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Abstrac t 

Complex interactions among conjunctive go-
al s motivat e th e nee d fo r  nonlinea r  plan -
ners .  Wherea s th e literatur e addresse s least -
commitmen t  approache s t o th e nonlinea r  plannin g 
problem ,  w e advocat e a  casual-commitmen t  ap -
proac h tha t  finds  viabl e plan s incrementally .  I n 
essence ,  al l  decisio n point s ar e ope n t o introspec -
tion ,  reconsideration ,  an d learning .  I n th e pres -
ence o f  backgroun d contro l  knowledg e -  heuristi c 
or  definitiv e -  onl y th e mos t  promisin g part s o f 
th e searc h spac e ar e explore d t o produc e a  solu -
tio n pla n eflBciently .  A n analogica l  repla y mecha -
nis m i s presente d tha t  use s pas t  proble m solvin g 
episode s a s backgroun d contro l  guidance .  Searc h 
effort s ar e henc e amortize d b y automaticall y com -
pilin g an d reusin g pas t  experienc e b y derivationa l 
analogy .  Thi s pape r  report s o n th e ful l  implemen -
tatio n o f  th e casual-commitmen t  nonlinea r  prob -
le m solve r  o f  th e prodig y architecture .  Th e prin -
ciple s o f  nonlinea r  plannin g ar e discussed ,  th e al -
gorithm s i n th e implementatio n ar e describe d i n 
some detail ,  an d empirica l  result s ar e presente d 
tha t  illustrat e th e searc h reductio n whe n th e non -
linea r  planne r  combine s casua l  commitmen t  an d 
analogica l  replay . 

Introduction - Why Casual 

C o m m i t m e n t 

Nonlinea r  plannin g wa s develope d t o dea l  wit h prob -
lem s lik e Sussman' s anomaly ,  whic h coul d no t  b e solve d 
by rudimentar y linea r  planner s suc h a s STRIP S [Fike s 
and Nilsson ,  1971 ,  Sussman ,  1973] .  Least-commitmen t 
planner s handl e thi s anomal y b y deferrin g decision s 
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whil e buildin g th e pla n [Sacerdoti ,  1975] .  Thes e plan -
ner s typicall y outpu t  a  partiall y  ordere d pla n a s op -
pose d t o a  totall y ordere d one ,  an d consequentl y th e 
ter m nonlinea r  pla n i s used .  However ,  th e essenc e o f 
th e nonlineartt y  i s no t  i n th e fac t  tha t  th e pla n i s par -
tiall y  ordered ,  bu t  i n th e fac t  tha t  a  pla n nee d no t  b e 
a linea r  concatenatio n o f  complet e subplans ,  eac h fo r  a 
goal  presume d independen t  o f  al l  other s [Veloso ,  1989] . 

We advocat e a  casua l  commitmen t  approac h 
[Minto n e t  ai ,  1989] ,  a s oppose d t o a  leas t  commitmen t 
approach ,  t o th e nonlinea r  plannin g problem .  Thi s 
pape r  report s o n th e ful l  implementatio n o f  a  casual -
commitmen t  nonlinea r  proble m solver ,  whic h w e refe r 
t o a s NoLlMiT ,  standin g fo r  Nonlinea r  proble m solve r 
usin g casua l  commitment .  Thi s wor k take s contex t 
withi n th e PRODIGY integrate d intelligen t  architectur e 
[Carbonel l  e t  ai ,  1990] . 

No Limi t  reason s abou t  totall y ordere d plan s tha t 
ar e nonlinear ,  i.e. ,  th e plan s canno t  b e decompose d 
int o a  sequenc e o f  complet e subplan s fo r  th e conjunc -
tiv e goa l  set .  A t  choic e points ,  NoLlMI T commit s t o 
a particula r  alternative ,  generatin g th e plannin g step s 
and testin g thei r  consequences ,  whil e searchin g fo r  a 
solution .  Al l  decisio n point s (operato r  selections ,  goa l 
orderings ,  backtrackin g points ,  etc. )  ar e ope n t o intro -
spectio n an d reconsideration .  W e clai m tha t  nonlinea r 
plannin g refer s t o searchin g t o attai n a  se t  o f  goads , 
allowin g interleavin g o f  goal s an d subgoal s a t  differen t 
depth s o f  search .  Hence ,  reasonin g abou t  totall y or -
dere d plan s i s not ,  pe r  se ,  a  characteristi c o f  a  linea r 
planner ,  a s reasonin g abou t  partiall y  ordere d plan s i s 
not  either ,  pe r  se ,  a  characteristi c o f  a  nonlinea r  plan -
ner  [Rosenbloo m e t  ai ,  199l] .  I n fact ,  NoLlMi T gen -
erate s a  partiall y  ordere d pla n fro m a  totall y ordere d 
solutio n found ,  b y simpl y analyzin g th e dependencie s 
among th e steps ,  an d relaocin g unnecessar y constraint s 
[Velos o e t  ai ,  1990] . 

I n a  least-commitmen t  plannin g strateg y [Sacerdoti , 
1975 ,  Wilkins ,  1989] ,  decision s ar e deferre d unti l  force d 
by constraints .  Typicall y conjunctiv e goal s ar e as -
sumed t o b e independen t  an d worke d separately ,  pro -
ducin g unordere d set s o f  action s t o achiev e th e goals . 
Fro m tim e t o time ,  th e planne r  fires  pla n critic s tha t 
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chec k fo r  interaction s a m o n g th e individua l  subpl.uis . 
I f  conflictin g interaction s ar e found ,  th e plaiiin T roiii -
mit s t o a  specifi c  partia l  orderin g tha t  ;ivoid s llics c 
conflicts .  I n case s wher e action s sta y unordere d dur -
in g th e entir e plannin g process ,  a  final  partiall y  ordere d 
pla n i s produced .  I n thi s strategy ,  i t  i s  NP-har d [Chap -
man,  1987 ]  t o determin e i f  a  give n litera l  i s  tru e a t  a 
particula r  instan t  o f  tim e whil e planning ,  whe n action s 
ar e dependen t  o n th e stat e o f  th e world ,  a s al l  path s 
throug h th e partia l  orde r  mus t  b e verified . 

Usin g a  casual-commitmen t  strategy ,  i n th e wors t 
case ,  als o involve s a n exponentia l  searc h ove r  th e spac e 
of  solutions .  NoL lM I T use s contro l  knowledg e t o re -
duc e thi s exponentia l  search .  Provabl y incorrec t  alter -
native s ar e eliminate d an d heuristicall y preferre d one s 
ar e explore d first. 

Th e PRODIGY architectur e i s a  testbe d fo r  explorin g 
machin e learnin g approache s t o automaticall y acquir -
in g contro l  knowledge .  Casua l  commitmen t  provide s a 
framewor k i n whic h i t  i s  natura l  t o reaso n an d lear n 
abou t  th e contro l  decision s o f  th e proble m solver ,  a s 
successfu l  an d faile d commitment s ar e explore d an d 
can b e analyzed .  Th e learne d contro l  knowledg e trans -
form s a  simpl e casual-commitmen t  searc h strateg y int o 
an efficien t  one . 

I n thi s pape r  w e presen t  ho w w e automaticall y lear n 
contro l  knowledg e b y combinin g th e basi c nonlinea r 
casual-commitmen t  proble m solve r  wit h a n analogica l 
repla y mechanism .  Th e derivationa l  analog y learn -
in g mechanis m presente d consist s o f  organizin g an d 
reusin g derivationa l  trace s o f  search-intensiv e proble m 
solvin g episodes .  Thes e searc h trace s ar e annotate d 
wit h explici t  justification s o f  successfu l  an d faile d con -
dition s explore d b y th e casual-commitmen t  proble m 
solver .  Subsequen t  reasonin g i n simila r  ne w problem s 
i s drive n b y th e derivationa l  analog y repla y machinery . 

NoLlMiT - The Problem Solving 

Algorith m 

In order to solve problems in a particular domain, 
PRODIGY mus t  first  b e give n a  domai n theory ,  includ -
in g a  se t  o f  operators .  Eac h operato r  ha s a  precon -
ditio n expressio n an d a  lis t  o f  effect s tha t  describ e 
ho w th e applicatio n o f  th e operato r  change s th e world . 
Preconditio n expression s ar e well-forme d formula s i n 
a for m o f  predicat e logi c encompassin g negation ,  con -
junction ,  disjunction ,  an d typed-existentia l  an d uni -
versa l  quantification .  Regula r  effect s ar e atomi c for -
mula s tha t  describ e th e literal s tha t  ar e adde d o r 
delete d fro m th e curren t  stat e whe n th e operato r  i s 
applied .  Conditiona l  effect s represen t  change s t o th e 
worl d tha t  ar e dependen t  o n th e stat e i n whic h th e 
operato r  i s applie d [Minto n e i  al. ,  1989] .  NoL lMi T fol -
low s a  means-end s analysi s backwar d chainin g searc h 
algorithm .  N o Limit' s  nonlinea r  characte r  stem s fro m 
workin g wit h a  se t  o f  goal s i n thi s cycle ,  a s oppose d 
t o th e to p goa l  i n a  linearize d goa l  stack . 

1.  Chec k i f  th e goa l  statemen t  i s tru e i n th e curren t 
state ,  o r  ther e i s a  reaso n t o suspen d th e curren t  searc h 
path . 

I f  yes ,  the n either ,  sho w th e formulate d plan , 
backtrack ,  o r  tak e appropriat e action . 

2.  Comput e th e se t  o f  pendin g goal s Q ,  an d th e se t  o f 
possibl e applicabl e operator s A . 

3.  Choos e a  goa l  G  fro m Q  o r  selec t  a n operato r  A  fro m 
A tha t  i s directl y applicable . 

4.  I f  G  ha s bee n chosen ,  the n 
•  expan d goa l  G ,  i.e. ,  ge t  th e se t  O  o f  relevan t  in -

stantiate d operator s fo r  th e goa l  G , 
•  choos e a n operato r  O  fro m O , 
•  g o t o ste p 1 . 

5.  I f  a n operato r  A  ha s bee n selecte d a s directl y appli -
cable ,  the n 
•  appl y A , 
•  g o t o ste p 1 . 

Figur e 1 :  A  Skeleto n o/NoLimit' s  Searc h Algorithm . 

Th e algorith m i n Figur e 1  describe s th e basi c skele -
to n o f  N o Limit' s  searc h algorithm .  Dynami c goa l  se -
lectio n enable s N o Limi t  t o full y  interleav e plans ,  ex -
ploitin g c o m m o n subgoal s an d addressin g issue s o f  re -
sourc e contention . 

Th e differen t  commitment s alon g th e searc h algo -
rith m a s presente d i n Figur e 1  m a y lea d eventuall y int o 
dead-en d situations .  Fo r  example ,  a  failur e occur s i f  w e 
reac h a  subgoa l  tha t  i s  unachievabl e fo r  lac k o f  an y rel -
evan t  operators .  N o Limi t  ha s severa l  heuristic s tha t 
propos e suspendin g a  searc h pat h unde r  variou s condi -
tion s suc h a s whe n a  pat h become s unpromisin g (goa l 
and stat e loo p detections )  o r  whe n a  pat h become s to o 
lon g o r  costl y accordin g t o som e threshold .  Upo n fail -
ure ,  NoL imi t  backtrack s t o a  previou s choic e point .  I t 
has th e abilit y  t o cal l  backtrackin g contro l  knowledg e 
tha t  selec t  (o r  reject )  particula r  backtrackin g points , 
thu s performin g intelligen t  allocatio n o f  resource s an d 
permittin g dependency-directe d backtrackin g o r  othe r 
interestin g discipline s [D rummon d an d Currie ,  1989 , 
Anderso n an d Farley ,  1990] . 

Control knowledge 

Th e searc h algorith m describe d i n Figur e 1  involve s 
severa l  choic e points ,  t o wit :  th e operato r  t o choos e 
t o achiev e a  particula r  goal ;  th e binding s t o choos e 
i n orde r  t o instantiat e th e chose n operator ;  th e goa l  t o 
selec t  fro m th e se t  o f  pendin g goal s an d subgoals ;  appl y 
an applicabl e operato r  o r  continu e snbgoaling ;  suspen d 
th e searc h pat h bein g explored ;  upo n failure ,  th e pas t 
choic e poin t  t o backtrac k to ,  o r  th e suspende d pat h t o 
reconside r  fo r  furthe r  search . 

Th e casual-commitmen t  proble m solve r  produce s a 
complet e searc h tree ,  encapsulatin g al l  decision s ex -
plore d righ t  an d wron g one s a s wel l  a s th e fi-
nal  solution .  Th e analogica l  reeisone r  use s thi s in -
formatio n t o automaticall y generat e an d stor e an -
notate d proble m solvin g episode s (cases )  int o a  li -
brar y o f  solve d plan s [Carbonel l  an d Veloso ,  1988 , 
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Velos o amd Carbonell ,  1991b] .  Thi s case-base d ap -
proac h combine d wit h th e nonlinea r  planne r  allow s 
past  experienc e t o guid e th e decisio n point s i n simila r 
new plannin g situation s [Velos o an d Carbonell ,  1990] . 

An Example in a Simple Transportation 

Domai n 

Conside r  a  generi c transportatio n domai n wit h thre e 
simpl e operator s tha t  load ,  unload ,  o r  mov e a 
R O C K ET a s show n i n Figur e 2 .  O f  cours e NoL iM i T 
solve s muc h mor e comple x an d genera l  version s o f  thi s 
domjiin .  Th e presen t  m i n i m d for m suffice s t o illustrat e 
th e casual-commitmen t  strateg y i n nonlinea r  plannin g 
allowin g ful l  interleavin g o f  goal s an d subgoals .  I n 
[Velos o e i  ai ,  1990 ]  w e sho w severa l  example s i n a  com -
ple x logistic s transportatio n domain . 

(LOAD-ROCKET 
(param s 
((ob j  Object ) 
(lo c Location)) ) 

(precond s 
(an d 
(a t  ob j  loc ) 
(a t  Rocke t  loc)) ) 

(effect s 
((ad d 

(UNLOAD-ROCKET (MOVE-ROCKET 
(param s (param s ml ) 
((ob j  Object )  (precond s 
(lo c Location)) )  (a t  Rocke t  locA) ) 

(precond s (effect s 
(an d ((ad d 
(insid e ob j  Rocket )  (a t  Rocke t  locB) ) 
(a t  Rocke t  loc)) )  (de l 

(effect s (a t  Rocke t  lo c A)))) ) 
((ad d 

(insid e ob j  Rocket) )  (a t  ob j  loc) ) 
(de l  (de l 
(a t  ob j  loc)))) )  (insid e ob j  Rocket)))) ) 

FiguTV 2: The ONE-WAY-ROCKET Domain. 

The operator MOVE-ROCKET shows that the 
R O C K ET ca n mov e onl y fro m a  specifi c  locatio n loc A 
t o a  specifi c  locatio n locB .  Thi s transform s thi s cur -
ren t  genera l  domai n int o a  O N E - W A Y - R O C K ET do -
main .  A n objec t  ca n b e loade d int o th e R O C K ET 
at  an y locatio n b y applyin g th e operato r  L O A D -
R O C K E T.  Similarly ,  a n objec t  ca n b e unloade d fro m 
th e R O C K ET a t  an y locatio n b y usin g th e operato r 
UNLOAD-ROCKET. 

Suppos e w e wan t  t o solv e a  simpl e two-objec t  prob -
lem.  I n th e initia l  stat e objl ,  obj2 ,  an d th e R O C K ET 
ar e a t  locatio n lo c A .  T h e proble m consist s i n movin g 
th e tw o object s obj l  an d obj 2 t o th e locatio n locB . 
So th e goa l  statemen t  i s th e conjunctio n (an d (a t  obj l 
locB )  (a t  obj 2 locB)) .  Withou t  an y analogica l  guidanc e 
(o r  othe r  for m o f  contro l  knowledge )  th e proble m solve r 
searche s fo r  th e goa l  orderin g tha t  enable s th e proble m 
t o b e solved .  Accomplishin g eithe r  goa l  individually , 
as a  linea r  planne r  woul d do ,  inhibit s th e accomplish -
ment  o f  th e othe r  goal .  A  preconditio n o f  th e operato r 
L O A D - R O C K ET canno t  b e achieve d whe n pursuin g 
th e secon d goa l  (afte r  completin g th e first  goal) ,  be -
caus e th e R O C K ET canno t  b e move d bac k t o th e sec -
on d object' s initia l  positio n (i.e .  locA) .  S o interleavin g 
of  goal s an d subgoal s a t  differen t  level s o f  th e searc h i s 
neede d t o find  a  solution . 

N o L l M l T solve s thi s problem ,  wher e linea r  planner s 
fai l  (bu t  wher e o f  cours e othe r  least-commitmen t  plan -
ner s als o succeed) ,  becaus e i t  switche s attentio n t o th e 
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^̂ JtctlĴ OCKf T I  [aDOCKETtaj [ 

ROCKeTctjll ^ 

^ E K O C K̂  

3 mRocxer 
HKOCKCTttA 

\  tmxKerio ^ 

Figui- e 3 :  Th e Complet e Conceptua l  Tre e fo r  a  Successfu l 
Solutio n Path .  Th e number s a t  th e node s sho w th e execu -
tio n ortle r  o f  th e pla n steps . 

conjunctiv e goa l  (a t  obj 2 locB )  befor e completin g th e 
first  conjunc t  (a t  obj l  locB) .  Thi s i s show n i n Figur e 3 
by notin g that ,  afte r  th e pla n ste p 1  wher e th e operato r 
( L O A D - R O C K ET obj l  locA )  i s applie d a s relevan t  t o 
a subgoa l  o f  th e top-leve l  goa l  (a t  obj l  locB) ,  NoLlMi T 
suspend s processin g an d change s it s focu s o f  attentio n 
t o th e othe r  top-leve l  goa l  an d applies ,  a t  pla n ste p 2 , 
th e operato r  ( L O A D - R O C K E T obj 2 locA )  whic h i s rel -
evan t  t o a  subgoa l  o f  th e goa l  (a t  obj 2 locB) .  I n fac t 
NoLlMl T explore s th e spac e o f  possibl e attentio n foc i 
and onl y afte r  backtrackin g doe s i t  find  th e correc t 
goal  interleaving .  Th e ide a i s t o lear n nex t  tim e fro m 
it s earlie r  exploratio n an d reduc e searc h dramatically . 

A solutio n t o thi s proble m i s th e pla n show n i n 
Figur e 3 :  ( L O A D - R O C K E T obj l  locA) ,  (LOAD -
R O CK i:Tobj 2 locA )  ( M O V E - R O C K E T ) ,  (UNLOAD -
R O C K ET obj 2 locB) ,  ( U N L O A D - R O C K ET obj l 
locB) .  I n [Velos o e t  ai ,  1990 ]  w e sho w th e algorith m 
tha t  N o Limi t  use s t o furthe r  retur n th e partia l  pla n 

embedded i n thi s encountere d totall y ordere d pla n b y 
simpl y analyzin g th e dependencie s amon g th e pla n 

steps . 

Replay by Derivational Analogy 

Derivationa l  analog y i s a  reconstructiv e metho d b y 
whic h line s o f  reasonin g ar e transferre d an d adapte d 
fro m .simila r  earlie r  problem-solvin g episode s t o th e 
new proble m t o b e solve d [Carbonell ,  1986] .  Th e abil -
it y t o irpla y previou s solution s require s tha t  th e prob -
le m solve r  b e abl e t o introspec t  int o it s  interna l  deci -
sio n cycle ,  recordin g th e justification s fo r  eac h decisio n 
durin g it s  extensiv e searc h process .  Thes e justifica -
tion s a u g m e n t  th e solutio n trac e a n d ar e use d t o guid e 
th e futur e reconstructio n o f  th e solutio n fo r  subsequen t 
p rob le m solvin g situation s w h e r e equivalen t  justifica -
tion ^  hol d true . 

I n a  casua l -commi tmen t  searc h approac h thes e jus -

tification s aris e i n a  natura l  way ,  coverin g th e se t  o f 
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successfu l  decisions ,  an d pointin g ou t  othe r  faile d al -
ternative s als o explore d [Velos o an d Carbonoll ,  IDUO] . 
Decisio n choice s accordin g t o th e algorith m i n Figur e 1 
involv e creatin g goa l  o r  operato r  decisio n nodes .  N o -
LlMI T m a y eithe r  appl y a n operato r  whos e precondi -
tion s ar e satisfie d (i f  any) ,  i.e .  it s  lef t  han d sid e i s  tru e 
i n th e curren t  state ,  o r  continu e subgoalin g i n a n un -
matche d preconditio n o f  a  differen t  chose n operator . 
Figur e 4  show s th e skeleto n o f  th e differen t  decisio n 
nodes .  T h e differen t  justificatio n slot s captur e th e con -
tex t  i n whic h th e decisio n i s take n an d th e reason s tha t 
suppor t  th e choice . 

Goal Node Applied Op Node Chosen Op Node 
:ste p :8te p :ste p 
:sibling-goal 8 :sibling-goal 8 :sibling-relevant-op s 
sibling-applicable-op s :sibling-appUcable-op s :why-thi8-operato r 
:why-8ubgoa l  -why-appl y :relevant-t o 
why-thiB-goa l  -.why-this-operato r 
:precond-o f 

(a )  (b )  (c ) 
Figure 4' Justification Record Structure: (a) At a Goal 

Decisio n Node ;  (b )  A t  a n Applie d Operato r  Decisio n Node ; 
(c )  A t  a  Chose n Operato r  Decisio n Node . 

The step slots show the selection done. The sibling-
slot s enumerat e th e alternative s t o th e choic e m a d e . 
N o L l M i T annotate s th e reaso n w h y thes e alternative s 
wer e no t  pursue d furthe r  accordin g t o it s searc h expe -
rienc e (eithe r  no t  tried ,  o r  abando n du e t o a  describe d 
failur e reason) .  T h e why -  slot s presen t  th e reason s (i f 
any )  th e particula r  decisio n wa s taken .  Thes e reason s 
ca n rang e fro m arbitrar y choice s t o a  specifi c  contro l 
rul e o r  guidin g cas e tha t  dictate d th e selection .  Thes e 
reason s ar e teste d a t  repla y tim e an d ar e interpretabl e 
by NoL lM IT .  Finall y th e subgoalin g structur e i s  cap -
ture d b y th e slot s precond-o f  a t  a  goa l  nod e an d th e 
slo t  relevant-t o a t  a  chose n operato r  node . 

T h e proble m an d th e generate d annotate d solutio n 
become a  cas e i n memory .  T h e cas e correspond s t o 
th e searc h tre e compacte d int o th e successfu l  pat h a s 
a sequenc e o f  annotate d decisio n node s a s presente d i n 
Figur e 4 .  A s w e describ e below ,  a  cas e i s no t  use d a s 
a simpl e "macro-operator "  [Fike s an d Nilsson ,  1971 , 
Minton ,  1985 ]  a s i t  guide s an d doe s no t  dictat e th e 
reconstructio n process .  Intermediat e decision s corre -
spondin g t o step s interna l  t o eac h cas e ca n b e bypasse d 
or  adapted ,  i f  thei r  justification s d o no t  longe r  hold . 

T h e genera l  repla y mechanis m involve s a  complet e 
interpretatio n o f  th e justificatio n structure s i n th e ne w 
context ,  an d developmen t  o f  adequat e action s t o b e 
take n whe n transforme d justification s ar e n o longe r 
valid .  W e follo w a  satisficin g paradig m wher e plannin g 
effor t  i s  minimize d b y recyclin g a s m u c h o f  th e ol d so -
lutio n a s possible .  T h e syntacti c applicabilit y o f  a n 
operato r  i s  alway s checke d b y simpl y testin g whethe r 
it s lef t  han d sid e matche s th e curren t  state .  Seman -
ti c applicabilit y  i s  checke d b y determinin g whethe r  th e 
justification s hol d (i.e .  whethe r  ther e i s stil l  a  reaso n t o 
appl y thi s operator) .  I n cas e th e choic e remain s vali d 

i n th e curren t  proble m state ,  i t  i s  merel y copied ,  an d i n 
cas e i t  i s  no t  vali d th e syste m ha s thre e alternatives : 
1.  Repla n a t  th e particula r  faile d choic e b y estab -

lishin g th e curren t  subgoa l  b y othe r  m e a n s sub -
stitutin g th e n e w choic e fo r  th e ol d on e i n th e 
solutio n sequence . 

2.  Re-establis h th e faile d conditio n b y addin g i t  a s 
a prioritize d goa l  i n th e plannin g and ,  i f  achieved , 
simpl y inser t  th e extr a step s int o th e solutio n se -
quence . 

3.  A t temp t  t o perfor m th e partiall y  unjustifie d ac -
tio n anyway ;  i f  i t  i s  successful ,  th e syste m inter -
act s wit h th e experimentatio n modu l e t o refin e it s 
knowledg e accordin g t o th e experiment . 
T h e repla y mechan is m i n th e contex t  o f  casua l  com -

mi tmen t  a s oppose d t o leas t  c o m m i t m e n t  [ K a m b h a m -
pati ,  1989 ]  allow s naturall y t o combin e guidanc e fro m 
severa l  pas t  proble m solvin g episodes .  Replicate d 
adapte d decision s ca n b e interleave d an d backtracke d 
upo n withi n th e totall y ordere d reasonin g plan .  W e 
n o w provid e example s tha t  illustrat e th e derivationa l 
analog y repla y mechanis m i n term s o f  it s  effec t  i n prob -
le m solvin g searc h reduction . 

Pursuing the One-Way-Rocket Example 

Let  u s retur n t o th e O N E - W A Y - R O C K E T p i o h l e m t o 
illustrat e th e derivationa l  repla y process .  Whil e solv -
in g th e two-objec t  problem ,  NoL lM i T automaticall y 
annotate s th e decision s take n wit h justification s tha t 
reflec t  it s  experienc e whil e searchin g fo r  th e solution . 
As a n example ,  suppos e tha t  th e correc t  decisio n o f 
choosin g t o wor k o n th e goa l  (insid e obj l  R O C K E T) 
was take n afte r  havin g faile d whe n workin g first  o n (a t 
R O C K ET locBj .  Th e decisio n nod e store d fo r  th e goa l 
(insid e obj l  R O C K E T)  i s annotate d wit h siblin g goa l 
failur e a s illustrate d i n Figur e 5 .  (a t  R O C K ET locB ) 
was a  siblin g goa l  tha t  wa s abandone d becaus e N o -
LlMI T encountere d a n unachievabl e predicate ,  i.e .  (a t 
R O C K ET locA) ,  a s ther e i s n o operato r  tha t  move s 
th e R O C K ET bac k t o locA . 

Frame o f  clas s goal-decision-nod e 
:ste p (insid e obj l  ROCKET) 
:sibling-goal s 
(((insid e obj 2 ROCKET)  not-tried ) 
((a t  R O C K ET locB )  (:no-relevant-op s (a t  R O C K ET locA))) ) 

rsibling-applicable-op s NI L 
:why-8ubgoa l  NI L 
;why-this-goa l  NI L 
:precond-o f  (UNLOAD-ROCKET obj l  locB ) 
Ete p o f  next-decision-nod e (LOAD-ROCKET obj l  locA ) 

Figure 5: Saving a Goal Decision Node with its Justifica-
tions . 

Let  N o L l M i T us e th e two-objec t  proble m t o guid e 
simila r  problems ,  namel y movin g thre e an d fou r  ob -
jects .  W e sho w th e empirica l  result s i n Tabl e 1 .  T h e 
solutio n i s  replaye d wheneve r  th e sam e ste p i s a  pos -
sibl e ste p an d th e justification s hold .  Fo r  example ,  i n 
usin g th e two-objec t  cas e a s guidanc e t o th e three -  (o r 
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four- )  objec t  problem ,  th e failur e justificatio n fo r  mov -
in g th e rocke t  -  "no-relevant-op s (a t  R O C K ET locA) " 
i s  teste d an d thi s ste p i s no t  replaye d unti l  al l  th e ob -
ject s ar e loade d int o th e rocket . 

New 
Pro b 
2obj s 
3obj s 
4obj s 

Base 
Searc h 

4.5 s 
14.75 s 
117.5 s 

Replaye d case s | 
Case 
2obj s 

2s 
4.75 s 
7.75 s 

Case 
3obj s 

2s 
3.25 s 
7.75 s 

Case 
4obj s 

2s 
3.25 s 
5.75 s 

Tabl e 1 :  Replayin g a  Justifie d Pas t  Solution . 

The improvements obtained are high as the new 
case s ar e extension s o f  th e previou s case s use d fo r  guid -
ance .  MaLxima d improvemen t  i s achieve d whe n th e cas e 
and th e ne w proble m diffe r  substantiall y  (two-object s 
and four-object s respectively) .  W e furthe r  sho w exper -
iment s fro m othe r  tw o substantiall y  mor e complicate d 
domains . 

Process-Job Planning and 

E x t e n d e d - S T R I P S E x a m p l e s 

We ra n N o Limi t  withou t  analog y ove r  a  se t  o f  prob -
lem s i n th e process-jo b plannin g an d i n th e extended -
STRIPS domain s  ̂ .  W e accumulate d a  librar y o f  cases , 
i.e .  annotate d derivationa l  solutio n traces .  W e the n 
ra n agai n a  ne w se t  o f  problem s usin g th e cas e librar y 
organize d a s a  linea r  sequenc e o f  pas t  p r o b l e m solv -
in g episodes .  W e use d a  direc t  rud imentar y similar -
it y metri c [Velos o a n d Carbonel l ,  1991a ]  tha t  m a t c h e d 
th e goa l  predicates ,  allowe d substitution s fo r  element s 
o f  th e s a m e type ,  a n d di d no t  conside r  an y relevan t 
correlations .  Figure s 6(a )  a n d (b )  s h o w th e result s fo r 
thes e t w o d o m a i n s .  W e plotte d th e averag e cumulat iv e 
n u m b e r  o f  node s searched . 

We not e f r o m th e result s tha t  analog y s h o w e d a n im -
p r o v e m e n t  ove r  basi c searc h bo t h fo r  th e process-jo b 
p lannin g a n d schedulin g d o m a i n ,  a n d fo r  th e extended -
STRIP S d o m a i n .  T h e tes t  p rob lem s i n thes e d o m a i n s 
ar e considerabl y m o r e c o m p l e x tha n i n th e simpl e 
transportatio n p r o b l e m s s h o w n above .  H o w e v e r  eve n 
th e s impl e similarit y metri c use d ca n lea d t o searc h im -
p rovemen t s i n th e p r o b l e m solver .  I n [Velos o a n d Car -
bonell ,  1991a ]  w e s h o w result s o f  furthe r  searc h reduc -
tio n u p o n usin g a  m o r e sophisticate d similarit y metric . 
T h e s e result s illustrat e th e poin t  tha t  learnin g f r o m an -
alyzin g successfu l  a n d faile d choic e point s reduce s th e 
searc h effor t  o f  th e casua l - commi tmen t  p rob le m solver . 

Conclusions and Future Work 

I n thi s pape r  w e reporte d o n N o Limi t  a s a  completel y 
implemente d nonlinea r  proble m solve r  tha t  use s a n in -
forme d casual-commitmen t  strateg y t o guid e it s searc h 
process .  NoL lM i T ha s th e abilit y t o cal l  user-give n 

7600 ^ 

I -  * -
•a NoLimi t  / 

- *  NoLimi t  +  Analogy ' 

I 

C/) 

I 

10 1 5 2 0 2 5 3 0 3 5 4 0 

N u m b er  o f  Problem s 

(a )  Process-Jo b Plannin g D o m a i n 
250 0 

B - B NoLimi t  / 
-  ^  Hi t  NoLimi t  +  Analog y / 

'Thi s se t  i s a  sample d subse t  o f  th e origina l  se t  use d b y 
[Minton ,  1988] . 

5 1 0 1 5 2 0 2 5 3 0 3 5 4 0 4 5 

N u m b er  o f  Problem s 

(b )  Extended-STRIP S Domai n 

Figur e 6 :  Result s i n th e Process-Jo b Plannin g an d 
Extended-STRIP S Doma ins . 

or  automaticall y learne d contro l  knowledg e i n al l  it s 
choic e points .  NoL lMI T efficientl y solve s problem s 
i n severa l  othe r  differen t  domains ,  e.g .  multi-agen t 
stripsworld ,  blocksworld ,  matrix-algebra ,  transporta -
tion ,  an d process-jo b plannin g worlds .  Th e syste m ha s 
additiona l  feature s no t  reporte d here ,  suc h a s a  so -
phisticate d T M S tha t  enable s deductio n an d contro l 
of  beliefs ,  an d a  typ e hierarch y t o organiz e th e object s 
of  th e world . 

We showe d ho w th e casual-commitmen t  planne r  be -
comes mor e efficien t  b y learnin g b y derivationa l  anal -
ogy .  W e onl y covere d i n thi s pape r  ver y briefl y th e 
derivationa l  analog y ful l  mechanism .  W e focuse d o n 
showin g th e result s obtaine d i n term s o f  searc h reduc -
tion .  Ou r  curren t  wor k i n analogica l  proble m solvin g 
has ne w contribution s beyon d th e origina l  derivationa l 
analog y framewor k a s presente d i n [Carbonell ,  1986] . 
Beside s th e m e m o r y mode l  unde r  developmen t  [Velos o 
and Carbonell,  1991a ]  w e refine d th e initia l  framewor k 
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i n th e contex t  o f  a  nonlinea r  planner .  W e dea l  there -
for e wit h a  considerabl y large r  spac e o f  decision s an d 
wit h mor e comple x plannin g problems . 

Previou s wor k i n th e linea r  planne r  o f  prod ig y use d 
explanation-base d learnin g ( E B L )  technique s [Minton , 
1988 ]  t o extrac t  fro m a  proble m solvin g trac e th e ex -
planatio n chai n responsibl e fo r  a  succes s o r  failur e an d 
compil e searc h contro l  rule s therefrom .  T h e axioma -
tize d domai n knowledg e wa s als o use d t o lear n abstrac -
tio n layer s [Knoblock ,  1991] ,  an d staticall y generat e 
contro l  rule s [Etzioni ,  1990] .  W e ar e i n th e proces s o f 
extendin g th e nonlinea r  planne r  int o a  hierarchica l  on e 
by usin g Knoblock' s abstractio n hierarchies .  W e ar e 
als o analyzin g th e extensio n o f  th e E B L an d S T A T I C 
module s t o th e nonlinea r  framework .  T h e us e o f  ca -
sua l  commitmen t  a s i n th e linea r  planne r  make s th e 
extensio n loo k promisingl y successful . 
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