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Introductio n 

For  a n agen t  t o find  an d repai r  th e fault s tha t  underl y 
a plannin g failure ,  i t  mus t  b e abl e t o reaso n abou t  th e 
intende d behavio r  o f  it s  plannin g an d decision-makin g 
mechanisms .  Representation s o f  intende d decision -
makin g behaviors ,  whic h w e refe r  t o a s intentions , 
provid e a  basi s fo r  generatin g testabl e hypothese s abou t 
th e sourc e o f  a  failur e i n th e absenc e o f  complet e 
informatio n abou t  it s cause .  Moreover ,  intention s 
provid e measure s b y whic h beneficia l  modification s t o 
cognitiv e machiner y ca n b e differentiate d fro m harmfu l 
or  useles s ones .  Thi s pape r  present s severa l  example s o f 
thes e intention s an d discusse s ho w the y ma y b e use d t o 
exten d th e rang e o f  circumstance s i n whic h agent s ca n 
learn . 

Sinc e ou r  clai m concern s th e representation s neede d t o 
lear n fro m failure ,  w e describ e i n sectio n 2  a  situatio n i n 
whic h a n agen t  shoul d b e abl e t o learn ,  an d discus s som e 
of  th e obstacle s t o doin g so .  I n sectio n 3 ,  w e presen t 
th e ide a o f  intention s an d show ,  usin g th e exampl e 
fro m th e previou s section ,  ho w the y ma y b e use d t o 
exten d th e rang e o f  circumstance s i n whic h machine s 
can learn .  Sectio n 4  present s a n implementatio n o f  ou r 
theor y o f  failure-drive n learnin g an d discusse s th e rol e 
of  intention s i n severa l  stage s o f  th e learnin g process . 
Finally ,  i n sectio n 5 ,  w e relat e ou r  clai m t o th e wor k o f 
othe r  researcher s an d summariz e th e argumen t  tha t  th e 
intende d behavior s o f  decision-makin g mechanism s mus t 
be represente d explicitl y  i n orde r  t o lear n fro m failure . 

An every-day example 

Conside r  th e situatio n o f  a  novic e drive r  attemptin g t o 
travers e a  crowde d an d confusin g roa d featur e suc h a s 
th e rotar y show n i n figure  1 .  Lackin g experience ,  th e 
novic e ma y en d u p waitin g longe r  tha n mor e experience d 
driver s befor e enterin g th e flow  o f  traffic .  I t  i s  no t 
unreasonabl e t o suppos e tha t  th e novic e notice s th e 
undesirabl y lon g wait ,  perhap s wit h th e assistanc e 
of  impatien t  driver s waitin g behind .  Th e situatio n 
implicate s som e shortcomin g i n th e novice' s drivin g skill , 
and s o warrant s a n attemp t  t o lear n som e improvement . 

What should be learned? 

Driver s ca n identif y collision-threat s suc h a s roa d 
obstacle s an d movin g vehicles ,  an d mus t  tak e the m int o 
accoun t  i n decidin g ho w an d whe n t o ente r  traffic .  Fo r 
instance ,  i f  a t  som e moment  traffi c  i s  heav y an d movin g 

quickly ,  a  drive r  ma y notic e man y collisio n threat s an d 
choos e no t  t o enter .  Alternately ,  s/h e ma y emplo y som e 
pla n tha t  avoid s o r  neutralize s al l  o f  thes e threats ,  an d 
procee d t o ente r  traffic . 

For  th e tas k o f  enterin g th e flow  o f  traffic ,  th e categor y 
collision-threa t  i s  usefu l  fo r  constrainin g th e se t  o f  plan s 
whic h ma y b e safel y employed .  However ,  th e novic e 
i n ou r  exampl e ma y hav e bee n employin g a n overbroa d 
definitio n o f  collision-threat .  A s a  result ,  th e se t  o f 
seemingl y saf e plan s wil l  b e overconstrained ,  thereb y 
increasin g th e averag e amoun t  o f  tim e befor e som e pla n 
seems safe .  I t  i s  reasonabl e t o blam e th e categor y 
definitio n fo r  overconstrainin g th e se t  o f  plan s whic h ca n 
be use d t o ente r  traffi c  safely ,  thereb y preventin g timel y 
action .  Learnin g fro m th e failur e thu s mean s narrowin g 
th e fault y definitio n o f  collision-threat . 

Ther e ma y o f  cours e b e man y way s i n whic h th e 
definitio n o f  collision-threa t  coul d b e usefull y narrowed . 
For  instance ,  a  novic e ma y lear n tha t  othe r  driver s 
ten d t o sta y i n thei r  ow n lane s betwee n exits ;  thus , 
th e possibilit y  tha t  a  vehicl e wil l  mak e a  sudde n an d 
inexplicabl e lan e chang e shoul d no t  b e considere d a 
collision-threat . 

Tracing the delay to its underlying cause 

I n ou r  example ,  th e novice' s failur e t o expeditiousl y 
ente r  th e flow  o f  traffi c  stem s fro m a  failur e t o generat e 
a saf e pla n fo r  entry .  Thi s failur e stems ,  i n turn , 

Figur e 1 :  Flo w o f  traffi c  o n a  rotar y 
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fro m havin g notice d mor e threat s tha n th e novic e 
coul d pla n t o counte r  o r  avoid .  Th e novic e ca n ge t 
bette r  a t  enterin g traffi c b y learnin g t o mor e accuratel y 
differentiat e betwee n threat s an d non-threats . 

O ne wa y tha t  thi s diagnosi s coul d procee d i s a s 
follows :  Suppos e th e novic e receive s feedbac k indicatin g 
tha t  a  particula r  perceive d threa t  wa s no t  i n fac t  a 
threa t  ove r  som e tim e interval .  Th e circumstance s 
durin g thi s interva l  coul d the n b e reviewe d t o sho w 
tha t  a  saf e pla n t o ente r  th e rotar y woul d hav e bee n 
discovere d ha d th e misperceive d threa t  ( a "nea r  miss" ) 
bee n ignored .  Finally ,  th e misperceive d threa t  coul d b e 
use d t o narro w th e collision-threa t  categor y definition . 

Th e precedin g proces s i s  unrealisti c fo r  severa l 
reasons .  First ,  i t  assume s tha t  th e agen t  ca n receiv e 
specifi c  feedbac k regwdin g a  decisio n tha t  wa s m a d e 
incorrectly ,  a s oppose d t o a n actio n tha t  wa s incorrectl y 
taken .  Moreover ,  sinc e th e novic e ha d n o wa y t o kno w 
a prior i  whic h o f  it s  decision s shoul d b e monitored , 
i t  woul d requir e tha t  th e novic e receiv e continuou s 
feedbac k o n eac h o f  it s decisions .  Finally ,  i t  i s  highl y 
implausibl e tha t  th e novic e wil l  b e abl e t o receiv e 
detaile d feedbac k abou t  particula r  perceive d threats , 
sinc e novice s typicall y lac k th e knowledg e necessar y t o 
evaluat e suc h situation s post-ho c [Fitts ,  1964 ;  Starke s 
an d Deakin ,  1985) . 

A mor e realisti c diagnosti c proces s begin s a s th e drive r 
of  zmothe r  ca r  honk s hi s hor n an d thereb y lead s th e 
novic e t o questio n wh y n o saf e traffi c  entr y plan s hav e 
bee n generated .  Hypothese s ar e develope d a s t o wh y 
thi s migh t  b e th e case ,  includin g fo r  exampl e tha t  eithe r 
th e plannin g mechanis m i s  inadequate ,  o r  it s  se t  o f 
collision-threat s i s faulty .  Thes e hypothese s enabl e th e 
novic e t o see k specifi c  feedbac k throug h experimentatio n 
or  advice . 

Reasoning about agent intentions 

As previousl y argue d i n [Collin s e t  al. ,  1991] ,  i t  i s 
i s usefu l  t o divid e a  planne r  int o components ,  eac h 
responsibl e fo r  a  task-independen t  functio n suc h a s 
detectin g threat s o r  selectin g a m o n g competin g plans . 
T h e effectivenes s o f  a  componen t  depend s o n whethe r 
i t  perform s it s functio n quickly ,  ho w reliabl y i t  attend s 
t o relevan t  inpu t  items ,  whethe r  i t  avoid s pathologica l 
interaction s wit h othe r  components ,  an d s o on .  W e cal l 
thes e measure s o f  componen t  effectivenes s intentions . 

W h en a n agen t  implemente d a s a  componen t 
architectur e learns ,  on e o r  mor e modification s ar e m a d e 
t o it s  constituen t  components .  Componen t  intention s 
(se e figure  2  fo r  examples )  ar e a  measur e o f  th e 
valu e o f  a  modification .  Fo r  instance ,  a  modificatio n 
i s valuabl e i f  i t  help s avoi d pathologica l  interaction s 
betwee n component s an d harmfu l  t o th e exten t  tha t 
i t  aggravate s suc h interaction s o r  introduce s ne w ones . 
Becaus e th e choic e o f  wha t  t o lear n depend s o n factor s 
measure d b y intentions ,  intention s shoul d b e explicitl y 
represente d s o tha t  learnin g processe s ca n reaso n abou t 
them .  T o understan d thi s point ,  conside r  agai n th e 

With i n component s 

No f&ls e positive s 
No fals e negative s 

Efficien t  computatio n 
Outpu t  value s withi n 

acceptabl e range s 

Inter-componen t 

Don' t  floo d othe r  component s 
Don' t  monopoliz e resource s 
Don' t  reproduc e computatio n 
Don' t  focu s o n area s o f 
ultimat e irrelevanc e 
Don' t  b e a  bottlenec k 

Figur e 2 :  Sampl e planne r  componen t  intention s 

rotar y exampl e o f  sectio n . 
Recal l  tha t  th e principa l  difficult y i n speedin g traffic -

entr y performanc e la y i n locatin g a  sampl e misperceive d 
threa t  ( a nea r  miss )  o n whic h t o bas e a  refinemen t  o f 
th e collisio n threa t  classification .  Th e mos t  effectiv e 
solutio n wa s apparentl y t o hypothesiz e tha t  th e categor y 
i s overbroa d an d t o see k ou t  specifi c  feedbac k o n futur e 
threat-detectio n performanc e throug h experimentatio n 
or  advice .  I n th e absenc e o f  a n instanc e o f  a 
misclassification ,  thi s solutio n require s som e othe r  basi s 
fo r  formulatin g th e faul t  hypothesis .  Intention s provid e 
thi s alternat e basis . 

Conside r  th e componen t  intention :  avoi d flooding 
anothe r  componen t  wit h output .  T h e negatio n o f  thi s 
intentio n represent s a  situatio n i n whic h a  componen t  i s 
producin g to o muc h output ;  thi s i n tur n indicate s tha t 
some output-define r  (category )  m a y b e to o broa d an d 
tha t  fixing  th e proble m require s locatin g a  fals e positiv e 
wit h whic h t o narro w th e category . 

A secon d rol e o f  intention s i s t o evaluat e candidat e 
componen t  modificatio n fo r  preventin g failur e recur -
rence .  I n ou r  example ,  drasticall y narrowin g th e 
collisio n threa t  categor y (s o tha t  n o collisio n threat s 
ar e generated )  woul d solv e th e proble m o f  flooding  th e 
traffic-entr y planne r  wit h output ,  bu t  woul d lea d t o 
catastrophicall y fault y plans .  T h e basi s fo r  rejectin g thi s 
candidat e modificatio n i s th e intentio n tha t  th e threat -
detectio n component' s outpu t  b e fre e o f  false-positive s 

Implementation and second example 

I n thi s section ,  w e describ e a  system ,  castle' ,  whic h 
implement s importan t  aspect s o f  ou r  theory .  Th e 
system ,  whic h operate s i n th e domai n o f  chess ,  detect s 
situation s tha t  ar e contrar y t o it s expectations ,  an d 
respond s t o thes e expectatio n failure s b y repairin g th e 
fault y planne r  component s whic h wer e responsibl e fo r 
th e failure .  W e vie w thi s learnin g a s a  knowledge-base d 
process ,  i n whic h th e syste m use s knowledg e o f  it s ow n 
plannin g component s t o lear n fro m event s whic h le d t o 
expectatio n failures .  Mor e specifically ,  th e syste m mus t 
reaso n alon g differen t  dimension s o f  intentionalit y t o 
determin e wha t  repair s shoul d b e m a d e t o it s plannin g 

'Castl e stand s fo r  Concoctin g i4bstrac l  Strategie s 
Tliroug h Learnin g fro m î xpectation-failures . 
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Figur e 3 :  Incrementa l  threa t  detectio n 
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Figure 4: Focusing on new moves by a moved piece 

rules . 
Th e knowledg e necessar y fo r  thi s repai r  proces s i s 

expresse d i n th e for m o f  a  planne r  self-model ,  whic h 
i s use d t o diagnos e an d repai r  expectatio n failure s 
[Davis ,  1984 ;  deKlee r  an d Williams ,  1987 ;  S immons , 
1988] .  Mor e specifically ,  whe n th e expectatio n fails ,  th e 
syste m first  examine s a n explici t  justificatio n structur e 
whic h encode s th e th e reasonin g whic h le t  t o it s belie f 
i n th e incorrec t  expectatio n [deKlee r  e l  o/. ,  1977 ; 
Doyle ,  1979] .  Thi s justificatio n i s use d t o isolat e th e 
fault y component s o f  it s  architecture ,  eac h o f  whic h 
implement s a  particula r  sub-tas k i n th e decision-makin g 
proces s [Collin s e t  al ,  1991 ;  Krulwich ,  1991] .  I t  the n 
uses a  specificatio n o f  th e fault y component s t o guide  th e 
learnin g o f  ne w rule s i n respons e t o th e failur e [Krulwich , 
1992] .  Eac h o f  thes e informatio n source s mus t  explicitl y 
referenc e th e planner' s intentions . 

Detection focusing 

A centra l  cognitiv e tas k i n whic h CASTL E engage s i s tha t 
of  noticin g threat s an d opportunitie s a s the y becom e 
availabl e [Collin s e t  al. ,  1991] .  Rathe r  tha n recomputin g 
thes e a t  eac h turn ,  CASTL E maintain s a  se t  o f  activ e 
threat s an d opportunitie s tha t  i s  update d ove r  time .  T o 
accomplis h thi s incrementa l  threa t  detection ,  th e syste m 
uses a  detectio n focusin g component ,  whic h consist s 
of  focu s rule s tha t  specif y th e area s i n whic h ne w 
threat s ma y hav e bee n enabled .  Then ,  a  separat e threa t 
detectio n component ,  consistin g o f  rule s fo r  noticin g 
specifi c  type s o f  threats ,  detect s th e threat s tha t  hav e 
i n fac t  bee n enabled .  Thi s relationshi p betwee n th e tw o 
component s i s show n pictoriall y  i n figure  3 .  A  sampl e 
focu s rul e i s show n i n figure  4 .  Thi s rul e embodie s 
th e system' s knowledg e tha t  th e mos t  recentl y move d 
piece ,  i n it s ne w location ,  m a y b e a  sourc e o f  ne w 
threats .  Anothe r  focu s rule ,  no t  shown ,  specifie s tha t 
th e mor e recentl y move d piec e ca n als o b e a  targe t  o f 
newl y enable d attacks .  Usin g focu s rule s suc h a s these , 
th e actua l  threa t  detecto r  rule s wil l  onl y b e invoke d o n 
area s o f  th e boar d whic h ca n potentiall y  contai n ne w 
threats . 

Focusing intentions 

W h at  intention s doe s th e syste m hav e regardin g it s 
detectio n focusin g component ? T h e primar y intentio n 
tha t  th e syste m ha s i s tha t  ther e no t  b e an y newl y 
enable d threat s tha t  ar e no t  withi n th e scop e o f 

th e binding s generate d b y th e focusin g component . 
Thi s conditio n i s clearl y necessar y fo r  th e incrementa l 
detectio n schem e t o work .  A  mor e subtl e intentio n i s 
tha t  th e focusin g componen t  no t  generat e to o m a n y 
binding s i n whic h threat s d o no t  exist .  I f  thi s intentio n 
i s no t  met ,  th e detectio n componen t  wil l  b e invoke d 
mor e tha n i s necessary ,  an d i n th e extrem e cas e th e 
entir e poin t  o f  th e detectio n focusin g i s lost .  Clearl y 
th e saving s gaine d b y onl y applyin g th e threa t  detectio n 
rule s i n constraine d way s (an d no t  ove r  th e entir e board ) 
must  b e greate r  tha n th e cos t  o f  applyin g th e focusin g 
rules .  Thi s wil l  no t  b e th e cas e i f  th e constraint s give n 
by th e focusin g componen t  ar e to o weak .  I t  wil l  als o no t 
be th e th e cas e i f  th e computationa l  cos t  o f  applyin g th e 
focusin g componen t  i s to o high . 

Anothe r  planne r  intentio n regardin g th e focusin g 
componen t  i s tha t  th e divisio n o f  th e task s show n i n 
figure  3  b e enforced .  Thi s mean s tha t  th e syste m siioul d 
not  incorporat e informatio n abou t  differen t  type s o f 
threat s int o th e focusin g rules . 

Discovered attacks 

T o se e ho w CASTL E use s representation s o f  planne r 
intention s i n learning ,  let' s  first  se e a n exampl e o f 
CASTLE enforcin g it s simples t  intention ,  tha t  ther e b e 
no fals e negative s o f  it s  focusin g component .  Consider , 
i n particular ,  th e exampl e o f  discovere d attack s i n chess , 
i n whic h th e movemen t  o f  on e piec e open s a  lin e o f  attac k 
fo r  anothe r  piece .  Novice s ofte n fal l  pre y t o suc h attacks , 
not  becaus e the y fai l  t o understan d th e mechanis m o f 
th e threa t  (i.e. ,  th e wa y i n whic h th e piec e ca n mov e t o 

Intentio n 
No fals e negative s 

No fals e positive s 
Efficienc y 

No redundanc y 

Applicatio n t o focusin g 
Don' t  le t  a  threa t  b e enable d 
withou t  detector s bein g invoke d 
Detector s no t  over-applie d 
Incrementa l  schem e shouldn' t 
be les s efficien t  tha n 
brute-forc e 
Don' t  encod e informatio n abou t 
specifi c  threat s i n focu s rule s 

Figur e 5 :  Planne r  intention s i n detectio n focusin g 
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Figure 7: Learned focus rule for discovered attacks 

make th e capture) ,  bu t  rathe r  becaus e the y simpl y fai l 
t o conside r  ne w threat s arisin g fro m piece s othe r  tha n 
th e on e jus t  moved .  Th e sam e i s tru e o f  castl e i f  i t  i s 
equippe d onl y wit h th e tw o focu s rule s describe d above . 

Th e exampl e i n figur e 6  show s th e syste m fallin g pre y 
t o a  discovere d attac k du e t o it s lac k o f  a  necessar y 
detectio n focusin g rule .  I n th e situatio n show n i n 
figure  6(a) ,  th e opponen t  advance s it s paw n an d thereb y 
enable s a n attac k b y it s bisho p o n th e computer' s rook . 
W h en th e syste m update s it s se t  o f  activ e threat s an d 
opportunities ,  it s  threa t  focusin g rule s wil l  enabl e i t  t o 
detec t  it s  ow n abilit y  t o attac k th e opponent' s pawn , 
but  i t  wil l  no t  detec t  th e threa t  t o it s rook .  Becaus e 
of  this ,  whe n face d wit h th e situatio n i n figure  6(b) , 
th e compute r  wil l  captur e th e opponent' s paw n instea d 
of  rescuin g it s ow n rook ,  an d i t  wil l  expec t  tha t  th e 
opponent' s respons e wil l  b e t o execut e th e attac k whic h 
i t  believe s t o th e onl y on e available ,  namel y t o captur e 
th e computer' s pawn .  Then ,  i n th e situatio n show n i n 
figure  6(c) ,  whe n th e opponen t  capture s th e computer' s 
rook ,  th e syste m ha s th e tas k o f  diagnosin g an d learnin g 
fro m it s failur e t o detec t  th e threa t  whic h th e opponen t 
executed . 

Learning from the failure 

To diagnose the failure, CASTLE examines an explicit 
justificatio n structur e [deKlee r  e i  ai ,  1977 ;  Doyle ,  1979] , 
whic h recor d ho w th e planner' s expectatio n wa s inferre d 
fro m th e rule s tha t  constitut e it s decision-makin g 
mechanisms ,  i n conjunctio n wit h th e policie s an d under -
lyin g assumption s whic h i t  ha s adopted .  Diagnosin g 
th e failur e the n involve s "backin g up "  throug h th e 
justificatio n structure ,  recursivel y explainin g th e failur e 
i n term s o f  fault y rul e antecedent s [Smit h e t  ai ,  1985 ; 
S immons ,  1988 ;  Birnbau m e t  ai ,  1990 ;  Collin s e t  ai , 
1991] .  Thi s diagnosi s proces s wil l  "botto m out "  b y 
faultin g eithe r  a n incorrec t  planne r  rul e o r  a n incorrec t 

assumptio n tha t  underlie s th e plannin g mechanism .  I n 
our  example ,  th e faul t  lie s i n a n assumptio n tha t  th e 
planne r  coul d enforc e it s first  intentio n regardin g it s 
focusin g component ,  tha t  i t  woul d generat e binding s 
fo r  al l  enable d threats .  Cas t l e conclude s fro m thi s 
tha t  it s se t  o f  focusin g rule s i s incomplet e an d mus t  b e 
augmented . 

To construc t  th e ne w rule ,  castl e retrieve s a  com -
ponen t  performanc e specificatio n fo r  eac h component . 
Thes e performanc e specifications ,  a  for m o f  planne r 
self-knowledge ,  describ e th e correc t  behavio r  o f  eac h 
component .  Th e specificatio n o f  th e detectio n focusin g 
componen t  say s roughl y tha t  th e focusin g componen i 
wil l  generat e binding s tha t  includ e an y captur e tha t  i s 
enable d b y a  give n move .  Thi s specificatio n enable s 
CASTLE t o focu s o n th e detail s o f  th e exampl e tha t  ar e 
relevan t  t o th e componen t  bein g repaired ,  b y servin g a s 
an explanation-base d learnin g targe t  concep t  [Krulwich , 
1991 ;  Krulwich ,  1992] .  Afte r  retrievin g th e specification , 
CASTLE invoke s it s deductiv e inferenc e engin e t o 
construc t  a n explanatio n o f  wh y th e possibl e captur e 
of  th e roo k shoul d hav e bee n i n th e se t  o f  constraint s 
generate d b y th e focusin g component .  Thi s explanatio n 
say s roughl y tha t  th e opponent' s mov e shoul d have 
bee n generate d b y th e focusin g component ,  becaus e th e 
opponent' s previou s mov e enable d th e attack ,  becaus e i t 
was o n a  squar e betwee n th e bisho p an d th e rook ,  an d 
ther e wer e n o othe r  piece s alon g th e lin e o f  attack ,  an d 
emptyin g th e lin e o f  attac k i s a n enablin g conditio n fo r 
th e captur e t o b e made .  Cas t l e the n use s explanation -
base d learnin g technique s [Mitchel l  e t  ai ,  1986 ;  DeJon g 
and Mooney ,  1986 ]  t o generaliz e thi s explanatio n an d 
t o construc t  a  ne w detectio n focusin g rul e show n i n 
figure  7 . 

Back to intentionality 

I n th e exampl e o f  learnin g discovere d attacks ,  tii e 
syste m i s abl e t o correc t  th e failur e o f  th e detectio n 
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focusin g componen t  t o generat e binding s tha t  include d 
th e ne w attack .  Th e learnin g proces s tha t  w e 
describe d involve s th e constructio n o f  a  ne w rul e t o 
enforc e th e intentio n tha t  th e focu s componen t  no t 
generat e an y fals e negatives .  Suppose ,  however ,  tha t 
instea d o f  addin g th e rul e show n i n figur e 7 ,  th e 
system' s learnin g componen t  adde d a  focusin g rul e 
tha t  returne d completel y unconstraine d bindings .  Thi s 
woul d caus e th e detectio n rule s t o b e applie d t o al l 
boar d position s i n computin g th e newl y enable d threats . 
Thi s would ,  o f  course ,  enforc e th e system' s intentio n 
t o hav e n o fals e negatives ,  an d woul d als o satisf y 
th e componen t  specification ,  becaus e al l  threat s tha t 
coul d possibl y b e enable d ar e b y definitio n withi n th e 
unconstraine d bindings .  However ,  th e whol e purpos e 
of  th e incrementa l  threa t  detectio n schem e (figur e 3 ) 
woul d b e undermined ,  becaus e no t  onl y wil l  th e syste m 
appl y th e threa t  detectio n rule s ove r  th e entir e board , 
but  i t  wil l  the n procee d t o integrat e th e threat s tha t  i t 
finds  int o th e se t  o f  previousl y availabl e threats ,  whic h 
i s clearl y a  wast e o f  time .  I n short ,  thi s i s a  violatio n o f 
th e system' s no-false-posUive s intention . 

Unfortunately ,  whil e th e violatio n o f  th e no-false -
negative s intentio n coul d b e easil y notice d b y observin g 
an enable d threa t  tha t  wa s no t  i n th e focu s bindings ,  i t  i s 
much mor e difficul t  t o notic e th e failur e o f  th e no-false -
positive s intention .  I n ou r  example ,  afte r  th e opponen t 
moves hi s paw n i n figure  6(b) ,  thre e classe s o f  binding s 
constraint s shoul d b e generated :  threat s b y th e move d 
piec e a t  it s  ne w location ,  whic h ar e generate d b y th e 
rul e i n figure  4 ,  threat s agains t  th e move d piec e a t  it s 
nei u location ,  an d threat s throug h th e squar e vacate d b y 
th e move d piece ,  generate d b y th e learne d discovere d 
attack s rul e i n figure  7 .  T w o o f  thes e i n fac t  reflec t 
ne w threat s tha t  hav e bee n enabled ,  bu t  on e o f  them , 
threat s b y th e move d piece ,  i n fac t  d o no t  reflec t  an y 
ne w threats . 

We ca n se e tha t  thi s mus t  b e th e case ,  becaus e th e 
divisio n o f  labo r  betwee n th e focusin g an d detectio n 
component s require s tha t  n o informatio n abou t  th e 
type s o f  threat s themselve s b e presen t  i n th e focu s rules . 
Sinc e th e focusin g componen t  i s onl y determinin g wher e 
t o loo k fo r  ne w threats ,  i t  i s  clea r  tha t  ther e wil l  b e 
time s whe n a  correc t  plac e t o loo k fo r  ne w threat s wil l 
not  i n fac t  contai n any . 

Thi s complicate s th e proble m o f  detectin g fals e 
positives ,  sinc e ther e i s n o direc t  tes t  t o determin e 
whethe r  th e focu s componen t  wa s generatin g fals e 
positives .  On e approac h woul d b e fo r  thi s intentio n t o 
onl y com e int o pla y whe n th e syste m i s learnin g ne w 
focu s rules .  Th e no-false-positive s intentio n coul d b e 
use d t o forc e th e learnin g mechanis m t o generat e th e 
most  specifi c  possibl e rule .  O f  course ,  thi s approac h 
does no t  allo w th e syste m t o reaso n explicitl y  abou t  thi s 
intention . 

Anothe r  approac h woul d b e t o hav e th e syste m 
generat e expectation s abou t  th e performanc e o f  it s 
componen t  tha t  d o no t  relat e directl y t o fals e positives , 

but  tha t  ar e goo d indicator s o f  th e system' s fals e 
positiv e rate .  A s w e discusse d above ,  th e intentio n 
not  t o hav e an y fals e positive s i s i n servic e o f  syste m 
efficiency ,  becaus e th e desig n o f  th e incrementa l  threa t 
detectio n schem e i s base d o n th e focusin g component' s 
sufficientl y narrowin g d o w n th e scop e o f  th e detectio n 
rul e application .  I t  follow s fro m thi s tha t  th e syste m 
coul d monito r  th e computationa l  effor t  spen t  o n th e 
detectio n focusin g an d compar e i t  wit h th e saving s i n 
threa t  detecto r  application .  I f  thi s tradeof f  turne d ou t 
not  t o b e worthwhile ,  th e syste m coul d examin e it s 
fals e positiv e rat e i n mor e detail .  Thi s i s simila r  t o 
th e exampl e i n whic h th e drive r  wa s unabl e t o ente r 
th e intersection ,  causin g hi m t o examin e hi s detectio n 
mechanis m fo r  source s o f  fals e threats .  Thi s require s 
tha t  th e syste m b e abl e t o m a k e utilit y  judgement s 
abou t  differen t  tradeoff s betwee n fals e positives ,  fals e 
negatives ,  an d efficiency . 

A simila r  learnin g proces s coul d b e invoke d i f  th e 
syste m notice d tha t  to o m u c h tim e wa s bein g spen t 
considerin g pointles s opportunities .  Thi s coul d aris e 
i f  th e syste m foun d tha t  i t  wa s spendin g to o m u c h 
tim e considerin g paw n capture s tha t  wer e alway s bein g 
discarde d b y th e pla n selectio n component .  I f  thi s 
wer e th e case ,  th e syste m coul d infe r  tha t  it s  focusin g 
componen t  shoul d b e furthe r  constraine d no t  t o generat e 
binding s fo r  capture s o f  pawns . 

Discussion 

We hav e show n tha t  reasonin g abou t  th e fault s under -
lyin g a  plannin g failur e require s tha t  a n agen t  explicitl y 
represen t  performanc e intention s whic h describ e th e 
desire d behavio r  o f  it s  components .  W h e n on e o f  it s 
component s i s faulty ,  th e agen t  mus t  reaso n explicitl y 
abou t  it s intention s t o diagnos e th e failur e an d m a k e a 
repai r  whic h i s t o it s overal l  benefit . 

Thi s pape r  present s severa l  example s o f  single -
componen t  intentions ,  suc h a s completeness ,  soundness , 
an d efficiency ,  a s wel l  a s intercomponen t  intention s 
suc h a s avoidin g flooding  an d competitio n fo r  globa l 
resources .  W e hav e discusse d aspect s o f  th e learnin g 
proces s whic h requir e explici t  reasonin g abou t  thes e 
intentions ,  thereb y extendin g th e rang e o f  concept s a n 
agen t  ca n learn ,  an d allowin g i t  t o lear n i n circumstance s 
i n whic h i t  coul d no t  otherwis e learn .  Thi s wor k thu s 
build s o n previou s researc h i n failure-drive n acquisitio n 
of  ne w plannin g knowledg e [ H a m m o n d ,  1989 ;  Birnbau m 
et  a/. ,  1990 ;  Collin s e t  ai ,  1991] . 

Previou s researc h ha s deal t  wit h severa l  o f  th e issue s 
we hav e discussed .  Minto n [1988 ]  discusse d th e nee d 
fo r  learne d planne r  rule s t o b e sensitiv e t o th e globa l 
efficienc y o f  th e system .  Ou r  wor k build s o n thi s ide a 
by explicitl y  modelin g an d a  variet y o f  suc h intentions . 
Hunter' s syste m [1989 ]  recisone d abou t  shortcoming s 
i n it s diagnosti c knowledg e an d explicitl y  modele d th e 
intention s involve d i n tha t  tas k t o guid e learning . 
Similarly ,  C o x an d R a m [l99l ]  hav e modele d severa l 
intention s o f  th e cas e retrieva l  proces s fo r  us e i n th e tas k 
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of  understanding .  Ou r  researc h extend s thes e idea s t o 
model  intention s fo r  a  mor e generei l  proble m solver ,  a s 
wel l  {I S modelin g th e intercomponen t  intentions .  Other s 
hav e use d representation s o f  th e system' s intention s fo r 
plauinin g [Jones ,  1991 ]  an d understandin g (Ram ,  1989] . 

Our  previou s researc h ha s involve d extendin g ou r 
model  o f  plannin g an d decision-makin g t o includ e a 
variet y o f  task s an d components ,  al l  i n th e domu n 
of  competitiv e geimes .  T o dat e w e hav e develope d 
model s o f  threa t  detection ,  counterplanning ,  schem a 
application ,  goa l  regression ,  lookahea d search ,  an d 
executio n scheduling .  Futur e researc h wil l  elucidat e 
th e breadt h o f  planne r  intentions ,  an d wil l  demonstrat e 
th e benefit s o f  explicitl y  representin g the m fo r  us e i n 
learning . 
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