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A B S T R A CT 

Artificial intelligence has progressed to the point where multiple cognitive capabilities are be-

in g integrate d int o computationa l  architectures ,  suc h a s SOAR,  PRODIGY,  THEO,  an d ICARUS . 

Thi s pape r  report s o n th e PRODIGY architecture ,  describin g it s plannin g an d proble m solvin g 

capabilitie s an d touchin g upo n it s multipl e learnin g methods .  Learnin g i n PRODIGY occur s 

at  al l  decisio n point s an d integratio n i n PRODIGY i s a t  th e knowledg e level ;  th e learnin g 

and reasonin g module s produc e mutuall y interpretabl e knowledg e structures .  Issue s i n ar -

chitectura l  desig n ar e discussed ,  providin g a  contex t  t o examin e th e underlyin g tenet s o f  th e 

PRODIGY architecture . 

1 Introduction 

A common dream for many AI researches, present authors included, is the construction of 

a genera l  purpos e learnin g an d reasonin g syste m tha t  give n basi c axiomati c knowledg e o f  a 

domai n i s capabl e o f  becomin g a n exper t  proble m solver . 

Our  machin e learnin g approach ,  implemente d i n PRODIGY [Carbonel l  e t  a/. ,  1990] ,  start s 

wit h a  genera l  problem-solvin g engin e base d o n a  possibl y incomplet e domai n theory .  Th e 

proble m solve r  improve s it s performanc e throug h experienc e b y refinin g th e initia l  domai n 

knowledg e an d learnin g knowledg e t o contro l  th e searc h process .  Th e pape r  i s divide d int o 

tw o parts .  Th e first  par t  describe s th e basi c architecture ,  includin g th e proble m solve r  an d 

th e variou s learnin g modules .  Th e secon d par t  discusse s th e desig n issue s i n buildin g a n 

integrate d architecture . 
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2 T h e P R O D I G Y A r c h i t e c t u r e 

2.1 The Problem Solver 

prodigy's basic reasoning engine is a general-purpose problem solver and planner [Veloso, 

1989 ,  Minto n e t  ai ,  1989 ]  tha t  searche s fo r  sequence s o f  operator s (i.e. ,  plans )  t o accomplis h a 

set  o f  goaJ s fro m a  specifie d initia l  stat e description .  Searc h i n PRODIGY i s guide d b y a  se t  o f 

contro l  rule s tha t  appl y a t  eac h decisio n point .  Searc h contro l  rule s ma y b e genera l  o r  domai n 

specific ,  hand-code d o r  automaticall y acquired ,  an d ma y consis t  o f  heuristi c preference s o r 

definitiv e selections .  I n th e absenc e o f  an y searc h control ,  PRODIGY default s t o depth-firs t 

means-end s analysis .  But ,  wit h appropriat e searc h contro l  rule s i t  ca n emulat e othe r  searc h 

disciplines ,  includin g breath-firs t  search ,  depth-firs t  iterative-deepening ,  best-firs t  search , 

and knowledge-base d pla n instantiation . 

2.1.1 Domains of application 

PRODIGY has been applied to many different domains: robotic path planning, the blocks-

world ,  a n augmente d versio n o f  th e STRIP S domain ,  matri x algebr a manipulation ,  discret e 

machine-sho p plannin g an d scheduling ,  compute r  configuration ,  logistic s planning ,  an d sev -

era l  others .  I n orde r  t o solv e problem s i n a  particula r  domain ,  PRODIGY mus t  first  b e give n 

a specificatio n o f  tha t  domain ,  consistin g o f  a  se t  o f  operator s an d inference s rules . 

2.1.2 Knowledge representation 

Each operator has a precondition expression that must be satisfied before the operator can 

be applied ,  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 P D L ,  a  for m o f  predicat e 

logi c encompassin g negation ,  conjunction ,  disjunction ,  an d existentia l  an d universa l  quan -

tification .  Th e effect s ar e atomi c formula s tha t  describ e th e condition 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 .  Operator s ma y als o contai n 

conditiona l  effects ,  whic h 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 applied . 

2.2 Problem definition 

A problem consists of an initial state and a goal expression. To solve a problem, PRODIGY 

must  find a  sequenc e o f  operator s that ,  i f  applie d t o th e initia l  state ,  produce s a  final  stat e 

satisfyin g th e goa l  expression .  Th e searc h tre e initiall y  start s ou t  a s a  singl e nod e containin g 

th e initia l  stat e an d goa l  expression .  Th e tre e i s expande d b y repeatin g th e followin g tw o 

steps : 

1. Decision phase: There are four types of decisions that PRODIGY makes during prob-

le m solving .  First ,  i t  mus t  decid e wha t  nod e i n th e searc h tre e t o expan d next ,  de -

faultin g t o a  depth-firs t  expansion .  Eac h nod e consist s o f  a  se t  o f  goal s an d a  stat e 

describin g th e world .  Afte r  a  nod e ha s bee n selected ,  on e o f  th e node' s goal s mus t  b e 
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selected ,  an d the n a n operato r  relevan t  t o thi s goa l  mus t  b e chosen .  Finally ,  a  se t  o f 

binding s fo r  th e parameter s o f  tha t  operato r  mus t  b e decide d upon . 

2.  Expansio n phase :  I f  th e instantiate d operator' s precondition s ar e satisfied ,  th e op -

erato r  i s applied .  Otherwise ,  PRODIGY subgoal s o n th e unmatche d preconditions .  I n 

eithe r  case ,  a  ne w nod e i s create d wit h update d informatio n abou t  th e stat e o r  th e 

subgoals . 

The search terminates after creating a node whose state satisfies the top-level goal expression. 

2.3 Control Rules 

As PRODIGY attempts to solve a problem, it must make decisions about which node to 

expand ,  whic h goa l  t o wor k on ,  whic h operato r  t o apply ,  an d whic h object s t o use .  Thes e 

decision s ca n b e influence d b y contro l  rule s fo r  th e followin g purposes : 

1. To increase the efficiency of the problem solver's search. Control rules guide 

th e proble m solve r  dow n th e correc t  pat h s o tha t  solution s ar e foun d faster . 

2.  T o improv e th e qualit y o f  th e solution s tha t  ar e found .  Ther e i s usuall y mor e 

tha n on e solutio n t o a  problem ,  bu t  onl y th e first  on e tha t  i s foun d wil l  b e returned . 

By directin g th e proble m solver' s attentio n alon g a  particula r  path ,  contro l  rule s ca n 

expres s preference s fo r  solution s tha t  ar e qualitativel y bette r  (e.g. ,  mor e reliable ,  les s 

costl y t o execute ,  etc.) . 

3.  T o direc t  th e proble m solve r  alon g path s tha t  i t  woul d no t  explor e other -

wise .  A s wit h mos t  planners ,  fo r  efficienc y PRODIGY normall y explore s onl y a  smal l 

portio n o f  th e complet e searc h space .  However ,  contro l  rule s ca n b e use d t o forc e 

PRODIGY t o explor e a  pat h tha t  woul d no t  b e expande d b y th e defaul t  search . 

prodigy's reliance on explicit control rules, which can be learned for specific domains, 

distinguishe s i t  fro m mos t  domai n independen t  proble m solvers .  Instea d o f  usin g a  least -

commitmen t  searc h strategy ,  fo r  example ,  PRODIGY expect s tha t  an y importan t  decision s wil l 

be guide d b y th e presenc e o f  appropriat e contro l  knowledge .  I f  n o contro l  rule s ar e relevan t 

t o a  decision ,  the n PRODIGY make s a  quick ,  arbitrar y choice .  I f  i n fac t  th e wron g choic e i s 

made,  an d costl y backtrackin g prove s necessary ,  a n attemp t  wil l  b e mad e t o lear n th e contro l 

knowledg e tha t  mus t  b e missing .  Th e rational e fo r  PRODIGY' s casua l  commitmen t  strateg y 

i s tha t  fo r  an y decisio n wit h significan t  ramifications ,  contro l  rule s shoul d b e present ;  i f  the y 

ar e not ,  th e proble m solve r  shoul d no t  attemp t  t o b e cleve r  withou t  knowledge ,  rather ,  th e 

clevernes s shoul d com e abou t  a s a  resul t  o f  learning .  Thus ,  ou r  emphasi s i s o n a n elegan t  an d 

simpl e proble m solvin g architectur e whic h ca n produc e sophisticate d behavio r  b y learnin g 

th e appropriate ,  domain-specifi c  contro l  knowledge . 

Contro l  rule s ca n b e employe d t o guid e th e fou r  decision s describe d i n Sectio n 2.2 .  Eac h 

contro l  rul e ha s a  left-han d sid e conditio n testin g applicabilit y  an d a  right-han d sid e indicat -

in g whethe r  t o S E L E C T ,  R E J E C T ,  o r  P R E F E R a  particula r  candidate .  T o mak e a  contro l 

decision ,  give n a  defaul t  se t  o f  candidate s (nodes ,  goals ,  operators ,  o r  bindings ,  dependin g 

on th e decision) ,  PRODIGY first  applie s th e apphcabl e selectio n rule s t o selec t  a  subse t  o f  th e 
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Figur e 1 :  Th e PRODIGY Architectur e 

candidates. (If no selection rules are applicable, all the candidates are included.) Next re-

jectio n rule s furthe r  filter  thi s se t  b y explici t  eliminatio n o f  particula r  remainin g candidates , 

and finally  preferenc e rule s ar e use d t o find  th e mos t  preferre d alternative .  I f  backtrackin g i s 

necessary ,  th e nex t  mos t  preferre d candidat e i s attempted ,  an d s o on ,  unti l  a  globa l  solutio n 

i s found ,  o r  unti l  al l  selecte d an d non-rejecte d candidate s ar e exhausted . 

2. 4 T h e L e a r n i n g M o d u l e s 

prodigy's general problem solver is combined with several learning modules. The PRODIGY 

architectur e wa s designe d bot h a s a  unifie d testbe d fo r  differen t  learnin g method s an d a s 

a genera l  architectur e t o solv e interestin g problem s i n comple x tas k domains .  Le t  u s no w 

focu s o n th e architectur e itself ,  a s diagramme d i n Figur e 1 . 

The proble m solve r  produce s a  complet e searc h tree ,  encapsulatin g al l  decision s -  righ t 

ones an d wron g one s -  a s wel l  a s th e final  solution .  Thi s informatio n i s use d b y eac h learnin g 

componen t  i n differen t  ways .  I n additio n t o th e centra l  proble m solver ,  PRODIGY ha s th e 

followin g learnin g components : 

APPRENTICE: A user interface that can participate in an apprentice-like dialogue 

Joseph ,  1989] ,  enablin g th e use r  t o evaluat e an d guid e th e system' s proble m solvin g 

and learning .  Th e interfac e i s graphic-base d an d tie d directl y t o th e proble m solver ,  s o 
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tha t  i t  ca n bot h acquir e domai n knowledg e o r  accep t  advic e a s i t  i s solvin g a  problem . 

E B L:  A n explanation-base d learnin g facilit y  [Minton ,  1988 ]  fo r  acquirin g contro l  rule s fro m 

a problem-solvin g trace .  Explanation s ar e constructe d fro m a n axiomatize d theor y 

describin g bot h th e domai n an d relevan t  aspect s o f  th e proble m solver' s architecture . 

The n th e resultin g description s ar e expresse d i n contro l  rul e form ,  an d contro l  rule s 

whose utilit y  i n searc h reductio n outweigh s thei r  applicatio n overhea d ar e retained . 

S T A T I C :  A  metho d fo r  learnin g contro l  rule s b y analyzin g PRODIGY' s domai n description s 

prio r  t o proble m solving .  Th e STATI C progra m [Etzioni ,  1990 ]  produce s contro l  rule s 

withou t  utilizin g an y trainin g examples .  STATI C matche s EBL' s performanc e o n som e 

domain s an d exhibit s on e t o tw o order s o f  magnitud e faste r  learnin g rate .  However , 

not  al l  proble m space s permi t  purel y stati c learning ,  requirin g E B L t o lear n contro l 

rule s dynamically . 

A N A L O G Y:  A  derivationa l  analog y engin e [Carbonel l  an d Veloso ,  1988 ,  Velos o an d Car -

bonell ,  1989 ]  tha t  use s simila r  previousl y solve d problem s t o solv e ne w problems .  Th e 

proble m solve r  record s th e justification s fo r  eac h decisio n durin g it s searc h process . 

Thes e justification s ar e the n use d t o guid e th e reconstructio n o f  th e solutio n fo r  subse -

quen t  proble m solvin g situation s wher e equivalen t  justification s hol d true .  Bot h anal -

ogy an d E B L ar e independen t  mechanism s t o acquir e domain-specifi c  contro l  knowl -

edge . 

A L P I N E :  A n abstractio n learnin g an d plannin g modul e [Knoblock ,  1990] .  Th e axioma -

tize d domai n knowledg e i s divide d int o multipl e abstractio n level s base d o n a n analysi s 

of  th e domain .  Then ,  durin g proble m solving ,  PRODIGY first finds  a  solutio n i n a n ab -

strac t  spac e an d the n use s th e abstrac t  solutio n t o guid e th e searc h fo r  solution s i n 

more detaile d proble m spaces .  Thi s metho d i s orthogona l  t o analog y an d E B L ,  i n tha t 

bot h ca n appl y a t  eac h leve l  o f  abstraction . 

E X P E R I M E N T:  A  learning-by-experimentatio n modul e fo r  refinin g domai n knowledg e 

tha t  i s incompletel y o r  incorrectl y specified .  Experimentatio n i s triggere d whe n pla n 

executio n monitorin g detect s a  divergenc e betwee n interna l  expectation s an d exter -

nal  observations .  Th e mai n focu s o f  experimentatio n i s t o refin e th e factua l  domai n 

knowledge ,  rathe r  tha n th e contro l  knowledge . 

3 Issues 

Many controversial issues arise in the design and construction of an integrated architecture. 

Thes e issue s ar e resolve d differentl y i n PRODIGY,  SOAR [Rosenbloo m e t  ai ,  1990] ,  THE O 

Mitchel l  e t  ai ,  1990] ,  ICARU S [Langle y e t  a/. ,  1989] ,  an d othe r  attempt s a t  integratin g mul -

tipl e aspect s o f  cognitio n an d perception .  PRODIGY take s specifi c  position s i n thes e desig n 

dimension s an d derivativ e architectura l  attributes ,  whic h w e elucidat e belo w t o promot e 

discussion . 
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3. 1 T y p e s o f  R e a s o n i n g 

Cognitive behaviors range from the emotive and intuitional to the rational and delibera-

tive .  Withi n th e latte r  category ,  on e ca n distinguis h real-tim e decisio n makin g an d long -

ter m planning .  PRODIGY model s onl y deliberativ e plannin g an d problem-solving ,  albei t  i n 

resource-limite d domains . 

Withi n plannin g an d problem-solvin g tas k domains ,  severa l  reasonin g paradigm s hav e 

bee n proposed ,  includin g least-commitmen t  planning ,  "reactiv e planning" ,  an d casua l  com -

mitmen t  planning .  PRODIGY subscribe s t o th e latter ,  a s explaine d i n Sectio n 2.3 ,  learn -

in g ne w contro l  knowledg e fro m correc t  an d incorrec t  pas t  commitments .  "Reactiv e plan -

ning" ,  a n archetypica l  oxymoron ,  refer s t o conditioned-refle x an d th e tota l  absenc e o f  an y 

higher-leve l  deliberatio n o r  knowledg e representation .  W e believ e tha t  wherea s ther e i s 

a rol e fo r  suc h behavior ,  i t  i s  patentl y absur d t o negat e th e nee d fo r  highe r  leve l  cog -

nitio n a s sometime s advocate d b y th e proponent s o f  "reactiv e planning "  [Brooks ,  1986 , 

Agr e an d Chapman ,  198 7 . 

3.2 Modular vs. Monolithic Architecture 

We do not know whether the human mind compartmentalizes distinct cognitive abilities, or 

distinc t  method s o f  achievin g simila r  end s (suc h a s ou r  multipl e learnin g methods) .  However , 

modularizatio n a t  thi s leve l  i s  a  soun d engineerin g principle ,  an d therefor e w e hav e adhere d 

t o it .  Integratio n i s brough t  abou t  b y sharin g bot h a  unifor m knowledg e representation ,  an d 

a c o m m o n problem-solvin g an d plannin g engine .  Othe r  systems ,  suc h a s SOAR,  tak e o n a 

monolithi c structure .  Ther e i s onl y on e learnin g mechanism ,  chunking ,  whic h ca n neve r  b e 

turne d of f  o r  eve n modulated .  Whic h i s better ? Clearly ,  w e believ e th e forme r  t o b e superio r 

-  bu t  onl y fro m engineerin g principle s rathe r  tha n psychologica l  ones . 

3.3 Scaling Up 

Any integrated architecture must address increasingly large tasks, whether its objective is to 

model  huma n cognitio n o r  t o buil d usefu l  knowledge-base d system s fo r  comple x tasks .  Scal -

abilit y  ca n b e calibrate d i n multipl e ways ,  bu t  al l  relat e t o efficien t  behavio r  wit h increasin g 

complexity ,  a s measure d by : 

• Size of the domain: total number of objects, attributes, relations, operators, inference 

rules ,  etc . 

•  Siz e o f  th e problem :  numbe r  o f  step s i n th e solutio n plan ,  numbe r  o f  conjunct s i n th e 

goal  expression ,  siz e o f  th e visite d searc h space ,  etc . 

•  Variety :  numbe r  o f  qualitativel y differen t  action s an d objec t  type s i n th e domain . 

•  Perplexity :  averag e fan-ou t  a t  ever y decisio n poin t  i n th e searc h spac e (wit h an d 

withou t  learne d contro l  knowledge) . 

In PRODIGY we seek to achieve a reasonable measure of scalability in all these dimensions. 

The learnin g technique s striv e t o reduc e th e visite d searc h spac e i n futur e problem s wit h 

respec t  t o th e virtua l  (complete )  searc h space . 
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3. 4 P s y c h o l o g i c a l  Val id i t y v s C o g n i t i v e E n g i n e e r i n g 

As mentioned earlier, the PRODIGY project strives to produce a useful, scalable, and main-

tainabl e reasonin g an d learnin g architecture .  Wher e thi s matche s huma n cognition ,  i t  i s  s o 

by accident ,  b y th e limite d imaginatio n o f  th e PRODIGY designers ,  o r  perhap s becaus e th e 

human min d ha s indee d optimize d suc h aspect s o f  cognition .  I n al l  othe r  aspects ,  th e goa l 

i s  a t  reengineerin g cognitio n th e wa y i t  ough t  t o be ,  i n orde r  t o b e mos t  usefu l  i n proble m 

solving ,  planning ,  an d learning .  Her e w e enumerat e a  fe w additiona l  way s i n whic h PRODIGY 

differ s fro m huma n though t  an d fro m othe r  cognitiv e architectures : 

• PRODIGY forgets when it chooses to do so. For instance, a control rule whose testing 

and applicatio n overhea d i s greate r  tha n th e searc h reductio n benefit s accrue d ove r  tim e 

may b e discarded .  Al l  othe r  system s retai n al l  acquire d knowledge .  Minto n [Minton , 

1988]  demonstrate d tha t  th e effectivenes s o f  explanation-base d learnin g i s improve d 

by measurin g th e utilit y  o f  acquire d knowledg e an d retainin g onl y thos e rule s wit h 

positiv e utility . 

•  PRODIGY deliberate s o n an y an d al l  decisions :  whic h goa l  t o wor k o n next ,  whic h 

operato r  t o apply ,  wha t  object s t o appl y th e operato r  to ,  wher e t o backtrac k give n 

loca l  failure ,  whethe r  t o remembe r  newl y acquire d knowledge ,  whethe r  t o refin e a n 

operato r  tha t  make s inaccurat e predictions ,  an d s o on .  I t  ca n introspec t  full y  int o it s 

decisio n cycl e an d thu s modif y i t  a t  will .  Thi s i s no t  consisten t  wit h th e huma n mind , 

yet  i t  i s  a n extremel y usefu l  facult y fo r  rapi d learning . 

•  prodigy' s knowledg e acquire d i n on e modul e i s ope n t o inspectio n an d interpreta -

tio n b y othe r  modules .  Abstracte d operator s ca n b e use d t o plan ,  t o driv e E B L ,  t o 

analogiz e wit h pas t  memory ,  an d s o forth .  Th e compartmentalizatio n i s a t  th e leve l  o f 

learnin g methods ,  an d th e sharin g i s a t  th e leve l  o f  al l  knowledg e acquired .  Thi s i s a n 

architectura l  propert y differen t  fro m thos e o f  othe r  integrate d architectures . 
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