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Abstrac t 

M a ny problem s requir e multi-ste p solutions .  Thi s i s  tru e o f  bot h plannin g an d diagnosis .  H o w 
ca n a  proble m solve r  bes t  generat e a n ordere d sequenc e o f  action s t o resolv e a  problem ? I n man y 
domains ,  complet e pre-plannin g i s no t  a n optio n becaus e th e result s o f  step s ca n vary ,  thu s a  larg e 
tre e o f  possibl e sequence s woul d hav e t o b e generated .  W e propos e a  metho d tha t  integrate s th e us e o f 
previou s plan s o r  case s wit h us e o f  knowledg e o f  relationship s betwee n goals ,  an d th e us e o f  reasonin g usin g 
domai n knowledg e t o incrementall y sugges t  th e action s t o take .  Th e suggestio n proces s i s constraine d 
by heuristic s tha t  specif y th e circumstance s unde r  whic h a n instanc e o f  a  particula r  reasonin g goa l  ca n 
follo w fro m a n instanc e o f  othe r  reasonin g goals .  W e discus s th e genera l  approach ,  the n presen t  th e 
suggestio n method s an d th e constraints . 

1 Introduction 

Ther e ar e m a n y problem s fo r  whic h a  multi-ste p solutio n mus t  b e generated .  Suc h problem s occu r  bot h 

i n plannin g an d i n diagnosis .  Fo r  instance ,  i n automobil e troubleshooting ,  a  possibl e sequenc e o f  action s 

include s clarifyin g th e complaint ,  verifyin g th e complaint ,  generatin g hypothese s i n som e order ,  testin g 

hypotheses ,  interpretin g th e tes t  results ,  carryin g ou t  repairs ,  an d testin g th e repairs .  Complet e pre-plannin g 

of  troubleshootin g step s m a y b e inefficient .  T h e numbe r  o f  possibl e choice s an d th e variet y o f  possibl e result s 

of  th e action s ca n lea d t o a  large ,  ver y bush y tre e o f  possibl e paths .  Generatio n o f  th e complet e trouble-tre e 

fo r  th e give n ca r  an d proble m woul d b e a n expensiv e tas k t o do ,  an d migh t  no t  eve n b e possible .  I n addition , 

on e actio n m a y no t  directl y follo w fro m th e previou s action .  T h e questio n raise d i s ho w t o bes t  generat e a n 

ordere d sequenc e o f  action s t o resolv e a  problem . 

For  example ,  fo r  a  stallin g car ,  a  possibl e sequenc e o f  action s i s show n i n Figur e 1 .  Th e proble m solve r 

firs t  hypothesize s a  loos e spar k plu g an d a  tes t  o f  th e hypothesi s finds  i t  no t  t o b e true .  T h e proble m solve r 

hypothesize s tha t  th e carbureto r  i s malfunctioning ,  the n refine s tha t  gues s t o th e mor e specifi c  hypothesi s o f 

th e idl e mixtur e bein g lean .  Thi s i s teste d an d th e resul t  suggest s tha t  th e idl e mixtur e i s probabl y no t  th e 

problem .  Next ,  th e proble m solve r  generate s a  hypothesi s tha t  th e carbureto r  i s flooding ,  refine s tha t  t o a 

hypothesi s tha t  th e float  leve l  ha s becom e se t  to o high ,  an d test s fo r  that .  However ,  th e tes t  resul t  indicate s 

tha t  tha t  i s no t  th e problem .  T h e proble m solve r  generate s anothe r  refinement ,  tha t  th e carbureto r  needl e 

valv e i s leaking ,  allowin g fue l  i n whe n i t  shoul d not .  Thi s i s tested ,  an d i s foun d t o b e true .  A  repai r  i s  done , 

an d i s tested ,  an d result s i n th e eliminatio n o f  th e problem . 

Thes e action s ar e no t  independent .  Result s o f  earl y action s influenc e futur e actions ,  an d result s canno t  b e 

predicte d wit h certainty .  I f  th e spar k plug s turne d ou t  t o b e loose ,  a  repai r  woul d b e don e a t  tha t  poin t  an d 

th e proble m solvin g woul d b e complet e i f  tha t  i s  th e onl y problem .  I f  th e needl e valv e i s no t  leaking ,  furthe r 

step s woul d b e necessar y beyon d thos e i n Figur e 1 .  If ,  a s a  by-produc t  o f  th e tes t  o f  th e float  leve l  bein g 

high ,  i t  wa s determine d tha t  th e fue l  leve l  i n th e carbureto r  wa s no t  to o high ,  a  difl"eren t  hypothesi s woul d 

hav e bee n pursue d opportunistically ,  instea d o f  continuin g t o pursu e th e carbureto r  flooding  hypothesis . 

Thi s exampl e illustrate s severa l  points .  First ,  i t  show s a  situatio n wher e complet e pre-plannin g woul d 

be inefficient .  No t  onl y ca n th e numbe r  o f  possibl e choice s an d th e variet y o f  possibl e result s o f  th e action s 

lea d t o a  large ,  ver y bush y tre e o f  possibl e paths ,  bu t  i n m a n y problem s m u c h o f  th e tre e woul d no t  b e used . 

Second ,  i t  iflustrate s tha t  whe n choosin g th e nex t  actio n t o take ,  th e nex t  actio n m a y no t  follo w fro m th e 

'  Thi s researc h ĥl s  bee n supporte d b y th e Arm y Researc h Institut e fo r  th e Behaviora l  an d Socia l  Science s unde r  Contrac t 
No.  MDA-903-86-C-173 ,  an d b y D A R PA contrac t  F49620-88-C-005 8 monitore d b y AFOSR.  Th e autho r  wishe s t o llian k Jane t 
Kolodne r  fo r  he r  advic e an d guidance ,  an d To m Hinrichs ,  Stev e Robinson ,  an d Joe l  Marti n fo r  helpfu l  comment s o n earlie r 
version s o f  th e paper . 
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most  recen t  action .  Fo r  example ,  ste p 7  follow s fro m ste p 3 .  I n addition ,  followin g a  trouble-tre e woul d no t 
sugges t  takin g advantag e o f  unexpecte d opportunities ,  suc h a s followin g u p o f  th e by-produc t  o f  a  test ,  a s 
seen above . 

Case Heade r  -  Ca r  Stall s 

— V 
1 Hyp- Loos e Connecte d Spar k Plu g 

^ 
2 Test •  Loos e Connecte d Spar k Plu g 

4.  Hy p -  Lea n Idl e Mixtur e 

3.  Hy p -  Malfunctio n Carbureto r 

\ 
7.  Hy p -  Carbureto r  Floodin g 

f  I E 

5.  Tes t  -  Temperatur e o f  Engin e When Stal l 

8.  Hy p -  Hig h Floa t  Leve l 

f  : 

6 Interpre t  -  Rul e Ou t  Lea n Idl e Mi x 

9.  Tes t  -  Hig h Floa t  Leve l 

f I 

11.  Hy p -  Carbureto r  Needl e Valv e Leak s 

f 

10.  Interpre t  -  Rul e Ou t  Hig h Floa t 

12.  Tes t  -  Carbureto r  Needl e Valv e Leak s 

13.  Interpre t  -  Rul e I n Needl e Valv e Leak s 

14.  Repai r  -  Replac e Carbureto r  Needl e Valv e 

The node s represen t  th e differen t  goa l  instance s tha t  hav e bee n pursued .  The y ar e numbere d i n th e tempora l  orde r  i n 
whic h the y occurred .  Th e link s represen t  th e relationship s o f  whic h goa l  instanc e followe d fro m whic h goa l  instance . 

Figure 1: A Mxxlti-step Solution in Automobile Troubleshooting. 

The problem to be addressed in this paper is three-fold: 

1. How can a problem solver efficiently generate successive goals and actions in a multi-step solution? 
2.  W h a t  knowledg e i s neede d t o generat e th e succeedin g goal s an d actions ? 
3.  H o w shoul d th e generatio n proces s b e controlle d an d suggestion s selected ? 

We address this problem in the task domain of automobile troubleshooting. Our program, CELIA 
(Case s an d Explanation s i n Learning ;  a n Integrate d Approach) ,  solve s problem s b y generatin g an d achievin g 
reasonin g goals .  A s i n th e exampl e above ,  ofte n late r  goal s canno t  b e generate d unti l  earlie r  one s hav e bee n 
achieved .  I n addition ,  th e progra m learn s b y understandin g an d explainin g th e statement s an d action s o f 
a teacher. ^  T h e sam e proces s tha t  generate s goal s durin g proble m solvin g generate s the m durin g learning , 
wher e the y ac t  a s expectation s o f  wha t  th e teache r  wil l  d o o r  sa y next . 

As w e wil l  show ,  ou r  approac h integrate s th e us e o f  fou r  importan t  type s o f  knowledg e t o generat e 
goals :  previou s solution s o r  case s (a s i n Case-base d Reasonin g [Kolodne r  an d Simpso n 1984]) ,  knowledg e o f 
relationship s betwee n reasonin g goal s (i n thi s case ,  knowledg e o f  th e troubleshootin g process) ,  an d causa l 
knowledge ,  includin g structura l  an d functiona l  knowledg e o f  th e domain .  W e wil l  discus s generatio n o f 
suggeste d actions ,  an d contro l  o f  th e process ,  an d the n presen t  a n example . 

2 Generation of New Subgoals and Actions 

We have found four types of knowledge useful for generating subgoals and actions: 

1. Case knowledge. 
2.  Causa l  knowledg e o f  components ,  mainl y functiona l  knowledge . 
3.  Structura l  knowledg e o f  componen t  parts ,  includin g part/whol e an d adjacenc y relationships . 
4.  Knowledg e o f  h o w t o d o th e task ,  o r  th e relationship s betwee n reasonin g goals . 

^Not  natura l  language . 
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C a s e K n o w l e d g e :  Case-base d Reasonin g ( C D R )  i s a  metho d o f  usin g previou s episode s t o sugges t 

solution s t o n e w problems .  C D R i s a n importan t  proble m solvin g techniqu e becaus e i t  allow s a  reasone r 

t o solv e problem s efficientl y whe n previou s simila r  experience s ar e availabl e an d complet e knowledg e i s no t 

present .  I n thi s typ e o f  problem ,  a  cas e provide s a n ordere d se t  o f  action s tha t  hav e worke d i n th e past . 

T h u s rememberin g a  par t  o f  a  case ,  o r  snippet ,  suggest s th e nex t  action .  A  nex t  actio n ca n b e suggeste d b y 

th e cas e th e reasone r  i s currentl y reasonin g from ,  o r  i f  contex t  changes ,  b y anothe r  cas e tha t  become s mor e 

relevant . 

C a u s a l  k n o w l e d g e :  A  nex t  actio n o r  subgoa l  ca n als o b e suggeste d b y causa l  knowledge .  A  causa l 

lin k fro m a  previou s actio n ca n m a k e th e suggestion .  S o m e aspec t  o f  th e previou s goal ,  fo r  exampl e th e tes t 

done ,  th e tes t  result ,  th e hypothesi s generated ,  th e fi x  done ,  somethin g rule d out ,  i s  th e startin g poin t  fo r 

th e reasoning .  T h e reasonin g ca n procee d fro m tha t  poin t  forwar d towar d effect s o f  tha t  aspect ,  o r  backwar d 

towar d cause s o f  tha t  aspect. ^  T h e furthes t  poin t  o f  progres s i n th e causa l  reasonin g i s suggeste d a s th e 

valu e fo r  th e instanc e o f  th e reasonin g goa l  t o b e suggested .  T h e causa l  reasonin g use s bot h functiona l  an d 

structura l  knowledg e o f  th e domain . 

Structura l  k n o w l e d g e o f  c o m p o n e n t s :  Part/whol e an d topologica l  knowledg e o f  component s involve d 

i n a  previou s actio n ca n sugges t  th e nex t  action .  Fo r  example ,  a  proble m wit h th e electrica l  syste m migh t 

be du e t o a  proble m wit h th e battery .  I f  th e mos t  recen t  instanc e o f  a  generat e hypothesi s goa l  wa s tha t  th e 

electrica l  syste m i s faulty ,  th e nex t  appropriat e goa l  instanc e migh t  b e th e generatio n o f  a  hypothesi s tha t 

th e batter y i s faulty . 

K n o w l e d g e o f  h o w t o solv e p r o b l e m s i n th e d o m a d n :  H o w problem s ar e normall y solve d i s als o 

importan t  t o generatin g goa l  an d actio n sequences .  Ou r  metho d use s heuristi c knowledg e i n th e for m o f  a 

set  o f  th e type s o f  reasonin g goals ,  o r  goa l  types ,  whic h ca n follo w fro m eac h reaisonin g goa l  type ,  calle d goa l 

sequitu r  knowledge ,  o r  sequitu r  knowledg e fo r  short.' '  ^  Fo r  example ,  hypothesi s generatio n goal s ca n b e 

followe d b y test s o f  hypotheses ,  o r  b y furthe r  hypothesi s generation . 

In general, there are many possible succeeding goals a problem solver might generate at any time. Good 

proble m solver s generat e goal s tha t  ca n lea d the m towar d thei r  fina l  destinatio n i n th e mos t  opportun e way . 

I n th e remainde r  o f  thi s pape r  w e wil l  presen t  a  wa y t o choos e th e nex t  goa l  o r  ste p wisely .  W e wil l  sho w 

tha t  th e fourt h typ e o f  knowledg e liste d above ,  knowledg e o f  th e proble m solvin g task ,  i s  primar y t o thi s 

endeavor ,  providin g guidanc e fo r  movin g towar d a  solution . 

O ur  metho d use s thre e mai n type s o f  heuristic s fo r  thi s task :  suggesto r  heuristic s sugges t  ne w steps , 

resiricio r  heuristic s constrai n th e behavio r  o f  th e suggestors ,  an d selecto r  heuristic s choos e th e bes t  o f  th e 

suggeste d nex t  steps . 

We begi n b y presentin g th e fou r  mai n type s o f  suggesto r  heuristics : 

1. Case Sequential Access 
2.  Cas e Direc t  Acces s 
3.  Causa l  lin k 
4.  Refinemen t  (Part/Whole ) 

The suggestor heuristics, or suggestors, indicate ways to generate possible instances of the consequent 

goa l  type. ^  Runnin g thes e heuristic s result s i n a  se t  o f  possibl e succeedin g reasonin g goal s an d actions . 

^Reasonin g i s uncouple d fro m th e reasonin g goa l  involved .  Give n a  hypothesi s tha t  th e fue l  mixtur e i s to o lean ,  reasonin g 
proceed s from  th e stat e tlia t  th e fue l  mixtur e i s to o lea n (whic h ma y o r  ma y no t  b e true) ,  no t  fro m th e hypothesi s tha t  th e 
fue l  mixtur e i s to o lean .  Thu s th e causa l  reasonin g doe s no t  depen d o n th e reasonin g goal s involve d i n th e domain ,  o r  var y 
dependin g o n thos e involved . 

*  Goa l  type s ar e genera l  type s o f  reasonin g goal s suc h a s clarifyin g th e complaint ,  verifyin g th e complaint ,  generatin g hy -
potheses ,  testin g hypotheses ,  interpretin g th e tes t  results ,  czuryin g ou t  repairs ,  an d testin g th e repairs .  The y coul d als o b e 
considere d subtask s o f  troubleshooting .  Goa l  instance s ar e specifi c  instantiation s o f  goa l  types ,  suc h a s th e specifi c  tes t  use d t o 
tes t  a  specifi c  hypothesis . 

*A s no n sequitu r  mca.n s a n inferenc e o r  conclusio n tha t  doe s no t  follo w fro m establishe d premise s o r  evidence ,  w e us e sequitu r 
t o refe r  t o a  goa l  o r  actio n tha t  follow s fro m a  previou s goa l  o r  action . 

^Th e borrowin g o f  th e logica l  term s anteceden t  an d consequen t  shoul d no t  b e take n a s a n indicatio n tha t  th e secon d goa l 
logicedl y follow s fro m th e first.  Th e consequen t  onl y plausibl y follow s from  th e antecedent . 
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2. 1 C a s e S u g g e s t o r s 

As noted above, a case provides an ordered set of actions that have worked in the past. Thus remembering 

a ceis e appropriat e t o th e curren t  contex t  suggest s th e nex t  action .  Multipl e part s o f  multipl e case s ca n b e 

usefu l  i n solvin g a  particula r  problem .  Usefu l  part s ca n b e accesse d directly ,  b y retrievin g th e relevan t  par t 

of  a  relevan t  case ,  o r  sequentially ,  b y continuin g t o follo w a  previou s cas e whil e i t  continue s t o b e relevant . 

The tw o suggestor s tha t  us e part s o f  previou s case s ar e base d o n thes e tw o methods . 

2.1.1 Sequential Access 

If the results of running a step in the new situation match those obtained when it was run in the previous 

case ,  th e nex t  ste p i n sequenc e i n tha t  cas e ca n b e suggested .  Th e Continue-following-lin k suggesto r  doe s 

this . 

2.1.2 Direct Access 

If the results are different, however, the Case-snippet suggestor uses direct access to part of a different case 

tha t  ca n provid e a  suggestio n o f  wha t  t o d o next .  Retrieva l  involve s matchin g th e curren t  situatio n t o th e 

cas e part ,  o r  snippet' s goa l  an d context .  I n ou r  system ,  CELIA ,  retrieva l  vi a direc t  acces s i s first  restricte d 

t o snippet s tha t  ar e centere d aroun d th e goa l  typ e bein g considered .  The n a  weighte d similarit y metri c i s 

used ,  wit h matchin g occurrin g fo r  al l  feature s withi n th e context .  Th e contex t  include s th e interna l  context , 

th e result s o f  action s take n u p t o tha t  poin t  i n proble m solving ,  s o th e retrieve d piec e i s influence d b y th e 

result s o f  goal s pursue d s o fa r  i n thi s problem . 

2.2 Causal Link Suggestors 

Causal link suggestors use domain knowledge of function and structure to reason either forward or backward 

fro m a  claus e i n th e precedin g goa l  instanc e i n orde r  t o sugges t  th e mai n claus e fo r  th e consequen t  goa l 

instance . 

Variation s i n thes e heuristic s include : 

• Whether reasoning is forward or backward from the initial clause. For instance, reasoning backwards 
ca n lea d towar d suggestin g hypothese s tha t  coul d b e roo t  causes .  Reasonin g forwar d ca n lea d t o 
suggestin g test s o f  hypothese s base d o n thei r  potentia l  effects . 

•  Whic h aspec t  o f  th e previou s goa l  instanc e t o us e a s th e initia l  clause .  Fo r  instance ,  whe n reason -
in g fro m a  tes t  o f  a  hypothesi s a  usefu l  startin g poin t  i s  th e tes t  result .  W h e n reasonin g fro m th e 
interpretatio n o f  a  tes t  usefu l  startin g point s includ e thing s rule d i n o r  rule d out . 

•  Whethe r  th e initia l  claus e i s returne d a s a  resul t  whe n n o progres s i s mad e i n th e causa l  chaining . 

W h en th e consequen t  goa l  typ e i s th e sam e a s th e anteceden t  goa l  type ,  thi s i s no t  appropriate . 
•  Whethe r  t o retur n a  contradictio n o f  th e linke d clause ,  o r  jus t  th e linke d clause .  Fo r  instance ,  a  tes t 

fo r  a  contradictio n o f  somethin g tha t  follow s fro m a  hypothesi s ca n b e a  goo d tes t  o f  th e hypothesis . 

2.3 Refinement Suggestors 

Refinement suggestors use part/whole knowledge to suggest a new goal instance through refinement of the 

precedin g goa l  instance .  Eithe r 

• Its component is below the previous goal instance's component in the partonomy, (a leak in the fuel 
lin e i s mor e refine d tha n a  lea k i n th e fue l  system) .  Th e previou s goa l  instance' s componen t  i s refine d 

t o a  componen t  tha t  i s  par t  o f  th e previou s component ,  o r 

• The component is the same and the new predicate is more specific, (the ECM not being grounded 
properl y i s mor e refine d tha n a  malfunctio n i n th e E C M ) .  Thi s require s us e o f  knowledg e o f  th e function s 

of  th e involve d components .  I f  th e predicat e i s 'malfunction' ,  the n thos e predicate s tha t  ar e involve d 

i n obstacle s t o th e component' s functio n ar e considere d a s refinement s o f  th e previou s predicate . 
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Variation s i n thes e heuristic s include : 

• Whether a clause that is equally as refined is acceptable. When the consequent goal type is the same 

813 th e anteceden t  goa l  type ,  thi s i s no t  appropriate . 

•  Wh ic h aspect  o f  th e previou s goa l  instanc e t o us e a s th e initia l  clause .  Fo r  instance ,  refinin g th e 

interpretatio n o f  a  test ,  usefu l  startin g point s includ e thing s rule d i n o r  rule d out . 

3 Controlling Suggestions: Restrictors 

Ther e are ,  i n general ,  larg e number s o f  possibl e nex t  step s tha t  coul d b e generate d b y th e method s above . 

Restrictor s constrai n th e suggestio n proces s s o tha t  effor t  i s  no t  expende d tryin g t o generat e action s i n 

direction s tha t  wil l  no t  prov e fruitful .  I n general ,  restrictor s rul e ou t  goa l  sequence s tha t  ar e sometime s 

possible ,  bu t  ar e no t  appropriat e i n th e particula r  curren t  circumstance .  Fo r  instance ,  a  tes t  shoul d no t 

follo w fro m a  hypothesi s tha t  ha s alread y bee n tested ,  an d a  hypothesi s shoul d no t  follo w fro m a  hypothesi s 

tha t  ha s alread y bee n tested .  However ,  a  hypothesi s ca n follo w fro m a  hypothesi s tha t  ha s alread y bee n 

refined ,  i t  coul d b e anothe r  refinement .  Thes e example s sugges t  tw o o f  th e restricto r  heuristics . 

No-sib s restrict s a  goa l  followin g fro m a  previou s goa l  t o context s i n whic h n o actio n ha s alread y followe d 

fro m th e antecedent . 

Only-same-type-sib s restrict s a  goa l  followin g fro m a  previou s goa l  t o context s i n whic h eithe r  n o 

actio n ha s alread y followe d fro m th e antecedent ,  o r  context s i n whic h onl y action s fulfillin g th e sam e goa l 

typ e hav e alread y followe d fro m th e antecedent . 

Becaus e som e goa l  type s shoul d onl y follo w fro m th e mos t  recen t  instanc e o f  som e othe r  goa l  types , 

restrictor s ar e necessar y fo r  tha t  purpose .  Fo r  example ,  a n interpretatio n o f  a  tes t  shoul d follo w fro m th e 

most  recen t  tes t  instea d o f  som e previou s test .  Thi s i s clearl y no t  th e cas e fo r  al l  goa l  sequences .  Fo r 

example ,  a  numbe r  o f  hypothese s coul d b e advanced ,  the n teste d i n order ,  thu s th e tes t  woul d no t  follo w 

fro m th e mos t  recen t  hypothesis . 

Most - recen t  restrict s a  goa l  followin g fro m anothe r  goa l  t o context s i n whic h th e previou s goa l  wa s th e 

most  recen t  instanc e o f  tha t  goa l  type . 

Als o neede d ar e restrictor s tha t  constrai n wha t  ca n follo w fro m th e interpretatio n o f  a  test .  Afte r  a 

tes t  resul t  ha s bee n interpreted ,  wha t  follow s depend s o n th e interpretation .  I f  th e hypothesi s tha t  i s  bein g 

pursue d hai s bee n rule d in ,  eithe r  th e hypothesi s ca n b e refine d further ,  o r  a  repai r  ca n b e made .  I f  nothin g 

has bee n rule d in ,  an d somethin g rule d out ,  i t  i s  possibl e tha t  th e complain t  shoul d b e furthe r  clarified .  Th e 

followin g tw o restrictor s ar e used . 

Prev-r\iled-ou t  restrict s a  goa l  followin g fro m a  previou s actio n t o context s i n whic h th e previou s 

action s include d rulin g ou t  som e condition . 

Prev-ruled-i n restrict s a  goa l  followin g fro m a  previou s goa l  t o context s i n whic h th e previou s action s 

include d rulin g i n som e condition . 

4 Selectors 

Even with restriction, several steps might plausibly follow the current situation. Selector heuristics choose 

th e bes t  o f  thos e generated .  Selector s wor k i n tw o stages .  Befor e suggestor s ar e run ,  som e selector s specif y 

allocation s o f  computationa l  effor t  t o th e diflferen t  suggestor s associate d wit h eac h o f  th e possibl e futur e goa l 

sequences .  Then ,  afte r  generatio n o f  plausibl e nex t  steps ,  th e bes t  nex t  ste p i s chose n base d o n th e res t  o f 

th e selectors ,  an d th e amoun t  o f  th e allocatio n used . 

T h e selector s tha t  influenc e allocation s include : 

1. Allocate more effort to generating possibilities following from more recent goals pursued. 

2.  Allocat e mor e efibr t  t o generatin g possibilitie s followin g fro m a  lea f  nod e o f  proble m solving . 

3.  Allocate  mor e effor t  t o generatin g possibiHtie s followin g fro m a  proble m solvin g nod e close r  t o th e 

most  recen t  goa l  pursued . 
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Thes e allocation s serv e t o limi t  th e processin g suggestor s ca n d o befor e cuttin g of f  search .  Thi s i s 

importan t  becaus e i t  keep s th e slowes t  heuristics ,  suc h a s causa l  chaining ,  whic h ca n b e intractable ,  fro m 

slowin g th e proces s d o w n to o m u c h J 

W h en suggestion s hav e bee n made ,  th e choic e o f  wha t  goa l  an d actio n to  tak e i s base d o n th e percentag e 

of  allocate d effor t  use d i n conjunctio n wit h th e followin g preferences : 

1. Favor possibilities generated using continue-following-link, then case-snippet, then other methods such 

as causa l  chaining . 

2.  Favo r  possibilitie s generate d usin g goa l  sequence s judge d mor e likel y i n ou r  analysi s o f  th e diagnosti c 

task . 

3.  Favo r  possibilitie s generate d fro m reasonin g goal s wit h mor e restricto r  heuristics .  Thes e ar e les s likel y 

t o hav e injuivertentl y escape d restriction . 

4.  Favo r  possibilitie s generate d fro m reasonin g goal s wit h fewe r  suggesto r  heuristics .  Thes e ar e les s likel y 

t o b e lo w qualit y 'shot s i n th e dark' . 

The combined effect of the selectors is to favor continuing following along from the most recent goal, 

usin g a  previousl y retrieve d cas e snippet ,  o r  a  newl y retrieve d cas e snippet .  T h e preferenc e i s no t  absolute , 

however .  I t  doe s no t  m a k e th e easies t  suggesto r  heuristic s dominant ,  becaus e th e allocate d effor t  ca n var y 

widel y base d o n th e factor s discusse d above . 

5 Example 

We wil l  illustrat e th e proces s o f  choosin g th e nex t  actio n usin g th e exampl e show n i n Figur e 2 .  Thi s i s a n 

English-ize d versio n o f  a  sequenc e o f  proble m solvin g step s generate d b y ou r  progra m C E L I A . ^  T h e proble m 

solve r  firs t  clarifie s th e complaint ,  the n verifie s th e complain t  t o m a k e sur e tha t  th e proble m ca n b e recreated . 

Th e proble m solve r  hypothesize s tha t  th e carbureto r  i s malfunctioning ,  the n refine s tha t  guess .  T h e idl e 

spee d i s considered ,  an d rejected .  T h e idl e mixtur e i s considered ,  tested ,  an d repaired ,  an d ye t  th e problem s 

remain .  A  furthe r  hypothesi s o f  th e throttl e dashpo t  bein g ou t  o f  plac e i s generated ,  an d tested . 

1.  Clcirif y  th e complain t 
2.  Verif y th e complain t 
3.  Generat e a  hypothesi s -  carbureto r  malfunctio n 
4.  Generat e a  hypothesi s -  lo w idl e spee d 
5.  Tes t  hypothesi s -  temperatur e o f  engin e whe n steJlin g occur s (warm ) 
6.  Interpre t  Tes t  -  idl e spee d no t  a  problem ;  idl e mixtur e possibl e proble m 
7.  Repai r  -  Adjus t  idl e mixtur e scre w 
8.  Tes t  Repai r  -  engin e stil l  stall ? (yes ) 
9.  Interpre t  Tes t  -  idl e mixtxir e no t  th e proble m 

10.  Generat e a  hypothesi s -  throttl e dashpo t  ou t  o f  plac e 
11.  Tes t  hypothesi s -  distemc e betwee n throttl e dashpo t  ste m an d throttl e leve r  small ? (no ) 

Figure 2: Example Multi-step Solution in Automobile Troubleshooting. 
Afte r  ste p 11 ,  th e proble m solvin g ca n b e illustrate d b y th e larg e node s o f  th e tre e show n i n Figur e 3 . 

Nodes represen t  goal s tha t  hav e bee n pursue d s o far .  Link s represen t  th e sequencin g relationship s betwee n 
th e goals .  S-Verify-Complaint-11 8 correspond s t o th e first  step ,  S-Gen-Hypoth-14 5 correspond s t o ste p 3  -
Generatin g a  hypothesis ,  i n thi s instanc e a  carbureto r  malfunction .  T h e mos t  recentl y complete d actio n i s 

include d i n S-Test-Hypoth-151 .  A t  thi s poin t  th e nex t  actio n mus t  b e generated . 

T h e smal l  oval s i n Figur e 3  sho w type s o f  possibl e succeedin g goal s tha t  ca n follo w fro m th e part s o f  th e 
proble m solvin g t o thi s point .  T h e ke y fo r  th e differen t  goa l  type s i s given . 

T h e se t  o f  possibilitie s ca n b e reduce d significantl y usin g th e restricto r  heuristics .  Shade d oval s i n Figur e 
3 sho w th e effect s o f  th e restrictors .  Thes e ar e th e direction s restrictor s hav e determine d no t  to  b e fruitful . 

Ĉausjk l  chainin g i s constraine d bot h b y th e strateg y o f  tryin g t o for m a  connectio n betwee n action s ratlie r  tlia n tryin g t o 
for m a  connectio n ove r  th e larg e spac e betwee n complaint s an d roo t  causes ,  an d b y selectio n allocations . 

'Actually ,  i t  wa s generate d a s prediction s o f  wha t  a n exper t  woul d do  b y th e learnin g componen t  o f  CELI A usin g th e sam e 
method s a s describe d fo r  th e proble m solvin g component .  Th e proble m solvin g componen t  lia s no t  ye t  ha d th e equivalen t 
upgrad e fro m th e previou s version . 
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GOAL TYPES 

V -  Verif y Complain t  I  -  Interpre t  a  tes t  (result ) 
C -  Clarif y Conplain t  R  -  Hak e a  repai r  (replace/fix ) 
G -  Generat e a  Hypothesi s T R -  Tes t  a  repai r  (replace/fix ) 
TH -  Tes t  a  Hypothesi s 

The node s represen t  th e differen t  goal s tha t  hav e bee n pursue d s o far .  Th e link s represen t  th e sequitu r  relationship s 

betwee n th e goals .  Th e smal l  oval s connecte d t o node s wit h stripe d arrow s represen t  th e possibl e goa l  type s tha t  ca n 

follo w fro m th e goa l  type s o f  th e nodes . 

Figur e 3 :  Remain in g Possibl e Nex t  Goa l  Type s afte r  restriction . 

For each of the remaining possibilities there are several applicable suggestors, these are able to generate 

26 possibilitie s including : 

Goal  Typ e Instanc e Followin g fro m Piec e 

G-Interp-Tes t  (Incorrec t  (Positio n Throttle-Dashpot) )  S-Test-Hypothesis-15 1 
G-Gen-Hypot h (Hig h (Contain s Carburetor-Float-Bos l  Fuel) )  S-Verify-Complaint-ll S 
G-Test-R«pai r  (Smal l  (Dis t  Throttle-Dashpot-Ste n Throttle-Lever) )  S-Replac«-Fix-12 6 
G-Test-Repai r  (Lo b (Positio n Idle-Hixture-Screo) )  S-Replace-Fix-12 6 
G-Test-Repai r  (Increas e (Positio n Idle-Mixture-Screo) )  S-ReplBce-Fix-12 6 
G-Replace-Fi x (Loa n (Positio n Idle-Mixture-Screw) )  S-Interpret-Test-17 t 
C-Cen-Hypot h (Hol e Carburetor-Barrel )  S-Cen-Hypoth-14 5 
G-Gen-Hypot h (Clogge d Carburetor-Pipe-To-Venturi )  S-Gen-Hypoth-14 S 

Usin g Suggesto r 

Case-snippet 
Case-snippe t 
Case-snippe t 
Un-Improv e 
Equivalen t 
Fault-Determinatio n 
Nore-Re f  ine d 
Ho re-Refine d 

Fro m a m o n g tliese ,  th e selecto r  heuristic s choos e th e first  action ,  th e interpretatio n o f  th e tes t  rulin g ou t 

th e liypothcsi s o f  tli c  throttl e daslipo t  bein g ou t  o f  place .  Thi s suggestio n wa s chose n du e t o severa l  factors : 
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1.  I t  wa s generate d fro m th e mos t  recen t  previou s goa l  an d actions .  Therefore ,  th e suggesto r  whic h 

generate d i t  wa s allocate d a  hig h amoun t  o f  processing ,  o f  whic h no t  m u c h wa s use d i n retrievin g th e 

cas e snippe t  tha t  suggeste d th e interpretation . 

2.  I t  wa s generate d fro m a  cas e snippet .  Therefor e i t  wa s favore d a t  selectio n time . 

3.  Test s (o f  hypothese s o r  o f  repairs )  nee d t o b e interpreted ,  s o th e judge d likelihoo d o f  a n interpretatio n 

of  a  tes t  followin g fro m a  tes t  o f  a  hypothesi s i s high ,  favorin g thi s suggestion . 

6 Related Work and Conclusions 

A numbe r  o f  othe r  effort s shar e som e flavor  wit h ou r  approach .  Koto n [1988 ]  combine s us e o f  a  numbe r 

of  reasonin g methods .  First ,  association s forme d fro m generalization s o f  case s ar e tried ,  the n cases ,  an d 

lastl y mode l  knowledge .  However ,  th e stric t  orderin g o f  method s use d i s les s flexible.  M o r e importantly , 

her  approac h doe s no t  generat e step s fo r  a  multi-ste p solution ,  bu t  rathe r  a  classification .  Carbonel l  [1986 ] 

generate s step s fo r  a  multi-ste p solutio n usin g a  previou s case .  D o m a i n knowledg e i s use d i n adaptin g th e 

solution ,  bu t  on e cas e wil l  eithe r  provid e a  whol e solutio n o r  hav e t o b e abandone d o r  adapted .  Part s o f 

multipl e case s canno t  b e used .  Alle n an d Langle y [1989 ]  generate  multi-ste p solution s usin g a  combinatio n 

of  generalizations ,  cases ,  an d domai n knowledg e (i n th e for m o f  operators) .  However ,  the y d o no t  retai n 

relation s betwee n problem s an d subproblems ,  s o thei r  D A E D A L US syste m canno t  us e a n entir e previou s 

pla n fro m memory . 

Our  approac h combine s the  us e o f  severa l  type s o f  knowledg e an d reasonin g techniques .  I t  take s advantag e 

of  knowledg e abou t  th e relationship s betwee n goa l  type s t o provid e constrain t  o n th e proble m o f  comin g u p 

wit h th e nex t  actio n t o do .  T h e proble m solvin g i s flexible  an d ca n tak e advantag e o f  th e result s o f  previou s 

action s w h e n decidin g wha t  t o d o next ,  whil e remainin g goa l  directed .  T h e approac h ha s thre e phase s -

restrictor s limi t  th e numbe r  o f  possibilitie s t o b e considered ,  suggestor s generat e possibl e nex t  actions ,  an d 

selector s chos e th e actio n t o take .  Ther e ar e severa l  advantage s t o th e approach .  I t  combine s multipl e 
reasonin g method s i n a  flexible  manner .  Proble m solvin g i s flexible  enoug h t o us e whateve r  knowledg e i s 
available ,  usin g case s w h e n appropriat e case s ca n b e found ,  domai n knowledg e w h e n i t  ca n b e useful .  I t  i s  a 
flexible  wa y o f  usin g part s o f  multiple  case s i n formin g a  solutio n tha t  i s  a  synthesi s o f  steps .  Proble m solvin g 

ca n chang e direction s w h e n th e result s o f  th e proble m solvin g m a k e tha t  necessary .  A  majo r  sid e benefi t 

i s  tha t  m a n y o f  th e suggesto r  heuristic s ca n benefi t  whe n furthe r  knowledg e i s adde d t o th e system ,  i n th e 
for m o f  ne w case s o r  n e w domai n knowledge .  O u r  system ,  C E L I A ,  i s a  learnin g system ,  an d i s designe d t o 

acquir e suc h knowledge .  Thi s make s proble m solvin g mor e effectiv e withou t  havin g t o lear n n e w heuristics . 
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