis t  an d persist ,  despit e th e non-deter -
minis m o f  th e learnin g experience .  The y als o showe d tha t 
suc h pattern s ca n b e gathere d withou t  a  combinatori c ex -
plosion ,  an d tha t  th e transitio n fro m waitin g hs t  t o patter n 
cach e t o concep t  an d Adviso r  i s warranted .  Furthermor e i t 
was show n tha t  new ,  game-specifi c  Advisor s ca n b e learne d 
and manage d appropriately ,  al l  withou t  reducin g th e pro -
gram' s abilit y  t o play . 

The potentia l  computationa l  overhea d fo r  concep t  forma -
tio n i s avoided .  Ver y fe w o f  th e possibl e pattern s eve r  ap -
pear  o n th e waitin g lis t  o r  i n th e cache .  Eve n fewe r  ar e e m -
phasize d a s th e conceptua l  ground s fo r  a  heuristi c Advisor , 
and som e ar e learne d t o b e uninformative .  I n tic-tac-toe ,  de -
spit e th e potentiall y  larg e niunbe r  o f  patterns ,  afte r  learnin g 
ther e wer e 5 8 pattern s i n th e waitin g list ,  22. 2 pattern s i n th e 
cache ,  4. 2 uninformativ e patterns ,  an d 6. 4 concepts ,  al l  fo r 
draws .  I n los e tic-tac-toe ,  wit h jus t  a s man y potentia l  pat -
terns ,  afte r  learnin g ther e wer e 58. 8 pattern s i n th e waitin g 
list ,  57. 2 pattern s i n th e cache ,  1. 4 uninformativ e patterns , 
and 1 9 concepts ,  som e fo r  draw s an d other s fo r  losses . 

Furthermore ,  th e Adviso r  Pats y i s highl y weighte d b y th e 
A WL validatio n algorithm .  Afte r  learnin g tic-tac-toe . 
Patsy' s averag e ran k b y weigh t  amon g th e Advisor s i n th e 
secon d tie r  wa s 3  ou t  o f  17 ;  afte r  learnin g los e tic-tac-to e 
Patsy' s averag e ran k wa s 6. 5 ou t  o f  17 .  A W L assesse s Pats y 
t o b e a  valuabl e Advisor .  Th e growt h i n th e weigh t  o f  Pats y 
and i n th e weight s o f  th e pattern-base d Advisor s simulate s 
th e transitio n from  high-leve l  reasonin g t o skil l  learning . 

Wit h sufficien t  experience ,  Hoyl e learn s onl y correc t  as -
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Figur e 4 :  S o m e learne d concept s fo r  tic-tac-to e an d los e tic-
tac-toe .  Not e tha t  th e move r  fo r  a  concep t  i s i n th e curren t 
state ,  bu t  th e patter n i s matche d fo r  th e subsequen t  state . 

sociations, ones considered relevant and significant by hu-
m an experts .  Th e firs t  concep t  i n Figur e 4 ,  fo r  example ,  de -
scribe s contro l  o f  th e center .  Althoug h i t  appear s t o b e a 
simpl e pattern ,  i t  i s  actuall y a  generalizatio n ove r  a  se t  o f 
persisten t  patterns .  Th e secon d concep t  i n Figur e 4  block s a 
potentia l  ro w o f  thre e i n it s center . 

I n addition ,  concept s ar e learne d whic h wer e previousl y 
inexpressibl e i n Hoyle' s representation .  A n exampl e o f  thi s 
jqjpear s i n los e tic-tac-to e where ,  t o pla y th e rol e o f  X  per -
fectly ,  on e mus t  m o v e i n th e locatio n tha t  i s th e reflection , 
throug h th e center ,  o f  O' s las t  move .  Suc h reflectio n wa s no t 
previousl y expressibl e i n Hoyle' s usefti l  knowledge ,  bu t  i s 
n o w learne d a s th e las t  pai r  o f  dra w concept s i n Figur e 4 . 
(Not e that ,  wat h symmetry ,  vertica l  reflectio n throug h th e 
cente r  encompasse s horizonta l  reflectio n an d on e diagona l 
reflectio n encompasse s th e other. ) 

Th e progra m experience s th e rule s o f  a  gam e onl y a s a  se t 
o f  "blac k boxes "  tha t  retur n th e curren t  state ,  th e lega l 
moves fro m it ,  an d whethe r  o r  no t  a  stat e resuh s i n a  win ,  a 
loss ,  o r  a  draw .  Consider ,  fo r  example ,  wha t  w e ter m her e 
confinement ,  th e concep t  o f  restrictin g a  five  men' s morri s 
marke r  t o a  come r  s o tha t  i t  ca n n o longe r  slide .  (Recal l  tha t 
a morri s contestan t  unabl e t o slid e loses. )  Confinement ,  th e 
rightmos t  concep t  i n Figur e 5 ,  i s  learne d b y Hoyl e o n ever y 
run .  Th e concep t  o f  a  mil l  (thre e marker s o f  th e sam e colo r 
o n immediatel y adjacen t  position s o n a  hne )  wa s als o previ -
ousl y outsid e th e program' s knowledge .  (Hoyl e onl y know s 
tha t  certai n move s permi t  i t  t o capture ,  bu t  no t  why. )  N o w 
o n ever y ru n o f  five  men' s morris ,  Hoyl e learn s th e first  tw o 
concept s i n Figur e 5  a s a  pai r  o f  Advisor s tha t  subgoa l  o n 
mills . 

We foun d tha t  valu e o f  pattern-base d heuristic s i s 
confirme d i n continue d play .  Th e reflectio n Advisor s fo r 
los e tic-tac-to e an d th e mil l  Advisor s fo r  five  men' s morri s 
hav e weight s tha t  remai n a m o n g th e to p fe w i n th e thir d tie r 
durin g learnin g wit h A W L .  Althoug h th e reflectio n 
Advisor s ten d t o emerg e onl y afte r  8 0 o r  s o contests ,  the y 
typicall y achiev e weight s highe r  tha n 1 0 o f  th e 1 7 second -

For  a For  a For p 

(3> ^  ) - ^ 
#-#- 4 

) i  S' '  : 
c o n f i n e m e n t 

Figur e 5 :  S o m e learne d concept s fo r  five  men' s morris .  Not e 
tha t  th e move r  fo r  a  concep t  i s i n th e curren t  state ,  bu t  th e 
patter n i s matche d fo r  th e subsequen t  state . 

tie r  Advisors ,  i.e. ,  learned ,  game-specifi c  knowledg e prove s 
mor e powerfli l  tha n m u c h o f  th e mor e genera l  game -
independen t  knowledg e supplie d b y th e othe r  advisors . 

We not e tha t  ther e i s a  refuiemen t  o f  th e content s o f  bot h 

th e waitin g lis t  an d patter n m e m o r y du e t o th e threshol d fo r 
a patter n t o ge t  int o th e waitin g list ,  agin g i n bot h th e wait -
in g lis t  an d patter n memory ,  an d th e managemen t  o f  bot h 
consisten t  an d inconsisten t  entries .  Althoug h w e di d no t 
perfor m a  quantitativ e stud y o f  thi s m e m o r y refuiemen t  pro -
cess ,  w e di d find  tha t  withou t  i t  performanc e wa s degraded . 
Thi s proces s i s ongoin g an d constantl y refine s th e storag e o f 
importan t  pattern s wit h experience . 

Discussion 

Our work not only integrates pattern learning with high-
leve l  reasoning ,  i t  als o suggest s h o w th e forme r  graduall y 
comes t o suppor t  an d enhanc e th e latter .  W e d o no t  advocat e 
relianc e o n pattern-learnin g alone .  Tha t  woul d ignor e th e 
othe r  higher-leve l  processe s quit e eviden t  i n humans . 
Indeed ,  Hoyl e learn s m a n y othe r  kind s o f  usefii l  knowledg e 
detaile d elsewher e (Epstei n 1992) .  Patter n learnin g is ,  how -
ever ,  a n importan t  componen t  i n skil l  development ,  on e tha t 
thos e intereste d i n th e simulatio n o f  h u m a n intelligenc e o r 
th e desig n o f  adaptiv e game-playin g program s canno t  affor d 
t o ignore . 

Eac h o f  th e pattern s Hoyl e n o w learn s i s a  generalizatio n 
ove r  a  clas s o f  state s tha t  occur s wit h som e fl-equency  an d 
contain s a  simpl e configuratio n o f  spatially-relate d markers . 
Thes e pattern s occu r  i n th e contex t  o f  a  particula r  stag e o f 
th e gam e an d ar e consistentl y associate d wit h a  singl e out -
come.  A n associativ e patter n classifie r  provide s learnin g 
whos e possibl y prematur e guidanc e i s tempere d b y th e 
higher-leve l  reasonin g o f  th e othe r  Advisors .  W h e n w e forc e 
pattern s t o prov e thei r  reliabiht y an d importanc e befor e the y 
ca n ente r  th e cache ,  w e reduc e th e combinatoric s tha t  woul d 
otherwis e confron t  th e generalizer .  Mor e experienced ,  con -
cept-base d Advisor s graduall y emerg e t o emphasiz e broade r 
generalities ,  an d ar e expecte d t o advocat e exper t  pla y t o re -
tai n thei r  status .  Finally ,  th e identificatio n an d exclusio n o f 
uninformativ e pattern s constrain s th e patter n generato r  an d 
thereb y focuse s th e entir e proces s mor e intelhgently . 

For  thi s initia l  tes t  w e use d simpl e game s an d mad e a 
number  o f  simplification s i n th e individua l  component s o f 
th e program .  Th e Advisor ,  Patsy ,  base d o n individua l  pat -
tern s wa s place d i n th e secon d tie r  o f  Hoyle .  Th e correc t  tie r 
assignmen t  fo r  th e n e w Advisor s create d from  pattern-base d 
concept s i s anothe r  subjec t  o f  curren t  research .  The y wer e 
al l  place d i n a  thir d tie r  fo r  th e experiment s describe d here , 
t o avoi d interferenc e wit h a  preexistin g secon d tie r  tha t 
alread y worke d quit e well .  T o improv e computationa l  effi -
ciency ,  however ,  an d t o mode l  th e transitio n t o automaticity , 
th e pattern-base d Advisor s shoul d resid e i n th e secon d tier . 
I f  the y compete d i n paralle l  wit h th e othe r  second-tie r 
Advisors ,  th e pattern-base d Advisor s shoul d commen t  faste r 
and wit h greate r  weigh t  i n situation s wher e the y ar e appli -
cable ,  an d thereb y supplan t  th e others . 

Futur e wor k include s mor e difficul t  game s an d othe r 
kind s o f  visua l  biase s fo r  spatia l  relation s (suc h a s center , 
edge ,  perimeter ,  bounde d regions ,  length ,  an d area) ,  an d 
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causally-base d patter n generatio n wher e on e o r  mor e pat -
tern s tha t  giv e rise  t o concept s ar e combine d t o creat e new , 
larger ,  somewha t  les s regula r  patterns .  W e inten d t o experi -
ment  wit h othe r  learnin g algorithm s t o determin e whic h i s 
best  fo r  ou r  application ,  an d t o develo p an d tes t  a  suit e o f 
generalizatio n rule s an d meta-rule s t o construc t  concept s 
from  patterns . 
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