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Abstrac t 

One way novices improve their skill is by learning 
not  t o repea t  mistakes .  Ofte n thi s require s learn -
in g entirel y ne w concept s whic h mus t  b e opera -
tionalize d fo r  us e i n plans .  W e mode l  thi s learn -
in g proces s i n seve n stages ,  startin g wit h th e 
generatio n o f  expectation s which ,  whe n prove n 
faulty ,  invok e mechanism s t o modif y decision -
makin g mechanism s i n orde r  t o preven t  th e fail -
ur e fro m occurrin g again .  Thi s proces s i s demon -
strate d i n th e contex t  o f  ou r  testbe d syste m whic h 
learn s ne w rule s fo r  detectin g threats ,  formulat -
in g counterplan s an d othe r  cognitiv e tasks .  I t  i s 
shown ho w thi s proces s ma y b e use d t o lear n th e 
concep t  o f  immobilit y  a s i t  occur s i n th e domai n 
of  chess . 

N o v i c e Acquis i t io n o f  Strategi c 

C o n c e p t s 

Some o f  th e concept s neede d t o successfull y practic e 
a skil l  wil l  b e unknow n t o a  novic e whe n beginnin g t o 
lear n th e skill .  A  novic e bzisketbal l  player ,  fo r  instance , 
wil l  b e mad e awar e o f  th e concep t  o f  scorin g a  baske t 
i n th e cours e o f  learnin g th e rule s o f  th e game .  How -
ever ,  th e concep t  o f  a  fake ,  i n whic h a  playe r  pretend s 
t o g o on e wa y bu t  actuall y goe s another ,  ma y no t  b e 
eviden t  unles s th e playe r  i s tol d abou t  i t  o r  experience s 
i t  firs t  hand^ .  Novice s advanc e thei r  leve l  o f  skil l  b y 
discoverin g suc h concept s an d usin g the m i n plans . 

One wa y huma n novice s improv e thei r  abilitie s i s b y 
learnin g no t  t o repea t  mistakes .  A  novic e basketbal l 
playe r  wit h th e jo b o f  preventin g a n opponen t  wit h th e 
bal l  fro m movin g pas t  hi m migh t  believ e tha t  hi s oppo -
nent' s leftwar d glanc e indicate s imminen t  trave l  i n tha t 
direction .  I n anticipation ,  th e novic e playe r  ma y g o lef t 
t o bloc k hi s opponent' s motion .  However ,  th e oppo -
nent  ma y loo k lef t  an d the n g o right ,  employin g a  fak e 

'Concept s ma y als o b e importe d fro m othe r  domain s 
(se e e.g .  Collin s an d Birnbaum ,  1988) .  Th e fake ,  fo r 
instance ,  ma y b e learne d fro m experienc e wit h almos t  an y 
sport . 

t o ge t  past .  Th e novice' s mistak e stem s fro m a n other -
wis e plausibl e assumption :  namel y tha t  th e directio n 
of  a n opponent' s gaz e i s predictiv e o f  th e opponent' s 
directio n o f  motion .  Thi s assumptio n make s th e novic e 
vulnerabl e t o a  fake . 

An approach to learning from failures 

We hav e bee n explorin g a n approac h t o thes e prob -
lem s i n a  syste m tha t  learn s t o improv e it s ches s play -
in g abilitie s (see ,  e.g. ,  Collins ,  Birnbau m an d Krul -
wich ,  1989 ;  Birnbaum ,  Collins ,  Free d an d Krulwich , 
1990) .  Th e syste m learn s whe n expectation s abou t 
event s i n a  ches s gam e prov e faulty .  Fo r  example , 
th e syste m expect s t o b e abl e t o bloc k al l  capture -
threat s t o pieces .  I f  th e opponen t  capture s a  piece ,  th e 
expectatio n fails .  Expectation s ar e justifie d b y a  se t  o f 
assumption s abou t  wha t  ca n an d canno t  happe n i n th e 
domai n an d abou t  wha t  th e syste m wil l  d o t o insur e 
tha t  expectation s succeed .  Often ,  a n expectatio n wil l 
fai l  becaus e a n opponen t  employ s som e tacti c whic h 
th e syste m wa s unawar e o f  an d whic h wa s therefor e 
not  accounte d fo r  b y th e assumption s underlyin g th e 
expectation . 

An expectation' s justificatio n make s assumption s 
not  onl y abou t  th e 'physics '  o f  th e domai n bu t  als o 
abou t  th e decision-makin g proces s employe d b y th e 
planne r  (Birnbaum ,  Collins ,  Freed ,  Krulwich ,  1990) . 
For  instance ,  th e expectatio n tha t  al l  threat s agains t 
piece s wil l  b e blocke d i s justifie d i n par t  b y th e assump -
tio n tha t  al l  threat s wil l  b e detected .  Decision-makin g 
i n ou r  syste m i s performe d b y a  se t  o f  components , 
each designe d t o perfor m som e domain-independen t 
tas k suc h a s detectin g threat s o r  formulatin g counter -
plans .  Component s ar e implemente d a s set s o f  rule s 
whic h provid e difi"eren t  method s fo r  achievin g th e com -
ponent' s purpose .  Learnin g t o improv e performanc e 
involve s addin g t o o r  alterin g th e se t  o f  rule s i n on e o r 
more o f  thes e components . 

Case Study: The Pin 

I n th e cours e o f  learnin g chess ,  novic e player s ar e 
almos t  invariabl y victimize d b y th e p m whic h i s a  con -
figuration  o f  piece s achieve d b y positionin g one'piec e 
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Figur e 1 :  T h e pin :  c o m p u t e r  (black )  t o m o v e a t  t i m e t o 

on a  lin e o f  attac k tha t  include s tw o opposin g piece s 
so tha t  th e close r  o f  th e tw o piece s canno t  b e move d 
withou t  exposin g th e othe r  piec e t o th e threa t  o f  immi -
nent  capture .  I n figur e 1  a t  to ,  white' s bisho p i s pin -
nin g black' s knight ;  movin g th e knigh t  woul d allo w 
black' s quee n t o b e captured .  I n effect ,  th e knigh t 
i s immobilize d — no t  becaus e th e rule s o f  th e g a m e 
preven t  movement ,  bu t  becaus e th e consequen t  los s o f 
th e quee n i s undesirable .  Th e opponen t  ca n exploi t 
thi s situatio n i n severa l  ways ;  th e simples t  i s  t o attac k 
th e immobilize d knight .  Th e playe r  i s the n lef t  i n th e 
positio n o f  choosin g betwee n leavin g th e pinne d knigh t 
i n plac e an d allowin g i t  t o b e captured ,  o r  movin g i t 
away,  thereb y permittin g captur e o f  th e queen . 

Not  knowin g abou t  th e pi n tacti c o r  ho w a  pi n 
migh t  b e exploite d b y th e opponent ,  th e compute r 
migh t  decid e t o advanc e it s paw n a t  < i  reasonin g tha t 
ther e ar e n o particularl y dangerou s threat s o r  appeal -
in g opportunite s an d tha t  advancin g th e paw n migh t 
pay of f  i n th e future .  I n comin g t o thi s conclusio n 
th e syste m look s a t  severa l  move s includin g usin g th e 
knigh t  t o captur e th e rightmos t  pawn .  Thi s m o v e i s 
rejecte d becaus e i t  woul d expos e th e quee n t o attac k 
fro m th e opponent' s bishop .  I n rejectin g th e paw n cap -
ture ,  th e compute r  ha s note d th e rol e o f  it s  knigh t 
i n protectin g th e quee n an d ha s effectivel y commit -
te d itsel f  t o keepin g th e knigh t  immobile .  However , 
i t  doe s no t  ye t  constru e thi s situatio n a s a  threa t  o r 
hav e eve n implici t  knowledg e o f  th e tactica l  concep t  o f 
a pin .  Th e opponen t  i s i n a  positio n t o exploi t  thi s 
situatio n b y advancin g it s paw n t o attac k th e knight . 
I t  doe s s o afte r  ti ,  leavin g th e syste m i n a  doubl e bin d 
— i.e .  a  situatio n i n whic h al l  plan s t o preven t  on e los s 
ar e mutuall y exclusiv e wit h plan s t o preven t  th e othe r 
loss .  Sinc e th e quee n i s mor e valuabl e th e compute r 
decide s t o sacrific e th e knight . 

Learning a New Strategic Concept 

I n ou r  mode l  o f  th e learnin g process ,  a  strategi c con -
cep t  i s  discovere d an d operationalize d followin g th e 
failur e o f  a n expectatio n (see ,  e.g .  B i rnbaum ,  Collins , 

Krulwic h 1989 ;  B i rnbaum ,  Collins ,  Freed ,  Krulwich , 
1990) .  Thi s proces s ca n b e decompose d int o a  serie s 
of  step s a s summar ize d i n figur e 2 ,  eac h o f  whic h wil l 
be describe d followin g a n abbreviate d accoun t  o f  h o w 
thi s proces s i s  use d t o lear n abou t  pins . 

Befor e encounterin g th e scenari o o f  figur e 1 ,  th e sys -
te m prepare s t o lear n b y decidin g wha t  t o expec t  an d 
h o w ofte n t o chec k whethe r  it s  expectation s ar e true . 
I n particular ,  i t  decide s t o hav e th e expecatio n tha t 
al l  captur e threat s agains t  it s  piece s wil l  b e blocke d 
an d t o monito r  thi s expectatio n b y checkin g i t  afte r 
ever y opponen t  m o v e .  W h e n th e opponen t  take s th e 
computer' s knigh t  afte r  is ,  th e computer' s expecta -
tio n monito r  signal s a  failur e immediatel y afterwar d 
at  <4 .  T h e signalle d failur e invoke s diagnosti c machin -
er y whic h examine s th e computer' s las t  fe w move s i n 
searc h o f  a n alternativ e m o v e whic h woul d hav e avoid -
ed th e los s o f  th e knigh t  (o r  anythin g worse) .  I t  dis -
cover s tha t  advancin g it s  p a w n a t  t o wa s a  mistake ;  i f 
i t  ha d m o v e d it s quee n ou t  o f  th e bishops' s pat h a t  to , 
n o piece s woul d hav e bee n captured . 

Havin g identifie d a  bette r  action ,  th e syste m use s it s 
explici t  mode l  o f  th e decision-makin g proces s t o deter -
m in e whic h componen t  mus t  b e modifie d t o allo w th e 

1.  Generat e expectatio n 

2.  Not e a n expectation-failur e 

3.  Determin e wha t  actio n o r  inactio n cause d th e failur e 

4.  Determin e wha t  ba d underlyin g decislon(s )  le d t o th e 
fault y actio n 

5.  Generat e on e o r  mor e candidat e modification s fo r  pre -
ventin g recurrenc e o f  th e failur e 

6.  Selec t  th e bes t  modificatio n 

7.  Inductivel y merg e wit h simila r  modification s 

Figure 2: Seven-stage failure-driven learning process 
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planne r  t o m a k e th e bette r  mov e i n simila r  circum -
stance s i n th e future .  Pu t  anothe r  way ,  th e diagnosti c 

machiner y determine s whic h componen t  o f  th e planne r 
i s t o blam e fo r  makin g th e wron g move .  Th e under -
lyin g caus e i s foun d t o b e th e threat-detectio n com -
ponent' s feiilur e t o constru e a  certai n configuratio n o f 
piece s (th e pin )  a s a  threat .  T o preven t  thi s failur e 
i n th e future ,  a  rul e whic h identifie s suc h a  configu -
ratio n a s a  threa t  i s generate d an d the n adde d t o th e 
threat-detectio n component^ . 

Generating expectations 

Expectation s ar e explicitl y  represente d belief s abou t 
what  wil l  o r  wil l  no t  occur .  W h e n a n expectatio n fails , 
i.e .  whe n th e belie f  i s  demonstrabl y i n error ,  th e sys -
te m invoke s learnin g machiner y t o preven t  recurrenc e 
of  th e failure^ .  Fo r  novices ,  i t  i s  wort h askin g ho w 
th e initia l  se t  o f  expectation s i s arrive d at .  O n e wa y 
t o lear n whic h expectation s t o monito r  i s t o b e told . 
Sinc e al l  initia l  expectation s ar e entere d b y hand ,  ou r 
syste m learn s wha t  t o monito r  i n essentiall y  thi s way . 
Anothe r  wa y i s t o generat e the m automaticall y (Doyle , 
Atkinso n an d Doshi ,  1986) .  Automati c generatio n o f 
expectation s shoul d accompan y th e generatio n o f  ne w 
goals' *  Fo r  example ,  i n learnin g t o detec t  an d avoi d 
pins ,  th e syste m shoul d als o lear n t o expec t  t o avoi d 
bein g pinned .  Th e ne w expectatio n provide s a  basi s 
fo r  futur e learning . 

Notice an expectation failure 

Havin g generate d a  se t  o f  expectations ,  th e syste m 
must  devot e resource s t o monitorin g thes e expecta -
tion s an d detectin g whe n the y fail .  I f  th e syste m ha s 
a lo t  o f  expectation s an d check s the m frequently ,  look -
in g fo r  failure s ca n b e ver y costly .  Therefor e decision s 
must  b e m a d e abou t  whic h expectation s t o monito r 
and when . 

M a ny factor s constrai n th e se t  o f  expectation s whic h 
ca n profitabl y b e monitore d a t  an y particula r  time . 
Clearl y irrelevan t  expectation s suc h a s thos e use d 
exclusivel y i n on e domai n — sa y checker s — ca n no t  b e 
profitabl y monitore d whil e engage d i n anothe r  domai n 
suc h a s chess .  Eve n withi n a  domain ,  th e bes t  tim e 
t o monito r  a n expecatio n wil l  vary .  Fo r  instance , 

Actually ,  man y component s beside s th e threat -
detectio n componen t  sho u d  b e modifie d a s a  resul t  o f 
learnin g abou t  pins .  Fo r  exampl e th e counterplannin g 
componen t  wil l  b e modifie d s o tha t  detecte d pin-threat s 
can D C avoided .  Othe r  modification s caus e pin-avoidanc e 
jlan s t o b e ranke d agains t  othe r  plans ,  pinnin g plan s t o 
)e employe d tacticall y agains t  opponent s an d expectation s 
tha t  th e compute r  wil l  no t  ge t  pmne d t o b e generated .  Th e 
need t o separat e plannin g knowledg e amon g component s 
i n thi s wa y i s discusse d i n (Collins ,  Birnbaum ,  Krulwich , 
Freed ,  1991 ) 

•'Alternately ,  th e syste m ma y lear n tha t  a n expectatio n 
i s unrealisti c i n som e respec t  an d modif y i t  (Krulwich ,  Birn -
baum,  Collins ,  1988) . 

*  Expectation s ar e generate d b y inferentiall y  determin -
in g whic h observabl e event s indicat e th e succes s o r  failur e 
of  achievabl e goals . 

th e expectatio n i n ou r  chess-playin g planne r  tha t  al l 
capture-threat s wil l  b e blocke d i s monitore d b y check -
in g i t  afte r  eac h opponen t  move ;  a n expectatio n tha t 
a pla n wil l  prov e workabl e shoul d b e monitore d durin g 
th e pla n evaluatio n process . 

Determining what action or inaction 

c a u s e d t h e failur e 

W h en a n expectation-failur e i s detected ,  th e learn -
in g machiner y i s invoke d t o diagnos e th e proble m an d 
repai r  th e system .  Th e first  ste p i n diagnosi s i s deter -
minin g whic h execute d actio n le d t o th e failure .  Locat -
in g thi s actio n i s a  matte r  o f  searchin g backwar d fro m 

th e tim e o f  th e failur e fo r  a  tim e whe n th e syste m ha d 
an alternativ e which ,  i f  taken ,  woul d hav e prevente d 
th e failur e an d woul d no t  hav e le d t o a n equall y ba d 
or  wors e failur e (cf .  Minton ,  1985) . 

Let  u s conside r  th e pi n exampl e onc e again .  A t  t ^  th e 
expectatio n failur e i s notice d an d th e searc h fo r  a  fault y 
actio n begins .  Th e searc h proceed s b y examinin g th e 
system' s opportunite s t o ac t  i n revers e tempora l  order , 
startin g wit h th e tim e o f  th e failure .  Th e mos t  recen t 
opportunit y t o ac t  befor e < 4 occurre d a t  t2 ,  whe n th e 
planne r  advance d it s pawn .  A t  thi s point ,  th e syste m 
coul d hav e save d th e knigh t  an d prevente d th e failur e 
by movin g i t  awa y fro m th e attackin g bisho p an d pawn , 
but  thi s mov e woul d hav e bee n a  poo r  choic e sinc e 
i t  woul d hav e expose d th e quee n an d le d t o th e eve n 
wors e failure .  A t  t̂ ,  th e compute r  wa s i n a  doubl e bin d 
— nothin g coul d hav e prevente d th e los s o f  a  piece . 

Th e searc h continue s unti l  a n opportunit y t o pre -
ven t  th e failur e i s foun d i n whic h n o doubl e bin d woul d 
negat e th e valu e o f  preventiv e action .  A t  to ,  th e sys -
te m coul d hav e prevente d th e failur e b y movin g it s 
quee n 2  space s t o th e left ,  thereb y defusin g th e pi n 
and maintainin g th e guar d o n it s knight .  Thi s would 
hav e prevente d an y expectatio n failur e fro m occurring ; 
therefor e th e actio n take n a t  thi s tim e i s blame d fo r  th e 
failure . 

Thi s metho d o f  locatin g failure-producin g action s 
i s adequat e fo r  th e simpl e turn-takin g game s w e ar e 
studying .  Simila r  method s hav e bee n propose d b y 
Minto n (1985 )  fo r  learnin g abou t  th e for k an d b y 
Utgof f  (1983 )  fo r  constrain t  back-propogation . 

Determining which component caused the 

failur e 

Ever y actio n i n ou r  syste m i s th e produc t  o f  deci -
sion s m a d e b y component s o f  th e system' s planner . 
One componen t  i s responsibl e fo r  detectin g threat s an d 
opportunitie s t o achiev e th e system' s goals .  Anothe r  i s 
responsibl e fo r  formulatin g plans ,  anothe r  fo r  compar -
in g candidat e plan s t o determin e whic h i s best .  Ou r 
curren t  formulatio n o f  th e plannin g proces s include s 
22 classe s o f  decisio n an d therefor e 2 2 distinc t  plan -
nin g component s (Freed ,  1991) .  W h e n a  fault y actio n 
i s made ,  on e o r  mor e o f  thes e component s i s responsi -
bl e fo r  th e failur e an d shoul d b e modifie d t o preven t 
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has-legal-path(p i  loc(pi )  loc(p2 )  pat h a ) 
A has-legal-path(p i  loc(pi )  loc(p3 )  patha ) 
A has-legal-path(p 4 loc(p4 )  s q pa t  he ) 
A has-legal-path(p 4 s q loc(p2 )  patho ) 
A blocks-path(p 2 pathe ) 
A - > blocked(pa</i>» ) 

A - > blocked(pa</ic ) 
A - 1 blocked(pa</ix) ) 

A l-own(p2 ) 
A I-own(p3 ) 
A - > I-own(pi ) 
A - > I-own(p4 ) 

—• isa-threat(<...>) 

Figur e 3 :  Rul e fo r  detectin g pin-threat s agains t  p 2 

recurrenc e o f  th e th e fault y behavior .  Se e (Birnbaum , 
Collins ,  Freed ,  Krulwich ,  1990 )  fo r  a  descriptio n o f  th e 
diagnosti c proces s use d b y ou r  syste m t o determin e 
whic h componen t  i s responsibl e fo r  a  fault y action . 

I n som e cases ,  n o singl e componen t  ca n b e hel d sole -
l y accountabl e fo r  th e failure .  Diagnosin g th e failur e 
i n thes e case s mean s locatin g a  (preferabl y minimal ) 
set  o f  component s whic h m a y b e modifie d t o preven t 
recurrenc e o f  th e failure .  A s th e syste m wa s unawar e 
of  th e pi n tactic ,  m a n y component s requir e modifica -
tio n i n orde r  t o defen d agains t  i t  an d emplo y i t  agains t 
othe r  agents .  Th e componen t  responsibl e fo r  threa t 
detectio n shoul d b e modifie d t o detec t  th e pin ;  th e 
componen t  fo r  counerplannin g mus t  b e abl e t o gener -
at e a  respons e t o a  pin-threa t  i f  on e i s ha s bee n detect -
ed.  Learnin g an d operationalizin g knowledg e o f  th e pi n 
entail s modifyin g eac h component .  Fo r  simplicit y w e 
wil l  onl y conside r  modification s t o th e threat-detectio n 
component . 

Generating candidate modifications 

Once th e caus e o f  th e failur e ha s bee n trace d t o a  fault y 
component ,  a n explanation-base d learnin g algorith m 
(cf .  Mitchell ,  Kelle r  an d Kedar-Cabelli ,  1986 ;  DeJon g 
and Mooney ,  1986 )  i s use d t o construc t  a  modificatio n 
t o th e componen t  whic h wil l  preven t  recurrenc e o f  th e 
failure .  Modifyin g th e threat-detectio n componen t  t o 
detec t  pin s entail s constructin g a  rul e t o signa l  a  threa t 
when th e opponen t  i s i n a  positio n t o pi n on e o f  th e 
computer' s pieces . 

Figur e 3  show s a  threat-detectio n rul e which ,  i f 
adde d t o th e rul e se t  employe d b y th e threat-detectio n 
component ,  wil l  preven t  recurrenc e o f  th e piece-los s 
seen i n th e example .  I t  shoul d b e note d tha t  th e rul e 
detect s a  mor e specifi c  clas s o f  threat s tha n woul d b e 
expecte d give n a  ful l  understandin g o f  th e dange r  o f 
bein g pinned ;  onl y pin s whic h th e opponen t  ca n exploi t 
by attackin g th e pinne d piec e ar e detected .  Th e pro -

ces s use d b y ou r  syste m t o produc e componen t  modi -
fications  i s describe d b y Krulwic h (1991) . 

As i t  stands ,  th e syste m learn s t o detec t  a n over -
l y specifi c  clas s o f  threat s becaus e it s singl e experi -
enc e bein g pinne d coul d no t  illustrat e othe r  way s bein g 
pinne d coul d b e costly .  W e wil l  discus s ho w th e syste m 
migh t  lear n th e mor e genera l  rul e below . 

Choosing the best modification 

Th e learnin g elemen t  wil l  frequentl y b e abl e t o gener -
at e severa l  modification s tha t  var y i n eflfectivenes s an d 
cost .  T o se e wh y thi s woul d b e th e case ,  conside r  th e 
followin g informa l  example :  a  person  break s a  traffi c 
la w — sa y b y makin g a  U-tur n i n a n intersectio n — an d 
consequentl y collide s wit h anothe r  car .  Attemptin g t o 
preven t  futur e collisions ,  th e drive r  coul d decide :  t o 
be mor e carefu l  whe n breakin g tha t  la w i n th e future , 
not  t o brea k tha t  la w a t  all ,  no t  t o brea k traffi c  law s 
i n genera l  o r  simpl y no t  t o driv e becaus e i t  i s  to o dan -
gerous .  I n decidin g whic h lesso n t o learn ,  th e drive r 
must  reaso n abou t  th e tradeof f  betwee n effectivenes s 
(a t  reducin g th e likelihoo d o f  futur e accidents )  an d cos t 
(inconvenience) . 

I n decidin g whic h rul e t o learn ,  th e syste m shoul d 
conside r  suc h factor s a s generalit y an d computationa l 
expense .  Th e mor e genera l  rule s wil l  typicall y b e mor e 
expensiv e t o use .  Fo r  example ,  th e threat-detectio n 
rul e o f  figure 3  i s mor e genera l  an d mor e expensiv e 
tha n a  simila r  rul e whic h onl y consider s pin s arisin g 
fro m bishops .  Suc h a  rul e woul d preven t  a  recurrenc e 
of  th e exac t  failur e see n i n th e exampl e (i n whic h th e 
pinnin g piec e wa s a  bishop) ,  bu t  fai l  t o detec t  pin s 
m a de b y rook s an d queens .  T h e mor e specifi c  rul e i s 
cheape r  t o us e becaus e i t  onl y ha s t o b e checke d o n 
bishops . 

Extensiv e knowledg e o f  th e domai n m a y b e use d t o 
predic t  wha t  leve l  o f  generalit y optimize s th e tradeof f 
betwee n effectivenes s an d computationa l  expense .  Fo r 
th e novice ,  suc h knowledg e wil l  normall y b e unavail -
able ;  however ,  conservativ e guesse s abou t  thi s leve l  ca n 
be adjuste d i n ligh t  o f  ne w experienc e b y inductivel y 
generalizin g simila r  modification s (cf .  Pazzan i  1989) . 

Merging similar modifications 

Th e rul e fo r  detectin g pin s illustrate d i n figure 3 
detect s to o narro w a  rang e o f  threats .  I n effect ,  i t 
assumes tha t  th e onl y pin s wort h respondin g t o ar e 
thos e whic h th e opponen t  ca n exploi t  b y attackin g th e 
pinne d piece .  However ,  th e mobility-limi t  produce d b y 
th e pi n ca n hav e othe r  costl y consequences .  Fo r  exam -
ple ,  th e compute r  wil l  b e unabl e t o mov e a  pinne d 
piec e t o captur e a n opponent' s piec e withou t  exposin g 
itsel f  t o attack .  Essentiall y  an y ches s goa l  whic h ca n 
be serve d b y movin g a  piec e i s compromise d i f  th e piec e 
i s pinned . 

Althoug h th e necessar y mechanism s ar e no t  ye t 
implemente d i n ou r  system ,  I  wil l  discus s ho w th e mor e 
genera l  rul e m a y b e produce d afte r  a  secon d experienc e 
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of  bein g pinned .  Briefly ,  thi s secon d experienc e migh t 
tak e th e followin g form : 

One o f  th e system' s genera l  expectation s i s tha t  i t 
wil l  alway s b e abl e t o captur e unguarde d pieces .  I f 
th e attac k piec e i s pinned ,  th e attac k woul d hav e t o 
be aborted ,  causin g th e expectatio n t o fail .  A  learn -
in g episode ,  simila r  t o th e initia l  pi n example ,  woul d 
the n occur .  Th e ne w threat-detectio n rul e woul d b e 
ver y simila r  t o th e initia l  pi n rule ,  an d coul d the n b e 
combine d wit h i t  t o yiel d a  ne w rule ,  detectin g al l  pins . 

The crucia l  element s o f  thi s ste p ar e method s fo r 
identifyin g simila r  rule s an d fo r  mergin g the m (cf . 
Minton ,  1988) .  Fo r  eac h o f  thes e step s w e assum e a 
concep t  calle d reasons-to-mov e fo r  whic h avoid-captur e 
and capture-opponent-piec e ar e specializations .  Associ -
ate d wit h th e latte r  concept s ar e abstrac t  description s 
of  th e chessboar d position s whic h enabl e them ,  repre -
sente d i n th e sam e languag e a s th e rule s employe d b y 
th e detectio n component . 

To notic e th e similarit y o f  th e tw o detectio n rules , 
th e syste m mus t  first  labe l  a  subse t  o f  th e proposition s 
i n th e first  rul e (figur e 3 )  a s equivalen t  t o th e enablin g 
condition s o f  avoid-captur e an d similarl y labe l  a  por -
tio n o f  th e secon d rul e a s equivalen t  t o th e enablin g 
condition s fo r  capture-opponent-piece .  Treatin g thes e 
label s an d th e unlabelle d propostion s i n eac h rul e a s 
features ,  a  simpl e inductiv e generalizatio n algorith m 
(e.g .  Winsto n 1970 )  ca n b e use d t o produc e a  ne w 
rul e whic h include s onl y th e commo n feature s o f  th e 
first  two .  Th e ne w rul e detect s al l  pins . 

Conclusion 

We have presented a seven-stage process for discov-
erin g strategi c concept s fro m expectatio n failure s an d 
constructin g method s fo r  utilizin g thi s knowledge .  W e 
hav e demonstrate d thi s withi n th e contex t  o f  ou r 
testbe d syste m whic h learn s ne w rule s fo r  detectin g 
threats ,  counterplannin g an d othe r  cognitiv e tasks . 
Futur e wor k wil l  expan d th e mor e speculativ e stage s 
of  thi s proces s an d elaborat e th e functiona l  decompo -
sitio n o f  plannin g task s employe d b y th e system . 

Acknolwedgements 

The ideas presented here were developed in collabora-
tio n wit h Greg g Collins ,  Larr y Birnbau m an d Bruc e 
Krulwich .  Additiona l  thank s g o t o Mat t  Brand ,  Robi n 
Burke ,  Eri c Domeshek ,  Bil l  Ferguso n an d Louis e Pry -
or  fo r  comment s o n thi s pape r  an d discussion s o n th e 
researc h presented .  Thi s wor k wa s supporte d i n par t 
by th e Offic e o f  Nava l  Researc h unde r  contrac t  N00014 -
89-J-3217 ,  an d b y th e Defens e Advance d Researc h 
Project s Agency ,  monitore d b y th e Ai r  Forc e o f  Scien -
tifi c  Researc h unde r  contrac t  F49620-88-C-0058 .  Th e 
Institut e fo r  th e Learnin g Science s wa s establishe d i n 
1989 wit h th e suppor t  o f  Anderse n Consulting ,  par t  o f 
th e Arthu r  Anderse n Worldwid e Organization . 

Re fe rence s 

Birnbaum ,  L. ,  an d Collins ,  G .  1988 .  Th e transfe r  o f  expe -
rienc e acros s plannin g domain s through t  th e acquisitio n o f 
abstrac t  strategies .  Proceeding s o f  th e 198 8 Case-Base d Rea -
sonin g Worksho p 

Birnbaum, L., Collins, C, and Krulwich, B. 1989. Issues in 
th e justification-base d diagnosi s o f  plannin g failures .  Proceed -
ing s o f  th e Sixt h Internationa l  Worksho p o n Machin e Learn -
ing ,  Ithaca ,  NY ,  pp .  194-196 . 

Birnbaum, L., Collins, G., Freed, M., and Krulwich, B. 
1990.  Model-base d diagnosi s o f  plannin g failures .  Proceeding s 
of  th e Eight h Nationa l  Conferenc e o n Artificia l  Intelligence , 
Boston ,  MA ,  pp .  318-323 . 

Collins, G., Birnbaum, L., and Krulwich, B. 1989. An adap-
tiv e mode l  o f  decision-makin g i n planning .  Proceeding s o f  th e 
Elevent h IJCAI ,  Detroit ,  MI ,  pp .  511-516 . 

Collins, G., Birnbaum, L., Krulwich, B., and Freed, M. 
1991.  Pla n debuggin g i n a n intentiona l  system .  Accepte d 
fo r  publicatio n i n th e Proceeding s o f  Thirteent h IJCAI . 

DeJong, G., and Mooney, R. 1986. Explanation-based learn-
ing :  A n alternativ e view .  Machin e Learning ,  vol .  1 ,  pp .  145 -
176. 

Doyle, R., Atkinson, D., and Doshi, R. 1986. Generating 
perceptio n request s an d expectation s t o verif y th e executio n 
of  plans .  Proceeding s o f  th e Fift h Nationa l  Conferenc e o n 
Artificia l  Intelligence ,  pp .  81-88 . 

Freed, M. 1991. A Taxonomy of Planning and Learning Deci-
sions .  Unpublishe d manuscript . 

Krulwich, B. 1991. Determining appropriate EBL target 
concept s i n a  multi-componen t  plannin g system .  Accepte d 
fo r  publicatio n i n th e Proceeding s o f  th e Thirteent h Annua l 
Conferenc e o f  th e Cognitiv e Scienc e Society . 

Minton, S. 1985. A Game-Playing Program that Learns 
by Analyzin g Example s Technica l  repor t  CMU-CS-85-130 , 
Carnegi e Mello n Universit y Schoo l  o f  Compute r  Science , 
Pittsburgh ,  PA . 

Minton, S. 1988. Learning effective search control knowledge: 
an explanation-base d approach .  Technica l  Repor t  CMU-CS-
88-133 ,  Carnegi e Mello n Universit y Schoo l  o f  Compute r  Sci -
ence ,  Pittsburgh ,  PA . 

Mitchell, T., KeUer, R., and Kedar-CabelU, S. 1986. 
Explanation-base d generalization :  A  unifyin g view .  Machin e 
Learning ,  vol .  1 ,  pp .  47-80 . 

Utgoff, P. 1983. Adjusting bias in concept learning. Proceed-
ing s Internationa l  Machin e Learnin g Workshop . 

Winston, P.H. 1970. Learning structural descriptions form 
examples .  Rep s No .  TR-231 ,  A I  Laboratory ,  Massachusett s 
Institut e o f  Technology .  (Reprinte d i n P.II .  Winsto n (Ed.) . 
1975.  Th e psycholog y o f  compute r  vision .  Ne w York : 
McGraw-HiU ,  157-209 ) 

136 


	cogsci_1991_132-136



