
T h e Interactio n o f  M e m o r y an d Explici t  Concept s i n Learning ^ 

Susan L .  Epstei n 

Departmen t  o f  Compute r  Scienc e 
Hunte r  Colleg e an d Th e Graduat e Schoo l  o f  Th e Cit y Universit y  o f  N e w Yor k 

695 Par k Avenue ,  N e w York ,  N Y 1002 1 
sehhc@cunyvm.cuny.ed u 

Abs t rac t 

The extent to which concepts, memory, and planning 
ar e necessar y t o th e simulatio n o f  intelligen t  behavio r 
i s a  fundamenta l  philosophica l  issu e i n AI .  A n activ e 
and productiv e segmen t  o f  th e researc h communit y ha s 
take n th e positio n tha t  multipl e low-leve l  agents , 
properl y organized ,  ca n accoun t  fo r  high-leve l 
behavior .  Th e empirica l  researc h relevan t  t o thi s debat e 
wit h full y  operationa l  system s ha s thu s fa r  bee n 
primaril y o n mobil e robot s tha t  d o simpl e tasks .  Thi s 
pape r  recount s experiment s wit h Hoyle ,  a  syste m i n a 
cerebral ,  rathe r  tha n a  physical ,  domain .  Th e progra m 
learn s t o perfor m wel l  an d quickly ,  ofte n outpacin g it s 
h u m an creator s a t  two-person ,  perfec t  informatio n 
boar d games .  Hoyl e demonstrate s tha t  a  surprisin g 
amount  o f  intelligen t  behavio r  ca n b e treate d a s i f  i t 
wer e situation-determined ,  tha t  ofte n plannin g i s 
unnecessary ,  an d tha t  th e memor y require d t o suppor t 
thi s learnin g i s minimal .  Th e contributio n o f  thi s 
pape r  i s it s demonstratio n o f  h o w explicit ,  rathe r  tha n 
implicit ,  concep t  representatio n strengthen s a  reactiv e 
syste m tha t  learns ,  an d reduce s it s relianc e o n memory . 

Introduction 

This paper is about the interaction among explicit 
concep t  representation ,  memor y requirements ,  an d th e 
abilit y  t o learn .  Learning ,  i n thi s context ,  i s define d a s 
th e transformatio n o f  subsequen t  behavio r  b y previou s 
experience .  Learnin g durin g proble m solvin g m a y 
manifes t  itsel f  a s a  chang e i n th e spee d wit h whic h on e 
solve s a  problem ,  a s a  chang e i n th e pat h on e take s t o 
a solution ,  o r  a s a  chang e i n th e solutio n a t  whic h on e 
arrives . 

Althoug h ther e i s genera l  agreemen t  tha t  a n intelli -
gent  artifac t  learns ,  ther e i s les s certaint y abou t  wha t  i s 
require d t o learn .  Clearly ,  b y th e definitio n o f  learning , 
experienc e i s necessary .  Mos t  wou l d argu e tha t 
m e m o ry i s als o necessar y fo r  learning ,  althoug h a 
mach in e tha t  rewire d itsel f  t o incorporat e n e w 
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knowledge ,  rathe r  tha n recorde d i t  i n som e "softer " 
manner ,  woul d mee t  th e criterion .  Th e necessit y fo r 
concepts ,  reasoning ,  an d plannin g i n learning , 
however ,  ha s recentl y com e unde r  carefu l  scrutin y b y 
proponent s o f  reactiv e systems . 

The thesi s o f  thi s pape r  i s tha t  reactive ,  hierarchica l 
system s ca n minimiz e deliberation ,  bu t  tha t  bot h 
m e m o ry an d explicitl y  represente d concept s ar e 
necessar y i f  a  progra m i s t o lear n t o perfor m 
intelligently .  Th e discussio n focuse s o n a  domai n 
previousl y cite d a s inhospitabl e fo r  a  reactiv e system : 
two-person ,  perfec t  informatio n boar d game s (Kirsh , 
1991) .  Th e pape r  demonstrate s h o w reactiv e system s 
tha t  lear n t o pla y game s ca n hav e unreasonabl e 
memory requirements ,  an d discusse s concept s an d thei r 
rol e i n cerebra l  tasks .  Empirica l  evidenc e show s ho w 
explici t  concep t  representatio n ca n reduc e memor y 
requirement s an d improv e performanc e whil e 
preservin g th e essentia l  feature s o f  a  reactiv e system : 
refusa l  t o plan ,  reluctanc e t o search ,  an d relianc e o n 
low-leve l  response s t o achiev e high-leve l  goals . 

Tlie Control-Concept Controversy 

One of the lessons of empirical Al is that general state 
spac e searc h heuristic s ar e wea k methods ,  an d tha t 
power  require s domai n specialization .  A  progra m ma y 
hav e th e appropriat e knowledg e prespecifie d o r  ma y 
lear n i t  (Laird ,  Rosenb loom ,  &  Newel l ,  1987 ; 
Minton ,  1988 ;  Mitchel l  e t  al. ,  1989) .  W h e n searc h an d 
learnin g ar e no t  enough ,  m a n y system s plan ,  i.e. , 
reaso n abou t  possibl e action s an d thei r  outcome s 
befor e committin g t o them . 

Biology ,  however ,  offer s man y example s o f  seem -
ingl y intelligen t  an d planne d behavio r  tha t  ca n b e ex -
plaine d a s prespecified ,  i.e. ,  "hard-wired. "  Ant s trans -
portin g foo d cooperativel y o r  youn g bird s avoidin g 
precipices ,  i t  i s  said ,  d o no t  reaso n abou t  hunge r  o r 
danger ,  althoug h thei r  behavio r  simulate s a  creatur e 
tha t  does .  Som e researcher s hav e extrapolate d fro m thi s 
t o sugges t  that ,  i n th e simulatio n o f  intelligence , 
planning ,  goals ,  an d representatio n ar e unnecessary ; 
tha t  whe n behavio r  i s cas t  a s reactio n t o envircwmienta l 
stimulus ,  onl y appropriat e contro l  i s  required .  Suc h 
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program s ar e calle d reactiv e systems . 
Brook s ha s provide d th e followin g "representation -

free "  descriptio n o f  a  reactiv e system :  "Low-leve l 
simpl e activitie s ca n instil l  th e Creatur e wit h reaction s 
t o dangerou s o r  importan t  change s i n it s environ -
ment... .  B y havin g multipl e paralle l  activities ,  an d b y 
removin g th e ide a o f  a  centra l  representation ,  ther e i s 
les s chanc e tha t  an y give n chang e i n th e clas s o f 
propertie s enjoye d b y th e worl d ca n caus e tota l 
collaps e o f  th e system... .  Eac h laye r  o f  contro l  ca n b e 
though t  o f  a s havin g it s o w n implici t  purpose... .  Th e 
purpos e o f  th e Creatur e i s implici t  i n it s higher-leve l 
purposes ,  goals ,  o r  layers. "  (Brooks ,  1991 ) 

Reactiv e system s ar e buil t  fro m smal l  component s 
calle d agents .  E a c h agen t  ha s a  simpl e tas k t o 
accomplish ,  fo r  example ,  looking ,  feelin g a  force ,  o r 
movin g forward .  Eac h agen t  "decides "  wha t  t o d o b y 
processin g inpu t  sensor y data .  Th e agent' s reactio n i s 
it s output .  Th e entir e progra m perform s a s a  collectio n 
of  competin g behavior s t o whic h a n observe r  m a y 
imput e motive s an d goal s wher e non e ar e eve r 
explicitl y  represented ,  i.e. ,  reactiv e system s d o no t 
deliberat e (pla n from  concepts) . 

The coordinatio n o f  thes e agent s t o effec t  suc h con -
tro l  i s non-trivial .  A  laye r  i s a  subsyste m o f  agent s 
tha t  produce s a n activity ,  i.e. ,  pursue s som e implici t 
purpose .  Experiment s indicat e tha t  a  hierarchica l  sub -
sumptio n architectur e tha t  coordinate s it s agent s i n 
layer s i s th e ke y t o prope r  contro l  fo r  a  reactiv e syste m 
(Brooks ,  1991 ;  Connell ,  1990) .  O n e Brook s robot ,  fo r 
example ,  ha s a  laye r  t o avoi d obstacles ,  anothe r  t o 
wander ,  an d on e t o explore . 

The simulatio n o f  intelligenc e i n reactiv e system s i s 
purel y a  contro l  issue ,  thei r  proponent s claim ,  withou t 
any concer n fo r  refM êsentatio n o r  focu s o f  attention .  A 
fe w roboti c reactiv e system s hav e bee n abl e t o lear n 
thei r  o w n contro l  strateg y (Mae s &  Brooks ,  1990 ; 
Mahadeva n &  ConneU .  1991) . 

Preliminar y successe s wit h robot s hav e bee n pre -
dicte d t o scal e u p t o an y tas k becaus e "ther e nee d b e n o 
explici t  representatio n o f  eithe r  th e worl d o r  th e in -
tention s o f  th e syste m t o generat e intelligen t  behavior s 
fo r  a  Creature "  (Brooks ,  1991) .  Kirsh ,  however ,  claim s 
tha t  Brook s ha s worke d onl y o n situation-determine d 
behavior ,  i.e. ,  problem s wher e a n egocentri c percep -
tio n o f  th e "indicator s tha t  matter "  i s sufficien t  t o de -
termin e th e appropriat e cours e o f  action .  (Kirsh , 
1991) .  H e characterize s cerebra l  tasks ,  th e kind s o f 
task s o n whic h h e believe s a  reactiv e syste m woul d 
fail :  task s tha t  involv e othe r  independen t  agents ,  tha t 
requir e plaiming ,  tha t  requir e a n objectiv e viewpoint , 
tha t  requir e proble m solving .  Betwee n the m the y pos e 
th e control-concep t  controversy :  Shoul d a  progra m 
lea m expUci t  concept s tha t  generaliz e experience ,  a s i n 
th e traditiona l  A I  paradigms ,  o r  shoul d i t  lea m contro l 
fo r  a  reactiv e system ? Th e remainde r  o f  thi s pape r 
explore s tha t  issu e i n a  domai n Kirs h predict s a s to o 
difficul t  fo r  a  reactiv e system :  game-playing . 

R e a c t i v e P l a y i n g 

An obvious reactive system to play a specific game 
perfectl y woul d construc t  on e agen t  fo r  eac h possibl e 
g a me state ,  a n agen t  tha t  woul d outpu t  th e perfec t 
m o ve wheneve r  i t  sense d a  matc h wit h it s stat e de -
scription .  Challengin g games ,  however ,  woul d requir e 
fa r  to o man y suc h agents .  Thus ,  thi s idea l  reactiv e sys -
te m mus t  someho w b e supplemente d wit h knowledge . 
The fou r  reactiv e program s describe d belo w ar e goal -
free;  al l  the y d o i s sens e pattern s an d respon d t o them . 

Henr i  demonstrate s h o w pur e patter n recognitio n ca n 
be insufficien t  fo r  learnin g eve n a  simpl e g a m e i n a 
noise-fre e environmen t  (Painter ,  1992) .  Fo r  severa l 
differen t  game s o n a  three-by-thre e board ,  Henr i  learn s 
value s fo r  three-symbo l  (X's ,  O's ,  an d blanks )  pattern s 
and applie s thos e value s t o eac h o f  th e eigh t  possibl e 
three-positio n line s o n th e board .  Henr i  learns ,  fo r 
example ,  tha t  i n tic-tac-to e th e patter n "X-X-blank "  i s 
mo r e valuabl e tha n th e patter n "blank-X-blank. " 
Value s ar e calculate d b y a  primitiv e kin d o f 
reinforcemen t  learnin g base d o n contes t  outcome .  O n 
it s turn ,  Henr i  evaluate s eac h possibl e lega l  move ,  an d 
select s on e wit h th e highes t  patter n score .  Agains t  a 
programme d expert ,  afte r  trainin g i n 20 0 tic-tac-to e 
contests ,  Henr i  stU l  lose s 1 5 % o f  th e time ,  becaus e o f 
inaccuracie s i n th e patter n values .  I t  i s  unclea r  ho w 
lon g Henr i  woul d tak e t o lea m t o pla y perfec t  tic-tac -
toe ,  o r  i f  i t  eve r  would . 

N-N/Tre e show s h o w patter n recognitio n plu s searc h 
ca n stil l  fai l  t o lear n a  simpl e g a m e i n a  realisti c 
environment .  Thi s progra m use s tempora l  difference s 
t o lear n weight s fo r  a  neura l  ne t  tha t  accept s nine -
positio n patter n inpu t  fo r  game s o n a  three-by-tiire e 
boar d (Fla x e t  al. ,  1990) .  N-N/Tre e i s als o permitte d a 
3-pl y search .  I t  play s agains t  a  programme d exper t  tha t 
m ay er r  a s ofte n a s 5 % o f  th e time .  Afte r  100 0 tic-tac -
to e trainin g contests ,  approximatel y 900 0 trainin g 
examples ,  N-N/Tre e stil l  lose s 8 % o f  it s  contests . 

Dooz e suggest s tha t  learnin g onl y control ,  whil e 
adequate ,  m a y requir e mor e m e m o r y than  a  machin e 
ca n offer .  Dooz e i s a  classifie r  syste m tha t  learn s t o 
pla y game s o n a  three-by-thre e boar d (Esfahany ,  1992) . 
Learnin g i s th e introductio n an d deletio n o f  decision -
makin g mles ,  calle d classifiers ,  a t  th e en d o f  eac h 
contest .  Eac h classifie r  ha s th e for m "whe n th e boar d 
matche s th e followin g pattern ,  m o v e t o positio n i. "  A 
patter n describe s eac h o f  th e nin e position s a s a n X ,  a n 
O,  a  blank ,  o r  a  "don' t  care "  symbo l .  Afte r  6 3 
contests ,  o n average ,  Dooz e learn s t o pla y apparentl y 
perfec t  tic-tac-toe .  It s bette r  performanc e m a y b e 
attributable ,  however ,  t o it s large r  m e m o r y 
requirements .  Ther e ar e 9  4 *  possibl e Dooz e classifier s 
fo r  tic-tac-toe .  Th e progra m mus t  maintai n a  se t  o f 
150 o f  them ,  abou t  1 5 % ,  t o lea m t o pla y expertly . 
M a ny o f  th e learne d classifier s ar e quit e restrictive , 
i.e. ,  entai l  pattem s tha t  woul d appl y t o ver y fe w gam e 
states .  Fo r  five  men' s morris ,  a  relativel y simpl e gam e 
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wit h 1 0 marker s aii d 1 6 positions ,  1 5 % o f  th e possibl e 
classifier s woul d b e abou t  2^ '  rules . 

M o r p h highlight s a  possibl e learnin g tradeof f 
betwee n memor y siz e an d numbe r  o f  trainin g experi -
ence s require d t o learn .  I t  learn s pattern s whil e playin g 
ches s agains t  a  competen t  commercia l  progra m 
(Levinso n &  Snyder ,  1991) .  Morp h i s characterize d a s 
a search-fre e an d purel y syntacti c gam e player ,  i.e. ,  on e 
tha t  react s onl y t o patterns ,  withou t  plannin g o r 
reasoning .  A  M o r p h patter n i s a  labele d grap h tha t 
describe s h o w selecte d marker s an d position s o n th e 
boar d relat e t o eac h other .  Suc h a  patter n i s mor e 
sophisticate d an d les s specifi c  tha n th e one s use d b y 
Dooz e an d N-N/Tree ,  an d ofte n applicabl e t o mor e 
game state s Give n a n appropriate ,  hand-crafte d patter n 
language ,  Morph' s method s ca n b e applie d t o an y 
game.  O n tic-tac-toe ,  a  Morph-lik e progra m learne d t o 
pla y perfectl y afte r  approximatel y 25 0 contest s an d 
learne d approximatel y 5 0 pattern s (Levinson ,  1991) . 
The differenc e i n learnin g rat e an d storag e requirement s 
betwee n thi s progra m an d Dooz e suggest s a  trad e of f 
be twee n m e m o r y siz e an d n u m b e r  o f  trainin g 
experience s require d t o learn . 

Carefu l  analysi s reveal s tha t  e a c h o f  thes e 
"representation-free "  program s actuall y incorporate s 
concepts ,  generalization s abou t  gam e playin g under -
stoo d b y th e programme r  an d incorporate d int o th e 
code .  Henr i  onl y use s knowledg e abou t  line s an d h o w 
position s li e o n the m i n two-dimensiona l  space ;  it s 
performanc e i s als o th e weakest .  N-N/Tre e use s 
knowledg e abou t  th e minima x algorith m fo r  searc h 
contro l  an d h o w t o appl y i t  three-pl y deep .  Dooze' s 
learnin g algorithm s valu e th e winnin g m o v e highly , 
valu e ever y m o v e th e exper t  mode l  makes ,  an d recog -
niz e tha t  goo d position s fo r  X  ar e goo d fo r  O  whe n th e 
marker s ar e interchanged .  Thi s i s a  heft y dos e o f  primi -
tiv e game-playin g commonsense .  Dooze' s don't-car e 
symbol s als o suppor t  abstractions ,  suc h a s "I f  X  hold s 
th e center,.... "  Morph' s patter n languag e embed s idea s 
lik e threa t  an d defens e i n bot h th e patter n learne r  an d i n 
memory.  I n summary ,  althoug h reactiv e gam e player s 
ar e possible ,  the y rel y o n hidde n knowledg e t o achiev e 
acceptabl e performance ,  an d probabl y hav e som e trade -
of f  betwee n memc« y siz e an d learnin g speed . 

C o n c e p t s a n d thei r  R e p r e s e n t a t i o n 

A concept is defined here as some recognized set of 
regularitie s detecte d i n s o m e observe d wor ld . 
Regularit y m t & n s r e p e a t e d occurrenc e and/o r 
consistenc y o f  use .  I n thi s context ,  a  concept  include s 
not  onl y th e necessar y an d sufficien t  description s calle d 
definitions ,  bu t  als o defaults ,  associations ,  an d 
expectations .  Thu s a  concep t  m a y incorporat e error , 
bias ,  an d inconsistenc y (Wierzbicka ,  1985) .  Fro m a n 
Al  perspective ,  a  concep t  i s generalize d domai n 
knowledge ,  a  descriptio n o f  wha t  ha s bee n encountered . 
Althoug h specifi c  example s m a y b e remembered ,  a 

concep t  i s no t  a  se t  o f  instance s bu t  a  s u m m a r y o f 
experience . 

I f  a  machin e i s constructe d t o mee t  a  goal ,  eithe r 
implici t  o r  explici t  concep t  representatio n i s necessary . 
A cherr y pitter ,  fo r  example ,  implicitl y  reference s th e 
concep t  o f  a  cherr y a s a  small ,  roun d objec t  containin g 
an eve n smalle r  objec t  whic h ca n b e extracte d whe n 
pressur e i s appropriatel y applied .  Althoug h th e 
architectur e o f  a  sufficientl y elaborat e machine ,  lik e a 
robot ,  m a y obscur e it s concepts ,  the y ar e presen t 
implicitly ,  i n circuitr y an d mechanica l  devices .  An y 
progra m claime d "representation-fiiee "  i s characterize d 
her e a s a  progra m wit h implici t  concep t  representation . 
I n contrast ,  explici t  concep t  representatio n offer s 
severa l  benefit s t o a  machin e tha t  learns :  organizatio n 
of  knowledge ,  focu s o f  attention ,  an d abilit y  t o discar d 
experience .  T h u s explici t  concep t  representatio n 
reduce s th e nee d fo r  inductio n an d deduction ,  a s i t 
flexibly  make s regularitie s immediatel y accessible . 

Peopl e find  i t  convenien t  t o expec t  regularit y i n th e 
world ,  an d the y hav e man y devices  t o represen t  th e 
regularitie s the y detect .  Fou r  kind s o f  concepts ,  way s 
tha t  peopl e generaliz e abou t  regularitie s i n thei r  expe -
rience,  ar e identifie d here .  Compile d regularities ,  lik e 
h o w t o ride  a  bicycle ,  abbreviat e a  reliabl e respons e t o 
specifi c  situations .  Compile d knowledg e i s experience d 
as reactiv e behavior ;  i t  ha s los t  th e detail ,  rationale , 
and instruction s tha t  onc e accompanie d it .  W h e n th e 
los t  informatio n i s needed ,  reconstructio n ofte n 
require s observatio n from fresh  experience .  Categorie s 
ar e set s o f  object s wit h c o m m o n features .  Fo r 
example ,  a  chai r  i s a  categor y an d ever y chair ,  physica l 
or  hypothetical ,  i s  a n instanc e o f  th e category ,  wit h 
specificall y note d value s fo r  s o m e o f  it s features . 
Script s ar e regularitie s abou t  wha t  i s expecte d o f  a n ex -
perienc e an d thos e w h o participat e i n i t  (Schan k & 
Abelson ,  1977) .  Fo r  example ,  an y visi t  t o a  restauran t 
i s a  wal k throug h a  script ,  a  partiall y  ordere d se t  o f 
expectation s fo r  everyone' s behavio r  there .  Meta -
principle s ar e regularitie s applicabl e t o man y differen t 
kind s o f  experience ,  one s t o fal l  bac k upo n whe n mor e 
detaile d knowledg e fails .  Example s o f  meta-principle s 
includ e efficiency ,  safety ,  an d propriety .  Th e instantia -
tio n o f  a  meta-principl e fo r  a  particula r  domai n result s 
i n a  principle ,  behaviora l  guidanc e tha t  m a y curtai l 
search .  Th e applicatio n o f  efficiency ,  safety ,  an d pro -
priet y t o drivin g a  car ,  fo r  example ,  woul d resul t  i n di -
rective s t o driv e rapidly ,  t o driv e careftilly ,  an d t o obe y 
th e drivin g laws ,  respectively .  Not e th e eviden t  con -
flict  amon g thes e principles . 

Peopl e behav e appropriatel y an d lear n quickl y i n par t 
becaus e the y retriev e an d appl y thes e regularities ,  o r 
concepts ,  continuall y an d effectively .  Ther e i s ampl e 
psychologica l  an d anthropologica l  evidenc e tha t  con -
cept s ar e bot h learne d an d culturall y determined ,  an d 
tha t  peopl e prefe r  the m t o logica l  reasonin g fo r  an y 
but  th e simples t  example s (D'Andrade ,  1991) .  I n an y 
culture ,  thos e judge d expert s ar e thos e w h o giv e mor e 
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modal  responses ,  i.e. ,  agre e mos t  wit h commonl y hel d 
regularitie s (D'Andrade ,  1990) .  Thu s a n exper t  learn s 
compile d knowledge ,  categories ,  scripts ,  an d princi -
ples ,  an d know s whe n an d h o w t o appl y them .  Give n 
thos e regularities ,  learnin g an d proble m solvin g wit h 
the m m a y no t  b e trivial ,  bu t  i t  shoul d b e easie r  an d 
requir e les s memory . 

The Powe r  o f  Concept s an d M e m o r y 

Hoyle is a learning program that now equals or outper-
form s it s huma n mentor s a t  mor e tha n a  doze n two -
person ,  perfec t  informatio n boar d games .  T h e 
complexit y o f  th e progra m prevent s a  ful l  technica l 
descriptio n i n thi s abbreviate d space ;  intereste d reader s 
ar e referre d t o (Epstein ,  1992a ,  1992b )  fo r  additiona l 
detail .  Hoyl e explicitl y  represents ,  integrates ,  an d 
exploit s eac h o f  th e fou r  kind s o f  concept s i n it s 
memory,  learning ,  an d behavior .  Ther e i s a  scrip t  fo r 
game playin g tha t  provide s predefined ,  uniform ,  proce -
dura l  direction ,  s o tha t  th e syste m perform s a s i f  i t 
wer e accustome d t o playin g games .  Tlier e i s a  categor y 
reiH"esentatio n fo r  game s an d anothe r  fo r  usefu l  knowl -
edge (knowledg e tha t  i s possibl y relevan t  an d probabl y 
correct )  tha t  m a y b e acquire d durin g play .  Hoyle' s 
compile d knowledg e reside s i n it s Learner ,  a s pre-spec -
ified ,  uniform ,  game-independen t  heiu-isti c  procedure s 
t o comput e an d selectivel y stor e usefu l  knowledge . 
Finally ,  Hoyle' s Advisor s ar e principles ,  implemente d 
as heuristi c agent s an d layere d i n a  subsumptio n archi -
tecture .  The y accep t  curren t  knowledg e an d m a k e 
comment s o n move s the y favo r  o r  oppose . 

Give n a  g a m e ,  th e Learne r  initiate s a  serie s o f 
tournament s agains t  a n exper t  mode l  (Kirsh' s "othe r 
agent" )  tha t  i s onl y observed ,  neve r  queried .  Wheneve r 
i t  i s  Hoyle' s tur n t o move ,  th e Advisor s commen t 
base d upo n th e curren t  stat e o f  thei r  cerebra l  reality : 
th e g a m e state ,  th e lega l  m o v e s ,  an d an y usefu l 
knowledg e abou t  th e gam e alread y acquired .  M o v e 
selectio n i s a  simpl e arithmeti c calculation ,  par t 
orderin g an d par t  voting ,  tha t  mediate s a m o n g th e 
Advisors '  disagreein g comments .  Afte r  contest s an d 
afte r  tournaments ,  th e Learner' s algorithm s comput e 
and recOT d usefu l  knowledge . 

Hoyl e i s a  reactiv e syste m fo r  a  cerebra l  task .  Th e 
Hoyl e cycl e i s pause-sense-react ,  wher e "pause "  cede s 
contro l  t o th e exper t  model ,  "sense "  i s th e collectio n 
of  curren t  information ,  an d "react "  i s  th e collectiv e 
respons e o f  th e agent s t o thei r  input .  Eac h Adviso r  i s 
an agent ,  a  low-leve l  intelligenc e tha t  doe s no t  plan , 
tha t  merel y sense s th e inpu t  dat a an d respond s t o i t 
wit h outpu t  signals .  Th e contro l  mechanis m i s base d 
upo n a  hierarchica l  subsumptio n architecture .  Eac h 
move choic e i s a  rapi d an d simplisti c mathematica l 
computation ,  a  reactio n withou t  searc h o r  deliberation . 

Hoyl e meet s th e postulate d reactiv e syste m criteri a 
as follows .  Th e low-leve l  simpl e activitie s ar e it s 
quic k reaction s t o short-ter m possibilitie s o f  succes s 

an d failure .  Th e multipl e paralle l  activitie s ar e it s 
Advisors ,  eac h o f  whic h processe s sensor y dat a 
independently .  W h e n Hoyle' s worl d changes ,  wit h a 
ne w gam e t o pla y o r  n e w oppositio n t o pla y against , 
th e progra m i s robus t  an d degrade s gracefiilly .  Th e 
implici t  purpos e o f  eac h Adviso r  i s t o forward ,  i n it s 
o wn particula r  way ,  th e meta-principl e i t  instantiates . 
Hoy l e ca n pla y legall y wit h an y subse t  o f  it s 
Advisors .  Th e purpos e implici t  i n it s higher-leve l 
layer s i s t o lear n t o pla y perfectly ,  bu t  ther e i s n o 
explici t  representation ,  i n Hoyle' s game-playin g 
algorith m o r  i n it s contro l  mechanism ,  o f  intention , 
belief ,  plan ,  goal ,  subgoal ,  win ,  loss ,  o r  draw . 

Figur e 1  show s performanc e curve s fo r  severa l  20 -
contes t  tic-tac-to e tournaments .  Th e botto m lin e (#1 ) 
i s a  reasonabl e lowe r  boun d fo r  performance ;  i t  show s 
h o w a  progra m los t  al l  bu t  on e contes t  i n 2 0 w h e n i t 
m a de rando m lega l  m o v e s agains t  a  p rog ramme d 
expert .  T h e to p lin e i n Figur e 1 ,  fo r  absolut e 
expertise ,  i s a  reasonabl e uppe r  bound ;  i t  show s h o w a 
progra m tha t  m a d e perfec t  move s achieve d repeate d 
draw s agains t  a  programme d expert .  Onc e a  progra m 
learn s t o pla y perfectly ,  it s  performanc e curv e shoul d 
paralle l  tha t  fo r  absolut e expertis e indefinitely . 

Hoyle' s usefu l  knowledg e i s a  compendiu m o f  th e 
regularitie s exper t  gam e player s loo k fo r  an d exploit . 
A significan t  stat e i s a n inevitabl e wi n o r  los s w h e n 
bot h participant s pla y expertly .  Suc h a  stat e i s a 
deduced ,  compile d regularit y compute d b y th e Learne r 
at  th e en d o f  a  contes t  an d store d i n m e m o r y .  Th e 
regularit y capture d b y a  significan t  stat e i s tha t  ever y 
tim e i t  occur s th e outcom e whe n tw o expert s pla y i s 
inevitable ,  no t  tha t  i t  i s a n abstractio n o f  a  gam e state . 
A significan t  stat e m a y eithe r  b e treate d a s a  concep t 
(use d i n computation )  o r  treate d a s a  refle x actio n 
(turne d towar d o r  avoided) .  Retrieva l  o f  significan t 
state s i s from  a  has h table ,  an d i s assume d t o requir e 
no search .  Beside s significan t  states ,  usefu l  knowledg e 
include s selecte d contes t  histories ,  move s expert s hav e 
made tha t  m a y hav e serve d the m well ,  whethe r  o r  no t 
i t  i s a n advantag e t o g o first ,  th e lengt h o f  th e averag e 
contest ,  dat a gathere d o n th e relevanc e an d reliabibt y o f 
individua l  Advisors ,  an d relevant/orfcy ,  game-indepen -
den t  concept s whos e instantiatio n wit h th e curren t 
game stat e ca n provid e powerfu l  offensiv e an d defen -
siv e advic e (Epstein ,  1990) .  Th e memor y requiremen t 

Tic-tac-to e Absolut e 
Exports o 
*4 
•3 
»2 

5 1 0 1 5 
Cumulativ a Number  o f  Contest s Playe d Figur e 1 .  Cumulativ e non-losse s i n tic-tac-toe . 
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fo r  learnin g a  gam e i s essentiall y  a  functio n o f  th e 
number  o f  significan t  state s an d exper t  moves . 

At  presen t  Hoyl e play s correctl y (ha s th e rule s for ) 
24 game s gathere d from  almos t  a s man y culture s (Bell , 
1969 ;  Zaslavsky ,  1982) .  Hoyle' s tas k i s t o lear n t o 
pla y eac h gam e expertly .  Althoug h non e o f  th e game s 
i s a s difficul t  a s checker s o r  chess ,  the y incorporat e a 
variet y o f  challenges :  board s o f  varyin g shape s an d 
sizes ,  stage s wher e th e rule s change ,  cycles ,  an d ver y 
larg e searc h spaces .  On e o f  th e game s i t  learn s t o pla y 
expertl y i s  Qubic ,  whic h ha s mor e tha n a  billio n gam e 
state s an d i s generall y acknowledge d t o li e o n th e 
bwder  betwee n simpl e game s an d th e difficul t  ones . 

The performanc e o f  th e ful l  versio n o f  Hoyl e a t  tic -
tac-to e agains t  a  programme d exper t  i s show n a s curv e 
#4 i n Figur e 1 .  I n 1 1 contests ,  Hoyl e learne d t o pla y 
perfectly ,  an d store d a n averag e o f  3  significan t  state s 
and 4  exper t  moves .  Compar e thi s wit h Dooze' s 6 3 
contest s an d 15 0 rules ,  an d th e Morph-lik e 25 0 
contest s an d 5 0 patterns . 

Ar e Hoyle' s concept s o r  it s memor y responsibl e fo r 
it s ability ? Eliminatio n o f  al l  concept s fi-om  Hoyl e 
woul d depriv e i t  o f  it s  game-playin g algorithm ,  an d 
make i t  unabl e t o pla y a t  all .  Les s radically ,  i f  al l  th e 
Advisor s an d al l  learnin g wer e removed ,  Hoyl e woul d 
make rando m move s an d woul d pla y n o bette r  tha n 
curv e #  1  i n Figur e 1 .  A n interestin g reactiv e versio n 
of  Hoyl e wit h sever e concep t  restriction s learn s re -
sponse s t o gam e state s bu t  use s the m onl y i n on e 
way.  Thi s concept-poo r  versio n o f  Hoyl e i s a  flawless 
imitator ;  th e Advisor s reac t  t o th e inpu t  knowledg e bu t 
do no t  perfor m simpl e calculation s from  pas t  experi -
ence .  Thi s versio n restrict s learne d usefu l  knowledg e t o 
detaile d recollectio n o f  th e contest s i t  ha s playe d an d o f 
significan t  state s a s reflexes ,  no t  a s concepts ;  tha t  wa y 
i t  i s  permitte d onl y performanc e repetition ,  rathe r  tha n 
simpl e computation ,  wit h it s  knowledge .  Th e concept -
poOT versio n recognize s previousl y encountere d certai n 
win s an d losses ,  imitate s move s th e exper t  mad e i n th e 
identica l  situation ,  an d trie s t o avoi d reproducin g it s 
own failin g move s i n a n identica l  situation .  Th e per -
formanc e o f  thi s concept-poo r  versio n agains t  a  pro -
grammed exper t  i s  show n a s curv e # 2 i n Figur e 1 .  Th e 
partially-disable d Advisor s immediatel y lear n an d rec -
ommend th e successfij l  opening s o f  th e huma n partici -
pant ,  bu t  find  th e pla y late r  i n a  contes t  mor e difficult . 
I n thi s tournamen t  Hoyl e loade d u p it s memor y whil e 
i t  ver y graduall y learne d t o avoi d losin g moves ,  a s i f  i t 
wer e buildin g th e obviou s cme-agent-per-stat e reactiv e 
system .  Althoug h theoreticall y Hoyl e coul d lear n 
about  al l  possibl e state s b y backin g u p suc h experi -
ence .  Figur e 1  show s tha t  thi s memory-greed y proces s 
i s als o slow . 

A memory-fre e bu t  concept-dependen t  versio n o f 
Hoyl e i s analogou s t o a n intelligen t  participan t  tha t 
playe d ever y contes t  a t  th e sam e gam e a s i f  i t  wer e th e 
first.  T o explor e whethe r  th e Advisor s tha t  appl y 
usefii l  knowledg e reall y nee d memor y t o lear n t o pla y 

expertly ,  Hoyl e playe d a  tournamen t  agains t  a  huma n 
exper t  (# 3 i n Figur e 1) ,  thi s tim e onl y wit h thos e 
Advisor s omitte d from  th e concept-poo r  versio n an d 
withou t  memory .  No w th e progra m coul d rel y onl y o n 
it s concepts .  Afte r  a  fe w contests ,  a  huma n opponen t 
unawar e tha t  Hoyl e lacke d memor y trie d a  simpl e 
strateg y fo r  X  tha t  defeate d th e program ,  on e th e 
memory-fre e versio n coul d no t  lear n t o avoid .  O n a 
hunc h th e perso n repeate d th e sam e strateg y an d 
immediatel y observe d tha t  Hoyl e di d no t  lear n from  it s 
mistakes .  (Thi s account s fo r  th e step-lik e patter n o f 
#3;  Hoyl e playe d perfectl y  i n th e alternat e contests. ) 
Thus th e progra m withou t  memor y play s reasonabl y 
intelligen t  contests ,  bu t  perform s unintelligentl y i n a 
tournamen t  situation .  Learnin g require s memory ,  an d 
withou t  memor y Hoyl e neve r  woul d develo p expertise . 
I n al l  o f  th e games ,  excep t  th e ver y easiest ,  i t  ha s bee n 
repeatedl y observe d tha t  Hoyle' s powe r  derive s fro m 
thi s synerg y betwee n memor y an d concepts . 

Thus far ,  Hoyl e ha s learne d t o pla y a s wel l  o r  bette r 
tha n eac h o f  it s  1 4 game-specifi c  externa l  experts , 
withou t  plannin g an d wit h onl y minima l  search .  When 
Hoyl e ha s ha d difficult y learnin g a  ne w game ,  it s 
usefu l  knowledg e ha s bee n ver y graduall y extende d t o 
includ e ne w concept s an d th e low-leve l  agent s t o appl y 
them.  Thi s gradua l  debuggin g proces s i s muc h lik e 
Brooks '  robot-contro l  layering :  "s o far ,  s o good " 
(Brooks ,  1991) . 

Conc lus ion s 

In a domain that is not situation-determined, Hoyle is 
a successftil ,  reactive ,  hierarchica l  syste m tha t  retain s 
onl y a  smal l  fractio n o f  wha t  i t  experiences .  Th e 
progra m pay s a n interestin g pric e fo r  it s reactivity , 
however :  i t  mus t  rel y o n concept s t o lear n t o perfor m 
intelligently .  Hoyl e offer s evidenc e tha t  learnin g 
cerebra l  task s demand s mor e explici t  concept s tha n 
Brook s woul d like ,  an d fa r  fewe r  tha n Kirs h woul d 
assume.  Hoyl e ma y no t  resolv e th e control-concep t 
controversy ,  bu t  i t  shoul d certainl y influenc e ou r 
attitud e o n th e significanc e o f  low-leve l  agent s i n 
high-leve l  tasks . 

Four  othe r  reactiv e gam e playin g program s hav e 
been show n her e t o emplo y concept s implicitly .  Thei r 
patter n generalizations ,  however ,  ar e tailore d t o a 
singl e se t  o f  board-specifi c  algorithms ,  an d thei r 
memory requirement s gro w dramaticall y wit h th e 
number  o f  position s o n th e board .  Hoyl e outperform s 
thes e programs ,  thi s pape r  ha s argued ,  becaus e i t 
explicitl y  represent s an d exploit s it s  concepts . 

Hoyle' s concept s organiz e th e wa y i t  remembers 
experience ,  focu s it s attentio n o n wha t  i s importan t  t o 
learn ,  forc e i t  t o appl y it s  experience ,  an d permi t  i t  t o 
discar d experienc e tha t  i s  judge d unlikel y t o b e useful . 
As a  resul t  i t  learn s wit h smalle r  memor y requirement s 
and applie s it s compac t  usefu l  knowledg e mor e 
flexibly.  Althoug h Hoyl e i s reactive ,  th e fii U versio n 
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of  th e progra m incorporate s an d remember s concepts : 
knowledg e abou t  th e regularitie s tha t  peopl e learn , 
prefer ,  an d exploi t  whe n playin g games ,  an d h o w 
peopl e us e thos e regularities .  W h e n th e progra m i s 
partiall y  disable d an d th e result s observed ,  i t  i s  clea r 
tha t  th e synerg y betwee n m e m o r y an d concep t 
applicatio n provide s th e progra m wit h it s power . 

Hoyle' s abilit y  t o lear n wit h onl y 1 5 relativel y sim -
pl e Advisor s suggest s tha t  mor e high-leve l  behavio r  i s 
availabl e throug h low-leve l  reactiv e processe s tha n on e 
migh t  initiall y  suspect .  A s th e game s becom e mor e 
difficult ,  ne w concept s ar e necessar y t o suppor t  per -
formance .  Learnin g high-leve l  behavio r  efficientl y 
wit h a  limite d memor y require s concepts .  Afte r  a 
recen t  improvemen t  tha t  provide d symmetr y discovery , 
Hoyl e learne d faste r  an d require d les s memory .  Low -
leve l  sensor y dat a ca n offe r  a n immediat e improvemen t 
i n high-leve l  processing . 

For  th e tim e being ,  severa l  task s hav e bee n relegate d 
t o th e huma n syste m designer :  th e framewor k o f  th e 
categorie s fo r  gam e definitio n an d usefii l  knowledge , 
th e correc t  identificatio n o f  th e culturall y determine d 
meta-principle s (characterize d a s "commonsense "  bu t 
by n o mean s trivial) ,  th e instantiatio n o f  th e meta -
principle s t o construc t  low-leve l  agents ,  th e assign -
ment  o f  Advisor s t o tier s base d upo n knowledg e abou t 
relation s amon g meta-principles ,  th e specificatio n o f 
whic h Advisor s acces s whic h concepts ,  an d th e descrip -
tio n o f  h o w the y appl y tha t  knowledge .  Thi s autho r 
beUeves tha t  al l  o f  thes e ca n eventuall y b e automated . 
Work continue s o n th e specifie d sequenc e o f  games ; 
fo r  th e moment  searc h durin g pla y i s limite d t o two -
pl y an d ther e i s n o planning . 

Hoyle' s result s demonstrat e fo r  a t  leas t  on e broa d 
cerebra l  task ,  gam e playing ,  tha t  a  reactiv e syste m 
withou t  memor y i s impractical ,  an d tha t  relianc e onl y 
on extensive ,  detaile d memor y i s brittl e an d ofte n im -
possible .  Thi s pape r  ha s show n h o w concept s ca n 
structur e resource-efficien t  memory ,  provid e flexibil-
ity ,  an d regulariz e knowledg e t o suppor t  performance . 
Wil l  a  reactiv e progra m ever ,  then ,  hav e t o searc h an d 
pla n an d believe ? Hoyle' s answe r  i s no t  yet ,  perhap s 
not  explicitly ,  an d fa r  les s tha n w e eve r  expected . 
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