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A b s t r a c t 

An intelligent agent which is involved in a variety of 
cognitiv e task s mus t  b e abl e t o lear n ne w method s 
fo r  performin g eac h o f  them .  W e discus s ho w thi s 
can b e achieve d b y a  syste m compose d o f  set s o f 
rule s fo r  eac h task .  T o lear n a  ne w rule ,  th e syste m 
first  isolate s th e rul e se t  whic h shoul d b e augment -
ed,  an d the n invoke s a n explanation-base d learnin g 
mechanis m t o construc t  th e ne w rule .  Thi s raise s 
th e questio n o f  ho w appropriat e targe t  concept s fo r 
explanatio n ca n b e determine d fo r  eac h task .  W e 
discus s th e solutio n t o thi s proble m employe d i n 
th e CASTL E system ,  whic h retrieve s targe t  concept s 
i n th e for m o f  performanc e specification s o f  it s 
components ,  an d demonstrat e th e syste m learnin g 
rule s fo r  severa l  differen t  teisk s usin g thi s unifor m 
mechanism . 

Cognitive tasks and components 

I n th e cours e o f  determinin g it s behavior ,  a n intelligen t 
agent  mus t  activat e goals ,  notic e opportunities ,  an d 
devis e an d selec t  amon g plan s o f  actio n tha t  wil l 
accomplis h it s goals .  I n competitiv e plannin g domains , 
includin g suc h game s a s ches s (i n whic h ou r  syste m 
operates) ,  a n agen t  mus t  additionall y notic e threat s 
pose d b y othe r  agent s an d develo p plan s t o respon d 
t o them .  Suc h a n agen t  shoul d b e abl e t o lear n ne w 
method s fo r  accomplishin g eac h o f  thes e cognitiv e tasks . 

The CASTL E system ^  engage s i n thes e task s whil e 
playin g ches s [Birnbau m e t  ai ,  1990 ;  Collin s e t 
ai ,  1991] .  I n th e cours e o f  it s decision-making ,  CASTLE 
generate s explici t  expectation s abou t  futur e action s an d 
abilities ,  an d learn s fro m failure s o f  thes e expectations . 
A variet y o f  decision-makin g method s ar e represente d 
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explicitly ,  an d a n explicitl y  represente d mode l  o f  thes e 
procedure s i s use d t o diagnos e expectatio n failures . 

Castl e i s broke n u p int o a  numbe r  o f  components , 
whic h reflec t  a  functiona l  decompositio n o f  th e decision -
makin g proces s [Collin s e t  ai ,  1991] .  Eac h componen t 
i s dedicate d t o a  particula r  cognitiv e task ,  an d i s 
implemente d a s a  se t  o f  rule s whic h provid e differen t 
method s fo r  performin g th e task .  Thi s decompositio n 
of  th e agen t  int o distinc t  component s enable s a  unifor m 
learnin g proces s t o lear n method s fo r  an y cognitiv e tas k 
i n whic h th e syste m i s engaged . 

For  example ,  on e suc h componen t  ha s th e tas k o f 
noticin g threat s an d opportunitie s a s the y becom e 
available .  Rathe r  tha n recomputin g thes e a t  eac h turn , 
CASTLE maintain s a  se t  o f  activ e threat s an d oppor -
tunitie s whic h i s update d ove r  time .  T o accomplis h 
thi s incrementa l  threa t  detection ,  th e syste m use s a 
detectio n focusin g component ,  whic h consist s o f  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 
of  threats ,  detect s th e threat s tha t  hav e bee n enabled . 
A sampl e focu s rul e i s show n i n figure  1 ,  whic h 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 ,  ma 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 mov 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 
on area s o f  th e boar d whic h ca n possibl y contai n ne w 
threats . 

A secon d syste m componen t  ha s th e tas k o f  generat -
in g response s t o enem y threats .  Thi s counterplannin g 

(def-brul e focus-new-sourc e 
(focu s focus-moved-piec e ?playe r 

(move ?playe r  ?move-typ e ?piec e ?loc l  ?loc2 ) 
(world-at-tim e Ttime) ) 

<= 
(move-to-mak e (mov e ?playe r  ?prev-move-typ e 

?piec e ?old-lo c ?locl ) 
?playe r  ?goa l  (1 -  ?time) )  ) 

Figure 1: Focusing on new moves by a moved piece 
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(def-brul e coimterplan- 1 
(counterpla n ?playe r 

(goal-captur e ?piec e ?lo c 
(move opponen t  (captur e ?piece ) 

?opp-piec e ?opp-lo c ?loc) ) 
?tiin e Tthe-response ) 

<= 
(an d (move-lega l 

(move ?playe r  mov e ?piec e ?lo c ?new-loc) ) 
(n o (an d (at-lo c ?opponen t  ?other-opp-piec e 

?other-opp-lo c ?time ) 
(move-lega l 
(move ?opponen t  (capttir e ?piece ) 

?other-opp-piec e ?other-opp-lo c 
?neB-loc))) ) 

(is-se q ?the-respons e 
(move ?playe r  mov e ?piec e ?lo c ?new-loc))) ) 

Figure 2: Reacting to a threat by running away 

component  i s invoke d wheneve r  a n enem y threa t  i s 
noticed ,  an d generate s move s tha t  th e syste m ca n mak e 
i n response .  I t  i s  additionall y invoke d wheneve r  th e 
syste m ha s t o reaso n abou t  response s t o a n action ,  a s w e 
wil l  se e later .  On e suc h counterplannin g rul e i s show n 
i n figure  2 ,  whic h say s tha t  a  possibl e respons e t o a n 
enemy threa t  i s t o mov e th e threatene d piec e t o a  saf e 
location . 

Thes e tw o components ,  an d other s lik e them ,  spa n 
th e spectru m o f  cognitiv e tasks ,  includin g monitorin g 
th e environment ,  reactin g t o externa l  actions ,  plannin g 
compute r  actions ,  an d selectin g amon g possibl e actions . 
Each componen t  consist s o f  a  se t  o f  rule s whic h col -
lectivel y achiev e th e desire d task .  Fo r  eac h o f  thes e 
components ,  learnin g ne w method s fo r  achievin g thei r 
task s i s accomplishe d b y constructin g ne w rule s fo r  thei r 
rul e sets . 

Counterplanning by interposition 

Conside r  on e wa y i n whic h CASTLE ca n lear n a  ne w 
rul e fo r  th e counterplannin g component .  I n th e ches s 
situatio n show n i n figure  3(a) ,  th e compute r  ha s tw o 
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Figure 3: Interposition: Computer (black) to move 

option s — i t  ca n captur e th e opponent' s knigh t  o r  i t 
can construc t  a  pla n t o tak e th e opponent' s bishop . 
One pla n t o captur e th e opponent' s bisho p woul d b e 
t o mov e th e quee n tw o square s t o th e righ t  an d captur e 
th e bisho p o n th e subsequen t  turn .  I n decidin g whethe r 
thi s i s a  viabl e plan ,  th e compute r  consider s whethe r 
th e opponen t  woul d hav e a  respons e t o it s mov e tha t 
woul d disabl e th e attac k befor e i t  coul d b e carrie d out . 
I n othe r  words ,  th e compute r  check s whethe r  ther e i s a 
possibl e counterpla n fo r  th e opponen t  [Krulwich ,  1991] . 

I t  i s  clea r  i n figure  3(b )  tha t  th e opponen t  woul d 
i n fac t  hav e a  possibl e counterplan ,  namel y movin g it s 
knigh t  t o bloc k th e attack .  Suppose ,  however ,  tha t  th e 
syste m ha d a n incomplet e collectio n o f  counterplannin g 
rule s tha t  include d rule s fo r  movin g a  piec e t o a  saf e 
locatio n (th e rul e show n i n figure  2 )  an d capturin g 
th e attackin g piece ,  bu t  di d no t  includ e a  rul e fo r 
interposin g a  piec e t o bloc k a  threat .  Unde r  thes e 
circumstances ,  whe n considerin g th e viabilit y  o f  it s 
plan ,  th e syste m woul d conclud e tha t  th e opponen t 
wil l  no t  hav e a  respons e t o th e threat .  Give n thi s 
assumption ,  th e syste m woul d conside r  th e pla n t o tak e 
th e bisho p foolproof ,  an d woul d procee d t o carr y i t  out . 

Of  course ,  thi s pla n wil l  fail ,  becaus e th e opponen t 
wil l  bloc k th e attac k b y interposin g it s knight ,  a s w e 
see i n figure  3(c) .  Becaus e th e pla n failur e cam e 
abou t  du e t o th e system' s lac k o f  counterplannin g 
knowledge ,  ou r  syste m shoul d respon d t o th e failur e 
by constructin g a  rul e fo r  counterplannin g agains t  a n 
attac k b y interposin g a  piece . 

Learning from the component failure 

To lear n fro m thi s pla n failure ,  th e syste m mus t  first 
determin e whic h componen t  i s a t  fault .  Th e system' s 
diagnosi s engin e ha s thi s tas k o f  identifyin g th e fault y 
component .  Castl e accomplishe s thi s usin g a  model -
based reasonin g approac h [Davis ,  1984 ;  deKlee r  an d 
Williams ,  1987 ;  Simmons ,  1988] .  Currently ,  ou r  mode l 
i s limite d t o th e cas e i n whic h onl y on e componen t  i s 
at  fault .  Failure s o f  mor e tha n on e componen t  coul d 
be handle d b y repairin g th e tw o component s indepen -
dently ,  i f  th e failur e reflect s separabl e fault s i n th e tw o 
components .  Alternatively ,  th e higher-leve l  componen t 
whic h mad e us e o f  th e tw o fault y component s ma y nee d 
t o b e repaired ,  t o accoun t  fo r  unanticipate d interaction s 
betwee n th e tw o components .  I n thi s pape r  w e ar e 
limitin g ou r  discussio n t o th e cas e o f  single-componen t 
faults . 

Castl e perform s it s diagnosi s usin g explici t  justifica -
tio n structure s [deKlee r  e i  a/. ,  1977 ;  Doyle ,  1979] ,  whic h 
recor d ho w th e planner' s expectation s ar e inferre d fro m 
th e rule s tha t  constitut e it s decision-makin g mecha -
nisms ,  i n conjunctio n wit h th e policie s an d underlyin g 
assumption s whic h i t  ha s adopted .  Diagnosin g th e fail -
ur e the n involve s "backin g up "  throug h th e justificatio n 
structures ,  recursivel y explainin g th e failur e i n term s o f 
fault y rul e antecedent s [Smith ,  Winston ,  Mitchell ,  an d 
Buchanan ,  1985 ;  Simmons ,  1988 ;  Birnbaum ,  Collins , 
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and Krulwich ,  1989] .  I n th e case s w e ar e considering , 
thi s procedur e wil l  "botto m out "  b y faultin g a  com -
pletenes s assumptio n fo r  a  component .  I n othe r  words , 
many o f  th e underlyin g assumption s o f  th e syste m wil l 
refe r  t o th e completenes s o f  it s  componen t  rul e sets , 
and faultin g on e o f  thes e assumption s i s a  signa l  tha t 
a rul e se t  mus t  b e augmented .  Ther e are ,  o f  course , 
othe r  type s o f  assumption s tha t  coul d b e faulted . 
Castl e examine s th e for m o f  th e faulte d assumptio n 
t o determin e whic h typ e o f  repai r  i s  necessary .  I n ou r 
example ,  th e diagnosi s wil l  indicat e tha t  th e failur e wa s 
due t o th e lac k o f  a  counterplannin g rul e t o predic t 
th e opponent' s response .  Th e structur e o f  th e faulte d 
assumptio n wil l  direc t  castl e t o repai r  th e failur e b y 
constructin g a  ne w counterplannin g rule . 

The tas k no w a t  han d i s fo r  th e syste m t o analyz e 
th e failur e an d encapsulat e th e relevan t  informatio n 
int o a  ne w rul e fo r  counterplannin g b y interposition . 
One commo n approac h t o learnin g fro m failure s i s 
t o equi p th e syste m wit h critics ,  whic h ma p directl y 
fro m failur e description s t o repair s [Sussman ,  1975] . 
Castle' s mor e genera l  approac h i s t o us e explanation -
base d learnin g ("EBL" )  [Mitchell ,  Keller ,  an d Kedar -
Cabelli ,  1986 ;  DeJon g an d Mooney ,  1986] .  I n it s 
genera l  form ,  E B L construct s ne w rule s fo r  categor y 
membershi p b y explainin g wh y a  particula r  instanc e 
i s a  member  o f  a  category ,  an d the n determinin g th e 
most  genera l  precondition s unde r  whic h th e explanatio n 
wil l  stil l  b e correct .  T o accomplis h this ,  E B L i s 
give n a  targe t  concept ,  whic h i s a  descriptio n o f  th e 
categor y bein g learned .  A s ha s bee n widel y discussed , 
targe t  concept s mus t  relat e t o th e purpos e t o whic h 
th e acquire d categor y membershi p rule s wil l  b e put . 
I n previou s work ,  however ,  thi s observatio n ha s bee n 
applie d i n a  framewor k i n whic h th e purpos e o f  th e rule s 
t o b e learne d ha s bee n fixed,  suc h a s recognizin g object s 
fo r  us e i n plan s [Kedar-Cabelli ,  1987 ]  o r  speedin g u p 
a searc h proces s [Keller ,  1987 ;  Minton ,  1988] .  W e 
woul d lik e t o exten d th e notio n o f  E B L targe t  concep t 
formulatio n fo r  a n intelligen t  agen t  whic h i s involve d i n 
many cognitiv e tasks . 

Constructing a counterplanning rule 

Once th e syste m ha s determine d tha t  th e pla n failur e i s 
due t o it s se t  o f  counterplannin g rule s bein g incomplete , 
i t  know s tha t  i t  need s t o construc t  a  ne w rul e t o 
perfor m counterplanning ,  i.e. ,  a  rul e whos e consequen t 
matche s th e generi c for m o f  counterplanne r  queries . 
The anteceden t  o f  thi s ne w rul e shoul d encod e th e 
typ e o f  counterpla n tha t  th e opponen t  use d i n th e 
situatio n tha t  cause d th e failure .  Mor e specifically ,  th e 
anteceden t  shoul d b e a  generalize d descriptio n o f  th e 
counterpla n (i.e. ,  th e move )  tha t  th e opponen t  used . 
To construc t  thi s rule ,  CASTL E use s explanation-base d 
learnin g t o generaliz e a  descriptio n o f  th e mov e tha t  th e 
opponen t  made .  Th e E B L targe t  concep t  shoul d thu s 
be a n expressio n whic h implie s th e assertio n tha t  th e 
counterplanne r  shoul d hav e generated . 

Castl e ha s expression s whic h fit  thes e requirements , 
i n th e for m o f  componen t  performanc e specifications . 
Thes e specification s ar e par t  o f  a  large r  planne r  self -
model  [Collin s e t  ai ,  1991] ,  whic h i s use d fo r  plan -
ning ,  expectatio n formulation ,  failur e diagnosis ,  and , 
as describe d here ,  faul t  repair .  I n general ,  performanc e 
specification s describ e th e correc t  behavio r  o f  eac h 
component ,  i n a  wa y tha t  ca n b e recognize d afte r  th e 
fac t  i n a  situatio n i n whic h th e componen t  shoul d hav e 
produce d a  particula r  behavior. ^  I n othe r  words ,  whe n 
th e syste m ha s reaso n t o believ e tha t  a  componen t 
shoul d hav e bee n execute d i n a  give n situation ,  base d 
on informatio n fro m th e diagnosi s module ,  thi s spec -
ificatio n wil l  enabl e th e syste m t o conclud e tha t  th e 
componen t  shoul d hav e behave d i n a  particula r  way , 
and t o construc t  a n explanatio n o f  wh y i t  shoul d hav e 
done so. ^  A n explanatio n (proof )  o f  th e correctnes s o f 
th e specificatio n a s applie d t o a  particula r  situatio n ca n 
the n b e generalize d usin g EBL ,  an d th e ne w rul e ca n 
be constructed . 

For  example ,  th e system' s performanc e specificatio n 
fo r  th e counterplannin g componen t  says ,  simply ,  tha t  a 
correc t  counterpla n t o a n attac k i s a  one-mov e sequenc e 
consistin g o f  a  mov e tha t  disable d th e attack .  Sinc e thi s 
specificatio n i s onl y use d t o explai n wh y a  particula r 
move i s a  correc t  counterplan ,  MOVE-DISABLED-
M O VE nee d no t  b e implemente d i n a  wa y whic h ca n b e 
evaluate d befor e th e fact .  I n othe r  words ,  eve n withou t 
a specifi c  rul e fo r  disablin g a n attac k b y interposin g a 
piece ,  th e syste m ha s th e abilit y  t o observ e th e gam e 
boar d sequenc e afte r  th e fac t  an d us e it s domai n physic s 
knowledg e t o realiz e ho w th e attac k wa s blocked . 

I n ou r  exampl e fro m figure  3 ,  afte r  th e opponen t 
has responde d t o th e computer' s attac k b y interposin g 
it s knight ,  th e diagnosi s modul e determine s tha t  th e 
counterplannin g componen t  mus t  b e augmented .  T o 
construc t  a  ne w counterplannin g rule ,  th e syste m use s 
it s counterplanne r  specificatio n a s a  targe t  concept , 
and invoke s a  deductiv e explanatio n mechanis m t o 
construc t  a n explanatio n o f  th e opponent' s counterplan . 
Thi s explanation ,  show n i n figure  4 ,  say s roughl y 
tha t  th e opponen t  counterplanne d agains t  th e queen -
bisho p attack ,  becaus e th e attac k wa s disable d b y th e 
opponent' s move ,  becaus e th e lin e o f  attac k wa s n o 

^Castle' s componen t  performanc e specification s serv e 
th e purpos e o f  prodigy' s targe t  concep t  specification s 
[Minton ,  1988] ,  whic h specif y EB L targe t  concept s fo r  eac h 
typ e o f  search-contro l  rule .  I n PRODIGY terms ,  CASTLE i s 
(a )  genercJizin g fro m search-contro l  rule s t o functiona l  agen t 
components ,  (b )  embeddin g th e specification s i n a  genera l 
planne r  self-model ,  an d (c )  replacin g exampl e recognizer s 
wit h expectation-failur e diagnosis . 

^Castle' s componen t  performanc e specifications ,  cdon g 
wit h th e desire d componen t  resul t  whic h i s provide d b y th e 
diagnosi s module ,  ca n b e viewe d a s a  "performanc e improve -
ment  objective "  a s discusse d i n Chapte r  5  o f  [Keller ,  1987 ] 
and i n [Keller ,  1989] .  Th e leverag e gaine d fro m bein g failure -
drive n enable s CASTLE t o generat e thes e performanc e objec -
tive s automaticall y a s a  consequenc e o f  failur e diagnosis . 

104 



(counterpla n 7cp-metho d opponvn t  (qoal-captur e bisho p (lo c 1  3 )  (nov e quee n ...) ) 
(tim e 2 ) 
(pla n (ttov e opponiin t  move-mov e kniqh t  (lo c 2  4 1 (lo c 4  3 )  (tim e 2))) ) 

(move-disabled-mov e 
(move opfjonen t  move-mov e knigh t 

(lo c 2  4 )  (lo c 4  3 )  (tim e 2) ) 
(move compute r  (move-tak e bishop )  quee n 

(lo c 5  3 )  (lo c 1  3 )  (tim e 3) ) 
(tim e 21 ) 

(move-to-malc e ?mov e opponen t 
7goal  (tim e 2) ) 

(-  7mov e 
(move opponen t  move-mov e 

knigh t  (lo c 2  4 )  (lo c 4  3 ) 
(tim e 2)) ) 

(is-se q (pla n (mov e opponen t  move-mov e 
knigh t  (lo c 2  4 )  ...) ) 

(move opponen t  move-mov e knigh t 
(lo c 2  4 )  (lo c 4  3 )  (tim e 2)) ) 

(loc-on-lin e 4  3 
S 3  1  3 ) 

(cols-equa l  3  3 ) (interm-col -  3  3 ) 

Figur e 4 :  Explanatio n o f  desire d counterplanne r  performanc e 

longe r  clear ,  becaus e th e opponent' s knigh t  wa s move d 
int o th e lin e o f  attack . 

Explanation-base d learnin g i s  the n invoked ,  whic h 
generalize s th e detail s o f  th e explanatio n whic h ar e no t 
relevan t  t o it s correctness .  Fo r  example ,  i t  i s  irrelevan t 
what  typ e o f  piec e i s interposed ,  becaus e al l  link s i n th e 
explanatio n whic h relat e t o th e interpose d piec e wil l 
remai n vali d fo r  an y typ e o f  piece .  T h e syste m the n 
collect s th e mos t  genera l  operationa l  expression s i n th e 
proo f  tre e (operationa l  assertion s ar e show n belo w th e 
dotte d line) .  Thes e expression s ar e the n "backe d up " 
i n tim e s o a s t o b e predictiv e instea d o f  explanatory . 
A n exampl e o f  a  lea f  whic h m u s t  b e backe d u p i s 
th e M O V E - T O - M A KE assertio n abou t  th e opponent' s 
actua l  m o v e ,  whic h too k plac e afte r  th e counterplanne r 
was invoked .  C a s t l e accomplishe s thi s transformatio n 
usin g a  se t  o f  rule s fo r  backing-u p proposition s i n time.' * 

Thes e generalize d an d adjuste d proof-tre e leave s wil l 
the n for m th e anteceden t  o f  a  n e w rule .  Sinc e th e 
leave s impl y th e targe t  concept ,  an d th e targe t  concep t 
implie s th e correc t  behavio r  o f  th e counterplanner ,  th e 
leave s ar e sur e t o specif y a  correc t  counterplannin g 
method .  T h e n e w counterplannin g rul e whic h th e 
syste m construct s says ,  roughly , 

T O C O M P U T E:  A  reactiv e counterpla n t o a  captur e 

D E T E R M I N E:  A  locatio n o n th e lin e o f  attac k 
tha t  anothe r  piec e ca n mov e t o 

When this rule is added to the set of counterplanning 
rules ,  th e syste m wil l  correctl y predic t  th e opponent' s 
respons e i n a  situatio n wher e interpositio n i s  viable , 
suc h a s th e situatio n o f  figure  3(b) .  Furthermore , 

*  Thes e rule s ar e merel y a n approximatio n o f  th e idea l  be -
havior :  A  syste m shoul d examin e th e implici t  assumption s 
tha t  underl y a n assertion' s bein g tru e (e.g. ,  tha t  th e legtiht y 
of  a  mov e underlie s it s bein g made) ,  an d selec t  fro m the m 
th e appropriat e predictiv e tests . 

becaus e th e s a m e se t  o f  rule s ar e use d fo r  actua l 
counterplannin g agains t  th e opponent' s threats ,  th e 
syste m wil l  b e abl e t o respon d t o threat s i n a  n e w w a y 
[Krulwich ,  1991] . 

Tangentially ,  i t  shoul d b e note d tha t  th e explanatio n 
fro m whic h th e n e w rul e w a s generate d wil l  for m a 
justificatio n fo r  th e rule' s correctnes s [Mitchell ,  Keller , 
an d Kedar-Cabelli ,  1986] .  Thi s justificatio n structur e 
coul d the n b e use d fo r  maintainin g correctnes s w h e n 
underlyin g assumption s chang e [deKlee r  e t  al. ,  1977 ; 
Doyle ,  1979 ;  M c D e r m o t t ,  1989] .  M o r e importantly , 
C A S T LE ca n us e thes e justification s fo r  constructe d rule s 
t o facilitat e furthe r  failur e diagnosis .  Thi s wil l  enabl e 
th e syste m t o furthe r  refin e it s  learne d rules ,  i n th e 
even t  tha t  a  constructe d rul e fail s  i n th e future . 

Learning threat detection 

The mai n poin t  o f  ou r  mode l  o f  targe t  concep t  retrieva l 
is ,  o f  course ,  tha t  i t  enable s a  syste m t o lear n ne w rule s 
fo r  a  variet y o f  cognitiv e tasks .  Consider ,  fo r  example , 
how CASTLE ca n lear n a  ne w rul e fo r  th e detectio n 
focusin g componen t  whic h w e discusse d earlier .  A s w e 
saw,  thi s componen t  determine s th e area s o f  th e boar d 
i n whic h threat s ma y hav e bee n recentl y enabled . 

Suppos e CASTLE ha d a n incomplet e se t  o f  detectio n 
focusin g rules ,  i n particula r  tha t  i t  kne w abou t  threat s 
bein g enable d eithe r  t o o r  fro m th e ne w locatio n o f  a 
piec e tha t  ha s jus t  bee n move d (a s w e discusse d earlier) , 
but  di d no t  kno w tha t  threat s coul d b e enable d throug h 
discovere d attacks ,  namely ,  b y movin g a  thir d piec e 
out  o f  th e lin e o f  attack .  I f  thi s wer e th e case ,  ther e 
coul d b e threat s enable d throug h discovere d attack s 
whic h CASTLE woul d no t  b e awar e of .  I n th e situatio n 
shown i n figure  5(a) ,  th e opponen t  advance s it s paw n 
and thereb y enable s a n attac k b y it s bisho p o n th e 
computer' s rook .  Whe n th e syste m update s it s se t 
of  activ e threat s an d opportunities ,  it s  threa t  focusin g 
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Figure 5: Discovered attacks example: Opponent (white) to move 

(d ) 

(focu s ?focus-metho d compute r 
(move opponen t  (move-tak e rook )  bisho p (lo c 1  3 )  (lo c 5  7 )  (tim e 4) 1 
(world-at-tlm e 3) ) 

(move-enabled-mov e 
(move opponen t  move-mov e 

pawn (lo c 2  4 )  (lo c 3  4 )  (tim e 2) ) 
(move opponen t  (move-tak e rook )  bisho p 

(lo c 1  3 )  (lo c 5  7 )  (tim e 4)) ) 

(move-to-mak e 
(move opponen t 

move-move paw n 
(lo c 2  4 )  (lo c 
(tim e 2) ) 

opponen t  ?goal l 
(tin e 2) ) 

(raove-to-mak e 
(move opponen t 

(move-tak e rook ) 
3 4 )  bisho p 

(lo c 1  3 )  (lo c 5  7 ) 
(tim e 4)) ) 

(move-to-mak e 
(move opponen t  (move-tak e rook )  bisho p ... ) 
opponen t  7goal 2 (tim e 4) ) 

(loc-on-lin e 2  4 
13 5  7 ) 

(loc-on-diagona l 
2 4  1 3 5  7 ) 

Figur e 6 :  Explanatio n o f  desire d detectio n focusin g 

rule s wil l  enabl e i t  t o detec t  it s o w n abilit y  t o attac k th e 
opponent' s pawn ,  bu t  i t  wil l  no t  detec t  th e threa t  t o it s 
rook .  Becaus e o f  this ,  w h e n face d wit h th e situatio n i n 
figur e 5(b) ,  th e compute r  wil l  captur e th e opponent' s 
p a wn instea d o f  rescuin g it s o w 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 figur e 5(c) ,  whe n th e opponen t 
capture s th e computer' s rook ,  th e syste m ha s th e tas k 
of  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 . 

As i n th e interpositio n exampl e discusse d earlier ,  th e 
syste m invoke s it s  diagnosi s engin e t o determin e th e 
componen t  whic h i s a t  fault .  I n thi s cas e i t  wil l  conclud e 
tha t  th e failur e resulte d fro m havin g a n incomplet e se t 
of  detectio n focusin g rules ,  an d i t  wil l  tr y t o lear n fro m 
th e failur e b y constructin g a  ne w one .  T o accomplis h 
this ,  th e syste m retrieve s a  specificatio n o f  th e detectio n 
focusin g component ,  whic h say s tha t  focu s rule s wil l 
indicat e an y move s whic h hav e bee n enabled .  T o lear n 
fro m th e failure ,  C A S T L E use s thi s specificatio n a s a 
targe t  concep t  t o construc t  a n explanatio n o f  wha t  th e 
focu s rule s shoul d hav e computed .  Thi s explanation , 
whic h i s show n i n figur e 6 ,  say s roughl y tha t  th e focu s 

rule s shoul d hav e focusse d o n th e bishop-roo k attack , 
becaus e a  ne w threa t  wa s enabled ,  becaus e th e lin e o f 
attac k wa s opene d up ,  becaus e th e opponent' s paw n wa s 
moved ou t  o f  th e lin e o f  attack . 

As i n th e previou s example ,  explanation-base d learn -
in g i s  use d t o generaliz e thi s explanatio n an d collec t 
th e operationa l  leave s o f  th e proo f  tree .  C a s t l e the n 
construct s a  rul e fro m th e proo f  tre e leave s whic h wil l 
correctl y focu s o n discovere d attacks .  Thi s rul e say s 
roughly : 

TO COMPUTE: Moves that may have been enabled 

DETERMINE: Moves through the square 
vacate d b y th e mos t  recen t  mov e 

While the two rules that we have seen learned are very 
simila r  i n term s o f  thei r  structur e an d th e computatio n 
whic h the y perform ,  the y fulfil l  ver y differen t  purpose s 
i n th e CASTL E system ,  an d mor e generall y the y relat e 
t o ver y differen t  cognitiv e tasks .  Usin g componen t 
performanc e specifications ,  CASTL E ca n lear n rule s 
t o focu s perceptua l  detectio n b y m e a n s o f  th e sam e 
mechanis m tha t  i t  use s t o lear n counterplannin g rules . 
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C o n c l u s i o n s 

We have given a framework for determining appropriate 
explanation-base d learnin g targe t  concept s fro m ex -
plici t  performanc e specification s o f  agen t  components . 
Thi s framewor k enable s explanation-base d learnin g t o 
be applie d t o th e spectru m o f  cognitiv e task s whic h ar e 
performe d b y intelligen t  agents .  W e hav e demonstrate d 
thi s withi n th e CASTL E system ,  whic h learn s ne w rule s 
fo r  suc h task s a s counterplannin g an d threa t  detectio n 
focusing . 

Applyin g thi s techniqu e t o learnin g rule s fo r  othe r 
cognitiv e task s involve s extendin g CASTLE' s mode l  i n 
tw o ways .  First ,  th e explici t  decision-makin g mode l 
must  b e extende d t o includ e th e cognitiv e tas k i n 
question .  Secondly ,  a  performanc e specificatio n mus t 
be give n fo r  an y ne w components .  W e ar e i n th e 
proces s o f  extendin g th e mode l  t o includ e component s 
fo r  goal-regressio n planning ,  executio n scheduling ,  an d 
case-base d planning .  W h e n thes e an d othe r  task s ar e 
expresse d i n castle' s decision-makin g vocabulary ,  an d 
performanc e specification s ar e give n fo r  them ,  cast l e 
wil l  b e abl e t o lear n ne w method s fo r  the m i n respons e 
t o failures .  Futur e wor k wil l  determin e ho w wel l  th e 
techniqu e applie s t o othe r  cognitiv e tasks ,  a s wel l  a s t o 
othe r  type s o f  intelligen t  agents . 
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