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L e a r n i n g S e v e r a l  L e s s o n s f r o m O n e E x p e r i e n c e 
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Northwester n University ,  Th e Institut e fo r  th e Learnin g Science s 

1890 Mapl e Avenue ,  Evanston ,  I L 6020 1 

Telephone :  (708 )  491-350 0 

Electroni c mail :  krulwich®ils.nwu.ed u 

Abstrac t 

The architecture of an intelligent agent must 
includ e component s tha t  carr y ou t  a  wid e variet y 
of  cognitiv e tasks ,  includin g perception ,  goa l 
activation ,  pla n generation ,  pla n selection ,  an d 
execution .  I n orde r  t o mak e us e o f  opportunitie s t o 
learn ,  suc h a  syste m mus t  b e capabl e o f  determinin g 
whic h syste m component s shoul d b e modifie d a s 
a resul t  o f  a  ne w experience ,  an d ho w lesson s 
tha t  ai e appropriat e fo r  eac h component' s tas k ca n 
be derive d fro m th e experience .  W e describ e a n 
approac h tha t  use s a  self-mode l  a s a  sourc e o f 
informatio n abou t  eac h syste m component .  Th e 
model  i s use d t o determin e whethe r  a  componen t 
shoul d b e augmente d i n respons e t o a  ne w example , 
and a  portio n o f  th e model ,  componen t  performanc e 
specifications ,  ar e use d t o determin e wha t  aspect s 
of  a n exampl e ar e relevan t  t o eac h componen t  an d 
t o expres s th e detail s o f  th e lesson s leajne d i n 
vocabular y tha t  i s  appropriat e t o th e component . 
We sho w ho w thi s approac h i s implemente d i n th e 
CASTLE system ,  whic h learn s strategi c concept s i n 
th e domed n o f  chess . 

Cognitive tasks and components 

I n th e cours e o f  pursuin g it s goals ,  a n intelligen t  agen t 
must  notic e opportunities ,  devis e plan s o f  action ,  an d 
selec t  amon g suc h plans .  I n domain s tha t  involv e 
interaction s wit h othe r  agents ,  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 th e othe r  agent s 
and develo p plan s t o respon d t o them .  I t  i s usefu l  fo r  a 
variet y o f  reason s t o mode l  suc h a n agen t  a s a  collectio n 
of  components ,  e£u; h o f  whic h i s responsibl e fo r  on e o f 
thes e plannin g tasks .  I n peirticular ,  suc h a n approac h 
t o modelin g th e agen t  i s usefu l  i n learnin g [Collin s e i 
ai ,  1991c ;  Krulwich ,  1991] .  I n thi s vie w o f  a  problem -
solvin g agent ,  learnin g involve s thre e steps .  Th e first 
i s  recognizin g situation s i n whic h ther e i s a  lesso n t o 
be learned ,  suc h a s whe n th e syste m experience s a n 
expectatio n failure .  Th e secon d i s determinin g whic h 
componen t  i s implicate d i n th e lesson .  Th e thir d i s 
determinin g ho w tha t  componen t  shoul d b e modified . 

Of  course ,  th e task s i n whic h a n agen t  engage s 
ar e no t  completel y disjoint :  Generatin g goal s require s 
th e agen t  t o reaso n abou t  it s ow n plan s an d abilitie s 

as wel l  a s othe r  agents ;  pla n generatio n require s th e 
agent  t o reaso n abou t  it s perceptua l  an d mechanica l 
abilities ,  a s wel l  2i s reasonin g abou t  it s futur e decision -
makin g processes ;  selectin g amon g plan s require s th e 
agent  t o reaso n abou t  it s abilit y  t o execut e them . 
The interrelation s betwee n thes e task s requir e tha t  th e 
system' s component s b e correspondingl y intertwined . 
Thi s interconnectio n o f  th e system' s component s i n tur n 
require s th e agent' s learnin g modul e t o b e abl e t o reaso n 
abou t  interaction s betwee n component s i n formulatin g 
new concepts . 

Reasonin g abou t  suc h interaction s require s tha t  th e 
agent  hav e a  degre e o f  self-knowledg e i n orde r  t o properl y 
assimilat e ne w knowledge .  Thi s pape r  investigate s a 
model-base d approac h t o handlin g thes e issue s [Collin s 
et  ai ,  1991aJ .  Ou r  system ,  name d castle, ^  use s 
an explici t  mode l  o f  it s  decision-makin g mechanis m 
t o diagnos e plannin g error s [Birnbau m e t  ai ,  1990 ] 
and t o repai r  it s  fault y component s [Krulwich ,  1991 ; 
Krulwich ,  1992] . 

An every-day example 

Conside r  th e cas e o f  a  perso n cookin g ric e pila f  fo r  th e 
first  time .  Th e las t  ste p i n th e direction s say s t o "cove r 
th e po t  an d coo k fo r  25-3 0 minutes. "  Suppos e th e perso n 
start s th e ric e cookin g an d the n goe s of f  t o d o somethin g 
else—say ,  clea n u p th e house .  I n th e interim ,  th e po t 
boil s over .  Whe n th e perso n return s t o th e kitche n a 
half-hou r  later ,  th e ric e pila f  i s  ruined . 

What  shoul d b e learne d fro m thi s sequenc e o f 
events ? Thi s depend s o n whic h o f  th e generi c decision -
makin g task s involve d i n plannin g th e agen t  choose s 
t o modify .  Fo r  eac h tas k ther e wil l  b e a  concep t  tha t 
operationalize s th e ide a o f  pot s boilin g over ,  i n term s 
tha t  ar e meaningfu l  i n th e contex t  o f  carryin g ou t  tha t 
task .  Figur e 1  summarize s th e followin g thre e way s o f 
operationalizin g th e proble m pose d b y pot s boilin g over : 

1. Whenever a covered pot containing liquid is on the 
stove ,  kee p a n ea r  peele d fo r  th e soun d o f  th e li d 
bouncin g o r  th e soun d o f  th e wate r  bubbling . 

2.  D o no t  pu t  a  covere d po t  wit h liqui d i n i t  ove r  a  hig h 
flame,  becaus e i t  wil l  boi l  over .  Th e flame  shoul d b e 
turne d dow n o r  th e po t  li d shoul d b e lef t  ajar . 

'Castle stajids for Cbncocting i4bstract Strategies 
Throug h learnin g fro m Expectation-failures . 
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Syste m tas k 

Perceptio n 

Plannin g 

Pla n executio n 
and schedulin g 

W h at  t o lear n 

Liste n fo r  th e bubblin g soun d tha t 
warn s o f  th e po t  boilin g ove r 
Leav e th e li d aja r  o r 
tur n dow n th e flame 
Don' t  execut e an y othe r  plan s 
tha t  involv e leavin g th e kitche n 

Figur e 1 :  Learne d concept s i n th e ric e pi/a/exampl e 

3.  W h e n cookin g liqui d i n a  covere d pot ,  sta y i n th e 
kitchen ,  becaus e it' s  har d t o hea r  a  po t  boilin g ove r 
fro m th e othe r  rooms . 

Which of these concepts the agent should learn 
depend s o n it s perceptua l  an d pla n executio n abilities , 
th e plan s tha t  i t  typicall y generates ,  an d th e constraint s 
unde r  whic h i t  operates .  I f  th e agen t  woul d i n genera l  b e 
abl e t o hea r  th e po t  boilin g ove r  fro m th e othe r  room , 
but  simpl y ha d no t  attende d t o th e sof t  sound s tha t 
i t  hear d i n thi s instance ,  the n tunin g it s perceptua l 
attentio n apparatu s whe n a  po t  i s o n th e stov e i s a 
goo d wa y t o adap t  t o th e ne w concep t  o f  pot s boilin g 
over .  Thi s i s th e firs t  lesso n liste d above .  I f  th e 
agen t  woul d no t  b e abl e t o hea r  th e po t  boilin g ove r 
howeve r  har d i t  listened ,  anothe r  lesso n mus t  b e learned , 
eithe r  t o preven t  pot s fro m boilin g ove r  b y changin g th e 
parameter s o f  th e cookin g proces s (e.g. ,  b y turnin g dow n 
th e flame) ,  o r  t o avoi d leavin g th e kitche n whe n a  po t 
i s o n th e stove .  I f  th e recip e wil l  wor k properl y wit h 
th e flam e turne d ver y low ,  a s i s th e cas e wit h rice ,  o r 
wit h th e po t  li d of f  (whic h i s no t  usuall y th e cas e wit h 
ric e bu t  i s wit h othe r  food s suc h a s spaghetti) ,  the n th e 
secon d lesso n i n figur e 1  wil l  suffic e fo r  th e agen t  t o pla n 
properl y i n th e future .  I f  th e recip e canno t  b e cooke d 
uncovere d o r  ove r  a  lo w flame,  th e thir d lesso n i s th e 
one tha t  shoul d b e learned ,  tha t  i t  shoul d no t  leav e th e 
kitche n whil e a  po t  i s o n th e stove . 

We see ,  then ,  tha t  th e agen t  coul d lear n severa l  thing s 
i n respons e t o th e ric e pila f  boilin g over .  Th e first  lesson , 
tha t  th e proble m ca n b e averte d i f  th e li d ca n b e lef t  aja r 
or  i f  th e flame  i s lowered ,  shoul d b e learne d regardles s 
of  th e agent' s abilities ,  bu t  shoul d onl y b e applie d a s 
appropriate .  Whic h o f  th e othe r  lesson s th e agen t  shoul d 
learn ,  th e ide a o f  stayin g i n th e kitchen ,  o r  o f  tunin g it s 
perceptua l  apparatus ,  depen d o n th e agent' s knowledg e 
of  it s hearin g abilities .  Othe r  possibl e lessons ,  suc h a s 
th e nee d t o comput e th e idea l  heigh t  fo r  th e flame  unde r 
th e pot ,  ar e rule d ou t  du e t o th e inabilit y  o f  th e syste m 
t o perfor m thi s computatio n accurately . 

Constraints on concept formulation 

Our  discussio n o f  learnin g abou t  pot s boilin g ove r  whil e 
cookin g ric e pila f  demonstrate s severa l  element s o f  th e 
agent' s self-knowledg e tha t  affec t  th e formulatio n o f 
learne d concepts : 

•  Knowledg e o f  th e agent' s components :  Differen t 
aspect s o f  th e exampl e wil l  b e relevan t  t o differen t 
component s i n th e agent' s decision-makin g architec -
tur e (e.g. ,  th e agen t  coul d lear n concept s relatin g t o 
planning ,  pla n execution/scheduling ,  an d perception) . 

•  Knowledg e o f  th e agent' s physica l  abilities :  S o m e 
formulation s o f  th e concep t  wil l  no t  b e effectiv e du e 
t o limitation s i n th e agent' s physica l  abilitie s (e.g. , 
whethe r  t o lear n t o liste n harde r  depend s o n th e 
physica l  capabilit y  o f  th e agen t  t o hea r  th e bubblin g 
fro m th e othe r  room) . 

•  Knowledg e o f  th e agent' s cognitiv e abilities :  Limita -
tion s coul d als o b e cognitiv e (e.g. ,  th e agen t  coul d 
attemp t  t o lear n t o comput e th e precisel y optima l 
flame  height ,  bu t  limitation s i n th e agent' s abilit y  t o 
perfor m thi s reasonin g m a k e thi s untenable) . 

•  Knowledg e o f  typica l  plannin g situations :  T h e 
possibl e alternativ e plan s (e.g. ,  lowerin g th e flame  an d 
leavin g th e li d ajar )  mus t  b e selecte d base d o n th e 
situation s i n whic h th e agen t  expect s t o find  itself . 

Each of these is a type of self-knowledge that an 
intelligen t  agen t  mus t  posses s i n orde r  t o assimilat e 
learne d knowledg e effectively .  Thi s self-knowledg e wil l 
enabl e th e agen t  t o relat e ne w concept s t o relevan t 
component s o f  it s decision-makin g architecture . 

The CASTLE system 

Our  researc h i s a n investigatio n o f  a  failure-drive n 
approac h t o acquirin g ne w plannin g knowledg e [Birn -
b a u m e t  al. ,  1990 ;  Collin s e t  ai ,  1991c] .  Ou r  system , 
CASTLE,  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 
by repairin g th e fault y planne r  component s whic h wer e 
responsibl e fo r  th e failure .  W e approac h thi s learnin g 
tas k i n a  knowledge-intensiv e fashion ,  i n whic h th e 
syste m use s knowledg e o f  it s o w n plannin g component s 
t o assimilat e event s whic h le d t o expectatio n failures . 
Thi s knowledg e 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] . 
Mor e specifically ,  th e syste m first  examine s a n explici t 
justificatio n structur e tha t  encode s th e th e reasonin g 
tha t  le d t o it s belie f  i n th e incorrec t  expectatio n [deKlee r 
et  ai ,  1977 ;  Doyle ,  1979] .  Thi s justificatio n i s use d 
t o isolat e th e component s o f  it s  architectur e tha t  ar e 
responsibl e fo r  th e failur e [Collin s e t  ai ,  1991b] .  I t  the n 
use s a  specificatio n of-th e fault y component s t o guid e th e 
learnin g o f  ne w rule s t o embod y th e concep t  whic h mus t 
be learne d i n respons e t o th e failur e [Krulwich ,  1991] . 

T h e CASTL E syste m carrie s ou t  th e task s w e hav e 
bee n discussin g i n th e domai n o f  chess .  C a s t l 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 
of  rule s whic h provid e differen t  method s fo r  performin g 
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Event s 

— 4c 

Situatio n 

Focusin g 
.s6 ^ .̂ ^ ^ 

JS^ Detectio n 

N ew threat s 

Figure 2: Incremental threat detection 

th e task .  Thes e rule s i n tur n invok e othe r  component s 
as necessary . 

We wil l  no w examin e mor e specificall y som e o f  th e 
knowledg e tha t  CASTL E ha s regardin g it s components . 
One 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 arise . 
Rathe r  thsu i  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 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 m a y hav e bee n enabled . 
Then ,  a  separat e threa t  detectio n component ,  consistin g 
of  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 fsic t  bee n enabled .  Th e relationshi p 
betwee n th e tw o component s i s show n pictoriall y  i n 
figure  2 .  A  sampl e focu s rul e i s show n i n figure  3 ,  whic h 
embodie s th e system' s knowledg e tha t  th e mos t  recentl y 
moved 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 mos t  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 tha t  ca m possibl y contai n ne w threats . 

Anothe r  tas k i n whic h CASTL E engage s i s pla n 
generation .  On e o f  th e system' s component s fo r  doin g 
pla n generatio n i s a  schem a applier .  Thi s componen t 
retrieve s schemata ,  whic h ar e generalize d sequence s 
of  actions ,  tha t  wil l  achiev e a  particula r  goa l  i n th e 
curren t  situation .  I n CASTL E thes e schemat a ar e calle d 
offensiv e strategies ,  an d th e system' s offensiv e strateg y 
componen t  consist s o f  rule s tha t  encod e th e action s i n 
a schema ,  it s condition s o f  applicability ,  an d th e goa l 
whic h i t  satisfies .  A  strateg y rul e fo r  th e classi c ches s 

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

(mov e ?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 3: Focusing on new moves by a moved piece 

(def-brul e strategy-fork-sampl e 
(strateg y for k ?playe r  (world-at-tim e ?time ) 

(goa l  (captur e ?target2) ) 
(plci n (mov e ?playe r  non-captur e ?piec e 

?loc l  ?loc 2 ?time ) 
(nex t  (mov e ?playe r  (captur e ?target2 ) 

?piec e ?loc 2 ?loc 4 (1 + ?time))) ) 
<-

(an d (at-lo c ?playe r  ?piec e ?loc l  ?time ) 
(at-lo c ?opponen t  ?target l  ?loc 3 ?time ) 
(at-lo c ?opponen t  ?target 2 ?loc 4 ?time ) 
(no t  (at-lo c ?anyon e ?any-piec e ?loc 2 ?time) ) 
(move-lega l  ?playe r  ?piec e ?loc l  ?loc2 ) 
(move-lega l  ?playe r  ?piec e ?loc 2 ?loc3 ) 
(move-lega l  ?playe r  ?piec e ?loc 2 ?loc4 ) 
( > (valu e ?targetl )  (valu e ?target2) ) 

(n o (an d (counterpla n ?cp-meth l  Topponen t 
(goal-captur e Ttarge t  ?loc 3 

(mov e ?playe r  (captur e ?targetl ) 
?piec e ?loc 2 ?loc3) ) 

?tim e ?counterplan ) 
(counterpla n ?cp-meth 2 ?opponen t 

(goal-captur e ?targe t  ?loc 4 
(mov e ?playe r  (captur e ?target2 ) 

?piec e ?loc 2 ?loc4) ) 
?tim e ?counterplan)) )  ) ) 

Figure 4: A strategy rule; The fork 

strateg y th e for k i s show n i n figure  4. ^  Thi s rul e say s 
roughl y tha t  on e wa y t o captur e a n opponen t  piec e i s 
t o fin d a  piec e tha t  ca n mov e t o a  locatio n fro m whic h 
i t  ca n captur e tw o opponen t  pieces ,  i f  th e opponen t  wil l 
hav e n o on e counterpla n agains t  bot h th e attacks .  Othe r 
suc h strategie s ar e pi n an d th e sactifice .  Issue s i n 
acquirin g suc h strategie s hav e bee n discusse d previousl y 
[Birnbau m e t  ai ,  1990 ;  Freed ,  1991] . 

Learning focusing and a new strategy 

Conside r  th e partia l  ches s situation s show n i n figur e 5 . 
Initiall y  castl e (playin g black )  use s it s offensiv e 
strateg y componen t  fo r  pla n recognitio n [Schan k an d 
Abelson ,  1975 ;  CuUingford ,  1978] ,  tha t  is ,  t o se e i f  th e 
opponen t  ca n b e expecte d t o hav e an y goo d strategie s 
t o apply .  Sinc e non e o f  it s  strateg y rule s appl y fro m 
th e perspectiv e o f  th e opponent ,  castl e assume s tha t 
th e opponen t  wil l  no t  b e abl e t o mak e a  mov e tha t  wil l 
enabl e a  guarantee d captur e o n th e followin g turn .  I n 
othe r  words ,  th e opponen t  woul d presumabl y lik e t o 
make a  situatio n i n whic h n o matte r  wha t  castl e does , 
th e opponen t  wil l  captur e a  piec e o n th e nex t  turn . 
Cas t l e believe s tha t  sinc e non e o f  it s  strateg y rule s 
appl y fo r  th e opponent ,  th e opponen t  wil l  no t  b e abl e 
t o creat e suc h a  situation . 

Î n practic e thi s rul e i s specialize d t o us e geometri c 
reasoning .  Alternatively ,  i t  coul d evaluat e th e result s o f  a 
projectio n engin e withou t  duplicatin g it s  computation . 
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(a )  (b ) 

Figure 5: Example: Opponent (white) to move 

The opponen t  (playin g white )  the n move s it s rook , 
resultin g i n th e situatio n i n figure  5(b) .  B y makin g 
thi s move ,  th e opponen t  ha s enable d tw o attack s 
simultaneously ,  th e bisho p attac k o n th e computer' s 
rook ,  an d th e roo k attac k o n th e computer' s bishop ,  an d 
one o f  th e attack s i s sur e t o succeed .  Castle' s lac k o f 
an offensiv e strateg y rul e fo r  thi s typ e o f  simultaneou s 
attack s resulte d i n it s bein g unabl e t o counterpla n earl y 
enough .  Cas t l e shoul d lear n a  ne w strateg y rul e a s a 
resul t  o f  th e loss . 

Th e plannin g failur e i n ou r  exampl e i s als o relevan t  t o 
anothe r  o f  castle' s components ,  namel y th e detectio n 
focusin g component .  Initiall y  Cast l e i s onl y equippe d 
wit h th e tw o focu s rule s discusse d earlier ,  fo r  th e ne w 
threat s b y an d agains t  th e most-recentl y move d piece , 
and doe s no t  hav e a  rul e fo r  focusin g o n th e discovere d 
attac k tha t  wa s enable d i n ou r  exampl e b y movin g th e 
roo k ou t  o f  th e lin e o f  attac k betwee n th e bisho p an d th e 
computer' s roo k [Collin s e t  al. ,  1991c] .  Becaus e o f  this , 
CASTLE i s a t  first  unabl e t o detec t  th e threa t  agains t  it s 
rook ,  an d believe s tha t  th e threa t  agains t  it s  bisho p i s 
th e onl y threa t  o n th e board .  Becaus e o f  thi s error ,  i n 
figure  5(b )  i t  move s it s bishop ,  an d think s tha t  al l  o f  it s 
piece s ar e saf e a s a  consequence .  W h e n th e opponen t 
execute s th e captur e o f  castle' s rook ,  th e compute r 
realize s th e exten t  o f  it s error . 

Thes e tw o concepts ,  simultaneou s attack s an d discov -
ere d attacks ,  shoul d bot h b e learne d fro m th e sequenc e 
of  event s tha t  w e hav e seen .  Eac h concep t  involve s 
a differen t  aspec t  o f  th e situation ,  an d eac h mus t  b e 
characterize d i n a  wa y tha t  ca n b e effectivel y use d b y 
th e relevan t  component s o f  th e agent' s architecture . 

C o m p o n e nt 

Plannin g 

Perceptio n 

Learne d concep t 

Make a  successfu l  attac k b y movin g 
a piec e of f  a  lin e o f  attac k t o a 
ne w locatio n whic h ca n als o mak e a 
secon d attac k 
Threat s ca n b e enable d b y movin g a 
piec e of f  o f  a  lin e o f  attac k tha t 
i s  otherwis e ope n 

IXSiiK|»in g thes e charawiterization s require s th e syste m 
t o us e knowledg e o f  th e function s an d interaction s o f  it s 
components .  A  characterizatio n o f  simultaneou s attack s 
tha t  ca n b e use d b y th e offensiv e strateg y componen t 
JttUl t  mentio n th e simultaneou s enablemen t  o f  th e tw o 
attacks ,  on e throug h th e vacate d squar e an d on e fro m 
th e ne w locatio n o f  th e move d piece ,  an d mus t  encod e 
th e fiac t  tha t  th e opponen t  mus t  b e unabl e t o reac t  t o 
bot h ettack s i n a  singl e move .  Additionally ,  i t  mus t 
be predictive ,  becaus e i t  wil l  b e invoke d befor e an y 
m o ve ha s bee n made ,  an d s o i t  mus t  refe r  no t  t o move s 
tha t  hav e alread y bee n made ,  bu t  rathe r  t o move s 
tha t  ca n potentiall y  b e made .  A  characterizatio n o f 
discovere d attack s tha t  ca n b e use d effectivel y t o focu s 
th e detectio n rule s mus t  generat e a  se t  o f  constraint s 
describin g al l  th e possibl e move s throug h a  vacate d 
square ,  withou t  referrin g t o th e lega l  move s themselve s 
whic h wil l  b e checke d subsequentl y b y th e detectio n 
componen t  (se e figure  2) .  Thi s rul e mus t  b e expresse d 
i n term s tha t  ca n b e applie d afte r  th e enablin g m o v e ha s 
bee n made ,  bu t  befor e th e discovere d attac k i s made . 

Cas t l e detect s th e opportunit y t o lear n b y observin g 
an expectatio n failur e whe n it s roo k i s capture d b y th e 
opponent' s bishop .  A s w e hav e discusse d above ,  cast l e 
use s a  model-base d reasonin g approac h t o diagnosin g 
expectatio n failures ,  i n whic h th e syste m diagnose s th e 
failur e b y examinin g a n explici t  justificatio n structur e 
whic h encode s th e basi s fo r  it s  belie f  i n it s expectatio n 
tha t  it s piece s wer e safe .  Th e system' s diagnosi s engine 
traverse s thi s justification ,  whic h i s show n i n figure  7 , 
t o find  th e underlyin g belief s o f  th e syste m tha t  wer e 
responsibl e fo r  th e failure .  I n ou r  exampl e ther e wer e 
tw o suc h incorrec t  assumptions :  tha t  th e system' s se t 
o f  threa t  detectio n focusin g rule s i s  comp le te ,  a n d th e 
sys tem' s se t  o f  strateg y s c h e m a t a i s  comp le te .  T h e tas k 
n o w a t  h a n d i s fo r  th e s y s t e m t o repai r  it s  p l a n n i n g 
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(locu s 'tocus-m»tho d conputo r 
tmov o opponan C (mova-tak a rook )  bisho p (lo c 1  3 )  (lo c S  7 )  (Clm a 4 ) 
(world-it'tlm a 3) ) 

(mova-anablad-mov e 
(mova opponen t  mova-muv a 

pawn (lo c 2  4 }  (lo c 3  4 )  (tlm a 2) ) 
{mov a opponen t  (move-tak e rook )  bisho p 
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_ 

1 3 5  7 ) 

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

Figur e 8 :  Explanatio n o f  desire d detectio n focusin g performanc e 

mechanism .  Eac h o f  th e tw o fault s ca n b e repaire d 
by augmentin g a  correspondin g rul e set ,  on e fo r  th e 
focusin g componen t  an d on e fo r  th e strateg y component . 

T o construc t  th e ne w rules ,  cast l e retrieve s a  com -
vonen t  performanc e specificatio n fo r  eac h componen t 
[Krulwich ,  1991] .  Thes e performanc e specifications ,  a 
for m o f  plcinne r  self-knowledge ,  describ e th e correc t 
behavio r  o f  eac h component .  Thes e specification s 
ca n b e use d t o recogniz e correc t  behavio r  tha t  wa s 
not  produce d b y th e component' s rul e sets .  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 t  wil l  generat e 
binding s tha t  includ e an y captur e tha t  t s enable d b y a 
give n move .  Thi s specificatio n enable s CASTL E t o focu s 
on 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 a n explanation -
base d learnin g targe t  concept .  Afte r  retrievin g th e 
specification ,  cast l e 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 o f  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 
explanation ,  show n i n figur e 8 ,  say s roughl y tha t  th e 
opponent' s mov e shoul d hav e bee n generate d b y th e 
focusin g component ,  becaus e th e opponent' s previou s 
move enable d th e attack ,  becaus e i t  wa s 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 
be made .  Cas t l e the n use s explanation-base d learnin g 
[Mitchel l  e t  al. ,  1986 ;  DeJon g an d Mooney ,  1986 ]  t o 
generaliz e thi s explanatio n an d t o construc t  th e ne w 
detectio n focusin g rul e show n i n figure  9 . 

Th e sam e mechanis m i s use d t o construc t  th e ne w 
offensiv e strateg y rule .  A  specificatio n o f  th e offensiv e 
strateg y componen t  i s retrieved ,  whic h say s roughl y 
th e offensiv e strateg y componen t  wil l  generat e an y plan s 
whic h ar e sur e t o resul t  i n a  successfu l  attack .  Cas t l e 
the n explain s wh y th e opponent' s mov e resulte d i n a 
certai n capture .  Thi s explanatio n say s roughl y tha t  th e 
opponent' s mov e wa s a  goo d offensiv e strategy ,  becaus e 

i t  enable d on e attac k throug h th e vacate d square ,  an d 
i t  enable d a  secon d attac k fro m th e ne w locatio n o f 
th e move d piece ,  an d ther e wa s n o counterpla n fo r 
th e opponen t  tha t  coul d disabl e bot h attacks .  Th e 
crucia l  inferenc e i n constructin g thi s explanatio n i s tha t 
th e existenc e o f  tw o attacks ,  i n a  situatio n wher e the y 
canno t  bot h b e counterplanne d agains t  simultaneously , 
means tha t  on e o f  the m wil l  necessaril y  succeed .  On e 
approac h i s fo r  thi s knowledg e t o b e buil t  in ,  a s ha s 
bee n don e implicitl y  b y others .  Ou r  approac h i s fo r  thi s 
knowledg e t o b e inferre d fro m mor e primitiv e axiom s 
of  pla n executio n [Birnbau m e i  al. ,  1990] .  Afte r  thi s 
explanatio n i s constructe d i t  i s  generalize d t o for m a 
rul e fo r  simultaneou s attacks . 

Discussion 

I n sectio n w e sa w severa l  type s o f  reasonin g i n whic h 
an agen t  migh t  engag e i n th e cours e o f  learnin g fro m a 
sequenc e o f  events .  I n ou r  exampl e i n sectio n w e sa w 

(def-brul e learned-focus-method2 5 
(focu s learned-focus-method2 5 ?playe r 

(mov e ?playe r  (captur e ?taken-piece ) 
?taking-piec e (lo c ?row l  ?coll ) 
(lo c ?row 2 ?col2) ) 

(world-at-tim e ?tiine2) ) 

<= 
(an d (move-to-mak e 

(mov e ?other-playe r  mov e ?interm-piec e 
(lo c ?r-inten n ?c-interm ) 
(lo c ?r-othe r  ?c-other) ) 

?playe r  ?goa l  ?timel ) 
(loc-on-lin e Tr-inter m ?c-inter m 

?row l  ?col l  ?row 2 ?col2 ) 
(at-lo c ?playe r  ?taking-piec e 

(lo c ?row l  ?coll ) 
(-  gen-time2.2 4 2) )  ) ) 

Figure 9: Learned focus rule for discovered attacks 
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ho w CASTL E perform s som e o f  thes e type s o f  reasoning , 
i n particular : 

• Castle determined which components should be 
repaire d (t.g. ,  perception ,  planning ) 

•  Cast l e formulate d a  concep t  fo r  eac h componen t 
bein g repaire d (e.g. ,  focu s rule ,  strateg y schema ) 

Castle is capable of carrying out several other types 
of  reasonin g abou t  th e stat e o f  it s  knowledge .  Consider , 
fo r  example ,  a  situatio n i n whic h th e syste m applie d 
it s simultaneou s attack s strateg y agains t  a n opponent , 
and th e opponen t  i s abl e t o counterpla n agains t  bot h 
attack s i n a  wa y tha t  cast l e doe s no t  kno w about .  On e 
suc h counterplannin g metho d might ,  fo r  example ,  b e t o 
move on e o f  th e attacke d piece s t o a  squar e alon g th e 
lin e o f  attac k agains t  th e secon d piece .  Sinc e castl e 
does no t  initiall y  hav e a  rul e fo r  counterplannin g b y 
interposin g pieces ,  i t  woul d thin k tha t  it s simultaneou s 
attac k woul d b e successful .  W h e n th e strateg y i s see n 
t o b e unsuccessful ,  CASTL E mus t  determin e whethe r 
th e faul t  lie s wit h th e strateg y rul e o r  wit h anothe r 
component .  I n thi s cas e CASTL E shoul d realiz e tha t 
th e strateg y i s sound ,  bu t  tha t  i t  need s t o lear n a  ne w 
counterplannin g rul e fo r  interposition . 

Thi s learnin g proces s require s tha t  CASTL E hav e a 
self-mode l  whic h describe s th e function s an d interaction s 
of  it s  components .  Thi s self-mode l  consist s o f  severa l 
form s o f  self-knowledge .  Belie f  justification s relat e 
expectation s an d othe r  belief s t o th e reason s tha t 
CASTLE believe s the m t o b e true .  Implici t  assumption s 
describ e th e assumption s tha t  CASTL E i s makin g (suc h 
as rul e se t  completeness )  tha t  underl y th e validit y 
of  it s  decision-makin g mechanisms .  Performanc e 
specification s describ e th e performanc e tha t  CASTL E 
expect s fro m eac h o f  it s  components .  Usin g thes e form s 
of  self-knowledge ,  CASTL E ca n reaso n abou t  th e stat e 
of  it s  knowledg e an d abilitie s i n orde r  t o effectivel y 
assimilat e ne w knowledge . 

Our  researc h ha s involve d extendin g ou r  mode l  o f 
plannin g an d decision-makin g t o includ e a  variet y o f 
task s an d components .  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  determin e th e 
degre e t o whic h ou r  theor y o f  model-base d knowledg e 
assimilatio n throug h diagnosi s an d learnin g applie s t o 
othe r  decision-makin g task s an d t o plannin g i n othe r 
domains . 
Acknowledgements :  Thank s g o t o Mat t  Brand ,  Michae l 
Freed ,  Menache m Jona ,  Eri c Jones ,  an d Louis e Pryo r  fo r 
discussion s o n thi s pape r  an d o n th e researc h presented . 
Thi s wor k wa s supporte d i n par t  b y th e Ai r  Forc e 
Offic e o f  Scientifi c  Researc h unde r  gran t  numbe r  AFOSR-
91-0341-DEF ,  an d b y th e Defens e Advance d Researc h 
Project s Agency ,  monitore d b y th e Offic e o f  Nava l  Researc h 
under  contrac t  N-00014-91-J-4092 .  Th e Institut e fo r  th e 
Learnin g Science s wa s establishe d i n 198 9 wit h th e suppor t 
of  Anderse n Consulting ,  par t  o f  Th e Arthu r  Anderse n 
Worldwid e Organization .  Th e Institut e receive s additiona l 

suppor t  fro m Ameritech ,  a n Institut e Partner ,  an d fro m 
IBM. 

References 

[Birnbau m e t  at. ,  1990 ]  L .  Birnbaum ,  G .  Collins ,  M .  Freed , 
and B .  Krulwich .  Model-base d diagnosi s o f  plannin g 
failures .  I n Proceeding s o f  th e Eight h Nationa l  Conferenc e 
on Artificia l  Intelligence ,  page s 318-323 ,  Boston ,  M A , 
1990 . 

[Collin s e t  al. ,  1991a ]  G .  Collins ,  L .  Birnbaum ,  B .  Krulwich , 
and M .  Freed .  A  model-base d approac h t o learnin g fro m 
plannin g failures .  I n Note s o f  th e A A A I  Worksho p o n 
Model-Base d Reasoning ,  Anaheim ,  CA ,  1991 . 

[CoUin s e t  ai ,  1991b ]  G .  CoUins ,  L .  Birnbaum ,  B .  Krulwich , 
and M .  Freed .  Model-base d integratio n o f  plannin g an d 
learning .  S I G A R T Bulletin ,  2{4):56-60 ,  1991 .  Originall y 
i n Workin g Note s o f  th e A A A I  Sprin g Symposiu m o n 
Integrate d Intelligen t  Architectures . 

[Collin s e t  al. ,  1991c ]  G .  Collins ,  L .  Birnbaum ,  B .  Krulwich , 
and M .  Freed .  Pla n debuggin g i n a n intentiona l 
system .  I n Proceeding s o f  th e Twelft h Internationa l 
Join t  Conferenc e o n Artificia l  Intelligence ,  page s 353-358 , 
Sydney ,  Australia ,  1991 . 

[CuUingford ,  1978 ]  R .  CuUingford .  Scrip t  Application : 
Compute r  Understandin g o f  Newspape r  Stories .  Ph D 
thesis ,  Yal e University ,  1978 .  Technica l  Repor t  116 . 

[Davis ,  1984 ]  R .  Davis .  Diagnosti c reasonin g base d o n 
structur e an d function :  Path s o f  interactio n an d th e 
localit y principle .  Artificia l  Intelligence ,  24(l-3):347-410 , 
1984 . 

[DeJon g an d Mooney ,  1986 ]  G .  DeJon g an d R .  Mooney . 
Explanation-base d learning :  A n alternativ e view . 
Machin e Learning ,  1:145-176 ,  Januar y 1986 . 

[deKlee r  an d Williams ,  1987 ]  J .  deKlee r  an d B.C .  WUUams. 
Diagnosin g multipl e faults .  Artificia l  Intelligence , 
32(1):97-129 ,  Apri l  1987 . 

[deKlee r  e t  ai ,  1977 ]  J .  deKleer ,  J .  Doyle ,  G.L .  Steele ,  an d 
G.J .  Sussman .  Explici t  contro l  o f  reasoning .  S I G P L A N 
Notices ,  12(8) ,  1977 . 

[Doyle ,  1979 ]  J .  Doyle .  A  trut h maintenanc e system . 
Artificia l  Intelligence ,  12(3):231-272 ,  1979 . 

[Freed ,  199l ]  M .  Freed .  Learnin g strategi c concept s fro m 
experience :  A  seven-stag e process .  I n Proceeding s o f  th e 
Thirteent h Annua l  Conferenc e o f  Th e Cognitiv e Scienc e 
Society ,  page s 132-136 ,  Chicago ,  IL ,  1991 . 

[Krulwich ,  199l ]  B .  Krulwich .  Determinin g wha t  t o lear n i n 
a multi-componen t  plannin g system .  I n Proceeding s o f  th e 
Thirteent h Annua l  Conferenc e o f  Th e Cognitiv e Scienc e 
Society ,  page s 10'.i-107 ,  Chicago ,  IL ,  1991 . 

[Krulwich ,  1992 ]  B .  Krulwich .  Learnin g Ne w Method s fo r 
Multipl e Cognitiv e Tasks .  P h D thesis .  Northwester n 
University ,  Institut e fo r  th e Learnin g Sciences ,  1992 .  (i n 
preparation) . 

[Mitche U e t  ai ,  1986 ]  T.M .  Mitchell ,  R.M .  Keller ,  an d S.T . 
Kedar-CabeUi .  Explanation-bcise d generalization :  A 
unifyin g view .  Machin e Learning ,  1(1) ,  Januar y 1986 . 

[Schan k an d Abelson ,  1975 ]  R .  C .  Schan k an d R .  P .  Abel -
son .  Scripts ,  Plans ,  Goals ,  an d Understanding .  Lawrenc e 
Erlbau m Associates ,  Hillsdale ,  NJ ,  1975 . 

247 


	cogsci_1992_242-247



