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Abstract 

Explanation plays an important role in acquiring knowledge, solving problems, and establishing the 
credibilit y  o f  conclusions .  On e approac h t o gainin g explanator y competenc e i s t o acquir e proof s o f  th e 
dom l̂i n inferenc e rule s use d durin g proble m solving .  Acquirin g proof s enable s a  syste m t o strengthe n 
an imperfec t  theor y b y connectin g unexplaine d rule s t o th e underlyin g principle s an d taci t  as8uini> -
tion s tha t  justif y thei r  use .  Thi s pape r  formalize s th e tas k o f  improvin g explanator y competenc e 
throug h acquirin g proof s o f  domai n inferenc e rule s an d describe s KI ,  a  knowledg e acquisitio n too l 
tha t  discover s proof s o f  rule s a s i t  integrate s ne w informatio n int o a  knowledg e base .  KI' s learnin g 
metho d include s technique s fo r  controllin g th e searc h fo r  proof s an d evaluatin g multipl e explanation s 
of  a  propositio n t o determin e whe n the y ci m b e transforme d int o proof s o f  domai n inferenc e rules . 

1. Introduction 

Knowledge-based systems must be capable of explaining their conclusions. One approach 

t o gainin g explanator y competenc e i s t o acquir e proof s o f  th e domai n inferenc e rule s use d durin g 

proble m solving .  Possessin g proof s o f  rule s use d durin g proble m solvin g ha s severa l  advantages . 

First ,  a  rule' s proof s identif y suppor t  fo r  th e rule ,  tha t  is ,  th e domai n principle s tha t  justif y th e 

rule' s correctness .  Second ,  a  rule' s proof s explicat e th e taci t  assumption s bein g m a d e w h e n th e 
rul e i s  used .  B y identifyin g th e underlyin g principle s an d assumptions ,  proof s o f  inferenc e rule s 

enabl e th e syste m t o justif y an d qualif y it s conclusion s t o th e use r  [Swar83] ,  guid e knowledg e 

refinemen t  [SvnxSS] ,  and ,  i n th e cas e o f  defaul t  reasonin g w h e n assumption s ar e no t  met ,  improv e 

proble m solvin g [Stal77] .  Thi s pape r  formalize s th e tas k o f  improvin g explanator y competenc e 
throug h acquirin g proof s an d describe s a  syste m tha t  discover s proof s o f  doma i n inferenc e rule s a s 

i t  integrate s ne w informatio n int o a  knowledg e base . 

Acquiring proofs strengthens an imperfect theory when new information enables proving 

previousl y unsupporte d rules .  Initially ,  a  knowledg e bas e (o r  person )  ofte n include s tentative ,  defaul t 

rule s suc h a s "bird s ca n fly"  o r  "leave s ar e green. "  However ,  ai s th e knowledg e bais e i s extended , 

an d competenc e i n th e domai n improves ,  thes e defaul t  rule s m a y b e annotate d wit h deepe r  causa l 

suppor t  w h e n explanation s o f  th e rule s ar e discovered .  G a g n e [Gagn85 ]  illustrate s thi s behavio r  i n 

peopl e wit h th e followin g example : 

A student is told In vitro erperimenit $how that Vitamin C increatet the formation of white Hood 
cells .  Th e studen t  ha s prio r  knowledg e tha t  whit e bloo d cell s destro y viruses ,  an d intuitivel y know s 
tha t  Vitami n C  i s take n t o figh t  colds ,  whic h ar e cause d b y viruses .  Th e studen t  realize s tha t  Vitami n 
C i s capabl e o f  fightin g cold s becaus e i t  stimulate s th e creatio n o f  whit e bloo d cells ,  whic h subsequentl y 
kil l  cold-causin g viruses . 

The student identified a causal explanation of an existing belief that was neither stated in the new 
informatio n no r  previousl y known .  Havin g discovere d thi s explanatio n th e studen t  possesse s greate r 

insigh t  int o w h y Vitami n C  i s take n t o fight  colds .  Fo r  example ,  th e studen t  coul d n o w explai n w h y 
Vitami n C  i s no t  take n i n respons e t o simila r  s y m p t o m s havin g cause s unrelate d t o viruse s (e.g. , 

allergies) . 

*  Suppor t  fo r  thi s researc h i s provide d b y th e Ai r  Forc e H u m a n Resource s Laborator y unde r  R IC I S 
gran t  E T .  14 . 
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Thi s pape r  describe s researc h aimec ]  a t  modelin g thi s learnin g behavior .  I n Sectio n 2 ,  th e 

learnin g tas k o f  proo f  acquisitio n i s formulated ,  an d a  terminating ,  althoug h incomplete ,  metho d 

of  performin g thi s tas k i s develope d i n Sectio n 3 .  Sectio n 4  describe s KI ,  a  knowledg e acquisitio n 

too l  tha t  implement s thi s metho d t o discove r  proof s o f  domai n inferenc e rule s a s i t  integrate s ne w 

informatio n int o a  knowledg e base . 

2. The Learning Task 

Proof s o f  a n inferenc e rul e identif y sentence s i n a  theor y tha t  ensur e it s truth .  However ,  th e 

content s o f  logica l  proof s ar e no t  restricte d t o sentence s havin g explanator y (eg. ,  causal )  significance . 

For  example ,  a  proo f  o f  a  rul e coul d includ e a n arbitrar y numbe r  o f  trivia l  tautologie s (e.g. ,  p  ̂  p ) 

not  relevan t  t o th e trut h o f  th e rule .  Therefore ,  a  distinctio n mus t  b e m a d e betwee n th e se t  o f  ai l 

logica l  proof s an d proof s acceptabl e a s explanations .  Le t  e  b e a  predicat e o n proof s suc h tha t  e{p )  i s 

satisfie d exactl y whe n proo f  p  i s acceptabl e a s a n explanation .  Fo r  example ,  e  migh t  restric t  proo f 

step s t o b e application s o f  modu s ponen s t o a  particula r  subse t  o f  rules .  Le t  / ? b e a  domai n theor y 

an d r ,  b e a  sentenc e i n R .  Th e notatio n p ,  denote s a  proo f  tha t  satisfie s c ,  an d { R -  tj )  \-p t  r , 

denote s proo f  p ,  i s  a  derivatio n o f  r ,  fro m th e theor y { R -  r,) . 

Each proof of a rule identifies a set of underlying principles and assumptions that justify the 

rule' s use ;  differen t  proof s m a y elucidat e differen t  principle s an d assumptions .  Therefore ,  th e goa l 

of  acquirin g proof s o f  rule s fo r  explanatio n include s identifyin g ever y p e fo r  eac h rul e rathe r  tha n 

an y singl e p^ .  Thi s learnin g tas k m a y b e characterize d a s th e followin g informatio n processin g task : 

Given: a rule set R 
a predicat e e  o n proof s 

Find: for each r, e R 
th e proo f  se t  P i  =  {p e |  { R •  Tj )  hp t  r̂ } 

Unfortunately, when the language used to encode rules is as expressive as first order logic (FOL) 

thi s tas k i s no t  solvable .  However ,  thi s tas k become s decidabl e whe n th e followin g restriction s ar e 

adopted : 

Let Re be the subset of R including only rules that may be represented as 
hor n clause s withou t  functions . 

I )  Ue ,  th e univers e o f  discours e fo r  i?e ,  i s  a  finite  subse t  o f  U ,  th e univers e 
of  discours e fo r  R . 

2) c admits only proofs containing non-cyclic applications of rules in Re. 

Thes e restriction s enabl e th e existenc e o f  a  terminatin g metho d b y sacrificin g completeness .  In -

tuitively ,  decidabilit y  i s  achieve d b y restrictin g th e univers e o f  discours e t o a  finite  set .  A  theor y 

equivalen t  t o R e ca n b e constructe d b y replacin g eac h r ,  €  R e wit h th e se t  o f  groun d implication s 

tha t  include s ever y possibl e bindin g o f  th e variable s i n r ^  t o element s o f  Ue -  T h e finiteness  o f  U e 

makes suc h a  constructio n possible .  Th e resul t  i s  a  prepositiona l  theor y an d i s therefor e decidable . 

The restricted learning task may be characterized as: 

Given: a rule set R 
a predicat e e  o n proof s 

Find: for each Vi e R 
th e proo f  se t  P ,  =  {p e \  {R e -  tj )  \-p e r j 

While this teisk is guaranteed to have a terminating solution, the restrictions cannot guarantee 

tractability .  I n practice ,  solution s canno t  b e expecte d t o discove r  al l  proof s enable d b y th e restricte d 

theory .  Therefore ,  solution s mus t  includ e som e mechanis m t o bia s thei r  searc h fo r  proofs .  Th e nex t 

sectio n describe s a  metho d o f  guidin g searc h fo r  restricte d proo f  acquisition . 
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3.  D iscover in g P r o o f s t h r o u g h Hypo the t i ca l  R e a s o n i n g 

One approach to guiding deduction involves separating inference from the process of instan-

tiatin g quantifie d formula e [McAl80] .  Inferenc e i s the n limite d t o computin g th e entailmen t  o f  a 

smal l  bu t  "representative "  se t  o f  groun d propositions .  Thi s section s describe s a  generat e an d tes t 

searc h procedur e tha t  manipulate s a  se t  o f  groun d proposition s an d implication s t o guid e searc h fo r 

proof s o f  rule s i n R .  Thi s searc h i s summarize d b y th e followin g cycle : 

1) generate a hypothetical context: a set of propositions over hypothetical instances of some 

smal l  subse t  variable s reference d b y rule s i n R 

2) generate all ground explanations (i.e., sequences of deductions) enabled by repeatedly 

applyin g rule s i n R ^  t o th e proposition s 

3) determine if any resulting explanation can be generalized into a proof of some rule in R 

4) extend the context with propositions over new hypothetical instances of variables referenced 

by rule s i n R ;  got o ste p 2 . 

To initiate the search, select a very restricted set of rules called Training; the search will be 

biase d toward s discoverin g proof s tha t  mak e us e o f  thes e rules. '  Le t  Contex t  b e som e smal l  se t  o f 

proposition s tha t  satisf y ever y sentenc e i n Training .  Fo r  example ,  {{Trainin g =  {[isa{ x Person )  L 

location{ x Austin )  = > location{ x Texas)]] ,  the n th e propositio n se t  {isa{PeTSon i  Person) ,  location{Person i 

Austin) ,  location(Person i  Texas) )  satisfie s Training . 

Second, generate ground explanations enabled by the propositions in Context and the rules 

i n Re .  Thi s involve s computin g al l  possibl e deduction s b y repeatedl y applyin g rule s i n R ^  t o th e 
proposition s i n Contex t  (i.e. ,  b y exhaustiv e forward-chaining) .  Whil e terminatio n i s guaranteed , 
exhaustiv e forward-chainin g ha s th e potentia l  fo r  exponentia l  combinatorics .  However ,  th e rule s ar e 

chainin g o n a  ver y restricte d se t  o f  instances ,  so ,  i n practice ,  restriction s o n proo f  constructio n wil l 
typicall y b e sufficien t  t o preven t  intractabl e chaining. ^ 

Finally, determine if any resulting explanation can be generalized into a proof of some rule. 
Thi s i s accomplishe d usin g technique s develope d fo r  explanation-base d learnin g t o generaliz e an d 

compil e explanation s (e.g. ,  [Moon88]) .  T o continu e th e searc h fo r  proofs ,  exten d Contex t  wit h 
additiona l  hypothetica l  instance s an d ad d som e se t  o f  proposition s o n thes e ne w instances .  The n 

repea t  th e generatio n an d evaluatio n o f  explanation s a s before . 

Under this strategy, the search for proofs is controlled by the extensions made to Context. One 

way t o generat e hypothetica l  instance s i s t o instantiat e Skole m function s appearin g i n th e rul e se t 
R.  Fo r  exampl e i f  tsa(Fre d Person )  i s a  propositio n i n Context ,  an d [t3Q( r  Person )  ̂  mother( x /ni(x)) ) 

i s  a  rul e i n R ,  Person ^  coul d b e a  ne w hypothetica l  instanc e an d mother(Fre d Personi )  a  ne w propo -

sitio n fo r  Context .  N o w R ^  ca n b e extende d wit h th e groun d implicatio n [isa(FTe d Person )  = > 

mother{Fre d Person^)] .  Thi s enable s limite d representatio n i n R ^  o f  rule s fro m R  tha t  involv e predi -

cate s o n function s (e.g. ,  Skole m functions) .  Th e nex t  sectio n describe s a  progra m tha t  implement s 

thi s metho d an d illustrate s i t  wit h a n example . 

'  T o mode l  learnin g b y discovery ,  Trainin g ca n b e an y subse t  o f  R .  Alternatively ,  whe n existin g 
knowledg e i s bein g extende d wit h ne w information ,  i t  i s  natura l  t o prefe r  discoverin g explanation s 
enable d b y th e ne w information .  I n thi s context ,  Trainin g i s th e se t  o f  axiom s bein g adde d t o R . 

'  T o guarante e tractability ,  additiona l  restriction s ca n b e impose d o n proo f  construction ,  suc h a s a 
boun d o n th e executio n tim e allotte d t o comput e explanations . 
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Figur e 1 :  N e w informatio n an d th e initia l  contex t 

la )  N e w Informatio n Provide d t o K I 

[ V X  isa( x Chloroplast ) 

3 y isa(y Chlorophyll) L ha8Parl(x y)] 

lb )  Proposition s satisfyin g th e n e w informatio n 

CKloropU v 

Chlorophyl l 

" V 

ChloropUi t  1 
huPar l 

"CWorophyU i 

4 .  A c q u i r i n g P r o o f s D u r i n g K n o w l e d g e Integratio n 

KI is an interactive knowledge-acquisition tool being developed to help knowledge engineers 

integrat e ne w informatio n int o th e Botan y Knowledg e Bas e [Murr88 ,  Port88] .  Thi s knowledg e 

bas e currentl y contain s ove r  fou r  thousan d frame s representin g plan t  anatomy ,  physiology ,  an d 

development ;  i t  ha s bee n constructe d i n collaboratio n wit h M C C ' s C Y C projec t  [Lena89] . 

This section describes an implemented example of KI extending the Botany Knowledge Base 

wit h ne w informatio n relatin g chloroplast s an d chlorophyll .  Th e knowledg e bas e alread y contain s 

extensiv e partonomi c knowledg e o f  plant s an d som e knowledg e o f  photosyntheti c pigments ,  suc h a s 

chlorophyll .  A  knowledg e enginee r  wishe s t o exten d th e knowledg e bas e t o represen t  th e fac t  tha t 

chlorophyl l  i s  a  constituen t  par t  o f  chloroplast s (se e Figur e la) .  Th e tas k o f  K I  is ,  i n general ,  t o 

identif y interestin g consequence s o f  thi s ne w informatio n and ,  i n particular ,  t o identif y ho w thi s 

ne w informatio n ca n explai n existin g beliefs .  KI' s mode l  o f  knowledg e integratio n comprise s thre e 

prominen t  activities : 

1)  Recognition :  identifyin g th e knowledg e relevan t  t o ne w informatio n 

2)  Elaboration :  applyin g th e expectation s provide d b y relevan t  knowledg e t o determin e th e 

consequence s o f  th e ne w informatio n 

3)  Adaptation :  modifyin g th e knowledg e bas e t o accommodat e th e elaborate d informatio n 

4.1 Recognition 

Durin g recognitio n K I  identifie s concept s i n th e knowledg e bas e tha t  ar e relevan t  t o th e ne w 

information .  Thi s involve s maintainin g a  learnin g contex t  -  a  se t  o f  proposition s abou t  hypothetica l 

instance s o f  concept s deeme d relevan t  t o th e ne w information .  W h e n presente d wit h ne w informa -

tion ,  K I  initialize s th e contex t  wit h proposition s tha t  satisf y th e ne w rule s (e.g. .  Figur e lb) .  T o 

exten d th e learnin g context ,  K I  use s view s t o determin e whic h concept s i n th e knowledg e base , 

beyon d thos e explicitl y  reference d i n th e context ,  ar e relevant . 

Views are sets of propositions that interact in some significant way and should therefore be 

considere d together .  View s ar e create d b y applyin g a  generi c vie w typ e t o a  domai n concept .  Eac h 

vie w typ e i s a  parameterize d semanti c  net ,  represente d a s a  se t  o f  path s emanatin g fro m a  roo t  nod e 

an d use d durin g knowledg e integratio n a s a  remindin g schema .  Applyin g a  vie w typ e t o a  concep t 

involve s bindin g th e concep t  t o th e roo t  nod e an d instantiatin g eac h path .  Figure s 2 a an d b  presen t 

an exampl e vie w typ e an d th e vie w create d b y applyin g i t  t o chloroplast . 

To extend the learning context, KI identifies the views defined for concepts already contained 

i n th e learnin g context .  Eac h candidat e vie w i s score d wit h a  heuristi c measur e o f  relevance :  th e 

percentag e o f  concept s containe d i n th e vie w tha t  ar e als o containe d i n th e learnin g context .  K I 

present s th e lis t  o f  candidat e views ,  ordere d b y thei r  relevanc e score ,  t o th e knowledg e engineer , 

w ho select s on e fo r  use.' *  Th e se t  o f  proposition s containe d i n th e selecte d vie w ar e adde d t o th e 

learnin g context .  Thi s result s i n a  learnin g contex t  comprisin g thos e concept s i n th e knowledg e bas e 

considere d mos t  relevan t  t o th e ne w information . 

Alternatively ,  a n autonomou s versio n o f  K I  select s th e vie w havin g th e highes t  relevanc e score . 
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Figur e 2 :  A n exampl e vie w an d vie w typ e 

2a) Qua Component 2b) Cbloroplast Qua Component 

PhoiosynihrticCfll 

Chloropbsi on Nucleus \piisma Membrane 
^ ^ V hiiPjr t  V 

^  X  CeUWi U 
Chlorophyl l  .  r  S«rom l 

Thylikoi d 

hisPiTiN ^ hisPi n _  _ 

2c )  [ V t  isa( 8 Chloroplast )  : ^  3  tuvwxy z isa( t  Chlorophyll )  L .  hasPart( s t )  &  isa( u Thylakoid )  L .  ha£P&rt( s u ) 
ii .  iBa( v Stronia )  &  h&sP&rt( 6 v )  U  isa( w Photosynlhetic-ccU )  k .  partOf( 8 w ) 
& isa( x Cell-nucleus )  &  hasPart( w x )  t  isa( y Cell-w&U )  &  hasPart( w y ) 
k.  isa( z Plasma-membrane )  &  basPart( w z) \ 

Vie w typ e Qu a Componen *  identifie s tw o path s emanatin g fro m a  concep t  relevan t  t o it s rol e a s a  par t  o f  a  physica l 
structur e (th e shade d nod e designate s th e roo t  concept) .  Applyin g thi s vie w typ e t o chloroplas t  identifie s th e segmen t 
of  th e knowledg e bas e representin g chloroplas t  a s a  par t  o f  a  photosyntheti c cell .  Th e pat h variable s ma y hav e 
multipl e binding s (e.g. ,  th e chloroplas t  part s includ e chlorophyll ,  stroma ,  an d thylakoid) .  2c )  expresse s i n F O L th e 
inferenc e thi s vie w supports . 

I n additio n t o addin g proposition s containe d i n th e selecte d vie w t o th e learnin g context ,  K I 
add s th e implication s tha t  characteriz e th e condition s unde r  whic h thes e proposition s ar e assume d 

t o b e true .  W h e n e v e r  th e precondition s o f  a  vie w ar e satisfied ,  th e proposition s containe d i n th e 

vie w ar e assume d t o hold .  Fo r  example ,  w h e n th e propositio n partOJ{chloToplaat i  photosynthetic-celli ) 

i s  added ,  th e followin g implication s ar e als o added : 

1)  isa(chloropla3t i  chloroplast )  = > paTtO}{chloToplaat \  photoaynthetic-celli ) 
2)  iaa{photosynthetxc-cell \  photoBynthetic-cell )  ̂  paTtOJ(chloToplaat \  photoaynthetic-celli ) 

T h e first  implicatio n follow s fro m vie w ChhroplaatQuaComponen t  (se e Figur e 2c) ;  th e secon d follow s 

fro m PfiotoayntheticCellQuaStructur e (se e Rul e 6  o f  Figur e 6) .  Sinc e ther e i s hig h overla p a m o n g views , 
m a ny suc h implication s ar e adde d t o th e learnin g context .  Thi s enable s limite d representatio n i n 

Re o f  rule s f ro m R  tha t  involv e predicate s o n function s (e.g. ,  Sko le m functions) .  T h e us e o f  thes e 
implication s i s ofte n essentia l  fo r  completin g proof s o f  d o m a i n inferenc e rules . 

4.2 Elaboration 

Dur in g elaboratio n K I  determine s h o w th e n e w informatio n interact s wit h th e existin g k n o w -

ledg e withi n th e learnin g context .  Rule s i n R ^  ar e allowe d t o exhaustivel y forward-chain ,  propagatin g 
th e consequence s o f  th e trainin g throughou t  th e context .  Fo r  example ,  on e consequenc e o f  chloro -

plast s havin g chlorophyl l  i s  tha t  thei r  colo r  i s green .  S o m e o f  th e d o m a i n inferenc e rule s applicabl e 

t o thi s exampl e ar e liste d i n Figur e 3a ,  an d th e resultin g conclusion s ar e presente d i n Figur e 3b . 

KI enters a cycle of recognition (i.e., selecting views) and elaboration (i.e., applying inference 

rules )  tha t  explicate s th e consequence s o f  th e trainin g whil e searchin g fo r  n e w proof s o f  rules .  Thi s 
cycl e continue s unti l  th e use r  intervene s o r  th e relevanc e score s o f  al l  candidat e view s fal l  belo w a 

progressiv e threshold .  Figur e 4  illustrate s th e secon d roun d o f  thi s cycle .  T h e recognitio n phais e 
extend s th e contex t  o f  Figur e 3 b wit h th e se t  o f  proposition s relevan t  t o a  photosyntheti c cel l  i n it s 

rol e a s a  produce r  durin g cel l  photosynthesis .  T h e elaboratio n phas e propagate s th e consequence s 

of  th e n e w informatio n throughou t  th e extende d context . 

4.3 Adaptation 

Dur in g adaptatio n K I  determine s i f  elaboratio n ha s reveale d an y n e w proof s o f  inferenc e rules . 

A n interestin g prerequisit e o f  discoverin g proof s o f  rule s i s tha t  multipl e groun d explanation s fo r 

s o me propositio n m u s t  exist .  W h e n thi s occurs ,  K I  determine s whethe r  an y explanatio n ca n b e 

generalize d int o a  proo f  o f  s o m e inferenc e rule . 
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Figur e 3 :  Exampl e rule s an d inference s 

3a )  Exampl e Inferenc e Rule s 

1.  Rule :  ®parlOf-Pre»erv«»-Colo r 
Colo r  m a y b e injerre d fro m th t  colo r  o f  th e pari i 
[ V xy i  partOf( x y )  t  color( x i )  = » color( y z) ] 

2 Rule :  fiChlorophyUj:olor 
Inheritanc e rule :  Chlorophyl l  i t  inherentl y gree n 
( V X  is«( x Chlorophyll )  ̂  color( x Green) ] 

3.  Rule :  ®Leafjcolo r 
Inheritanc e rule :  Leave s ar e atiume d t o k e gree n 
[ V X  i&A( x Leaf )  ̂  color( x Green) ] 

Sb)  T h e Elaborate d Contex t 

Crrt n •< -  — — — —Pholosyrthrtl c OU1 

^'°' ChlompUsnl CUNudru.A pio^Meml 

ChlotophyU i  i f  *«""» ' 
ThyUkoid i 

oonum*  ouvV.U l 

Mtrrbnr\t \ 
tontiins 

T h e dashe d arrow s indicat e proposition s inferre d durin g elaboration ;  tubtcript t  denot e categor y instance s (e.g. , 
\aa[Chlorojilast \  Chloroplast)) . 

F i g u r e 4 :  R e c o g n i t i o n a n d e labora t io n d u r i n g cycl e 2 
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Le t  E  b e th e se t  o f  explanat ion s o f  s o m e proposit ion ,  a n d le t  r ^  b e th e las t  rul e applie d 

i n s o m e exp lanat io n e ,  €  E .  K I  evaluate s eac h alternativ e explanat io n i n E  t o de te rm in e i f  i t 

c a n b e t rans fo rme d int o a  proo f  o f  r̂ .  Firs t  K l  use s explanat ion-base d generalizatio n t o c o m p u t e 

th e m a x i m a l  generalizatio n o f  eac h C j  G  E-Ci .  Le t  gc j  b e th e generalizatio n o f  explanat io n Cj . 

T h e n K I  compare s th e consequenc e o f  gc j  t o th e consequenc e o f  r, .  W h e n th e consequenc e o f 

gc j  i s  equivalen t  t o (o r  subsumes )  th e consequenc e o f  tj ,  K I  searche s ge j  fo r  sub-explanation s 

whos e weakes t  precondition s entai l  th e consequenc e o f  gc j  an d ar e equivalen t  t o (o r  subsume )  th e 

precondition s o f  r, ;  eac h suc h sub-explanatio n constitute s a  proo f  o f  r, . 

In the example, KI's elaboration of the chloroplast training produces several explanations of 

th e propositio n co/or(Lea/ i  Green) ,  tw o o f  whic h ar e presente d i n Figur e 5 .  Explanatio n c j  involve s 

a singl e applicatio n o f  rul e r a whos e preconditio n i s iaa( x Leaf) .  Sinc e thi s i s identica l  t o th e 

precondition s o f  th e generalizatio n o f  explanatio n 62 ,  th e generalizatio n o f  e j  i s  a  ne w proo f  o f 

e Lea f  .color .  Not e th e importanc e o f  implication s tha t  explai n proposition s arisin g fro m views .  A s 

s h o w n i n F igu r e 6 ,  th e v iew s LeafQuaStrttcture ,  MeaophyllQuaStructure ,  PhotoayntheticCetlQuaStructur e 

a n d ChloroplastQuaStrxictur e al l  chai n togethe r  t o d e m o n s t r a t e tha t  leave s contai n chlorophyll . 

This example shows how KI discovers a proof for the existing rule leaves are green while 

integratin g th e n e w in format io n chloroplast s hav e chlorophyl l  T h i s p roo f  i m p r o v e s th e system' s 

exp lana to r y c o m p e t e n c e b y revealin g th e taci t  a s s u m p t i o n s (e.g. ,  mesophy l l  contain s phoiosynihett c 

cells )  a n d d o m a i n principle s (e.g. ,  a n object' s colo r  i s d e t e r m i n e d b y th e colo r  o f  it' s  parts )  tha t 

justif y th e rule' s use .  Fo r  e x a m p l e ,  th e proo f  provide s a n a n s w e r  th e quer y w h y ar e leave s green ? 
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Figur e 5 :  T w o explanation s o f  co/or(/ca/ i  G r e e n ) 

explanation ei explanation ej 
coloT(LtaJ i  Green )  color(Leaf i  Green ) 
•fcr S tso(Lea/ i  Leaf )  <:r j  partOJ(Me3ophyH i  Leafi ) 

<=r 4 isa{Leaf i  Leaf ) 
color(Me3ophylt i  Green ) 
•fcr l  partOf{Photo3ynthetic-celt i  Meaophylli ) 

•fcr j  i3a(Mesophyll i  Meaophyll ) 
^r 4 iaa{Leaf i  Leaf ) 

color(PhotosyntheUc-cell \  Green ) 
<=r i  partOf{Chloroplaat i  PhotoayntheUc-celli ) 

•fer e iaa(Photoaynthetic-ceU i  Photoaynthetic-cell ) 
^r s iaa(MeaophyU i  Meaophyll ) 

^r 4 iaa(Leaf \  Leaf ) 
color(Chloroplaat i  Green ) 
•<=r i  partOf(Chlorophyll ^  Chloroplaati ) 

•fer ? iaa{Chloroplaat i  Chloroplaat ) 
<=r 6 t3a(P/ioto5vn</ie<tc-ce// i  Photoaynthetic-cell ) 

<=r 5 iaa(Meaophyll i  Meaophyll ) 
^r i  iaa(Leaf i  Leaf ) 

color(Chlorophyll \  Green ) 
^r 2 iaa(ChlorophyU i  Chlorophyll ) 

<=r 7 t«a(C/»/orop/oat i  Chloroplaat ) 
<=r 6 i3a(F/iot03ynt/iettc-ce// i  F/io<osynt/iet«c-ce// ) 

<=r s iaa(Meaophyll i  Meaophyll ) 
<=r i  iaa(Leaf \  Leaf ) 

The notation p ^, 9 denotes p is infered from q by rule t (see Figures 3 and 6). 

Figur e 6 :  Inference s enable d b y view s an d require d fo r  th e proo f 

Rule 4) LeafQuaStructure 
[ V w  isa( w Leaf )  ̂  ( 3 xy r  isa( x Mesophyll )  L  partOf( x w )  L  isa( y Epidermis )  L .  partOf( y w ) 

L.  isa( 2 Vascular-network )  4 :  partOf( 2 w)) ) 

Rule 5) MeaophyllQuaStructure 
( V V  isa( x Mesophyll )  ̂  ( 3 y  isa( x Photosynthetic-cell )  4 :  partOf( y x)) ] 

Rule 6) PhotoayntheticCellQuaStructure 
[ V V  isa( v Photosynthetic-cell )  = > ( 3 wxy z isa( w Cell-nucleus )  t  partOf( w v )  L .  isa( x Cell-wall )  &  partOf{ x v ) 

& isa( y Chloroplast )  L .  partOf( y v )  L .  isa( z Plasma-membrane ) 
L partOf( i  v)) ) 

Rule 7) ChloroplastQ-uaStructure 
[ V w  isa( w Chloroplast )  :* •  ( 3 xy z isa( x Chlorophyll )  L .  partOf( x w )  L  i8a( y Thylakoid )  L .  partOf( y w ) 

t  isa( i  Stroma )  &  p2U-tOf( z w)) ] 

(e.g. ,  leave s ar e gree n becaus e the y contai n chlorophyll) .  Alternatively ,  th e proo f  guide s dependency -

directe d backchainin g t o identif y assumption s tha t  explai n w h y a  particula r  lea f  i s  no t  gree n (e.g. , 

th e leaf' s mesophyl l  ha s n o phoiosyntheU c cells) . 

4.4 Strengths, Limitations, and Future Work 

KI' s approac h t o knowledg e integratio n involve s creatin g a  hypothetica l  mode l  comprisin g 

concept s relevan t  t o th e ne w information ,  an d the n usin g th e mode l  t o deriv e th e consequence s o f 
th e ne w informatio n fo r  concept s represente d i n th e model .  Reasonin g wit h a  single ,  propositiona l 

model  (e.g. ,  a  mode l  o f  a  hypothetica l  leaf) ,  rathe r  tha n reasonin g abou t  entir e classe s o f  object s 

(e.g. ,  model s o f  al l  possibl e leaves )  provide s greate r  focu s an d tractability .  However ,  thi s prevent s 

KI  fro m discoverin g m a n y proof s tha t  alternativ e model s woul d reveal .  Furthermore ,  K I  i s  currentl y 

not  capabl e o f  explorin g al l  th e alternative ,  an d ofte n mutually-inconsistent ,  behavior s o f  a  mode l 

tha t  frequentl y aris e durin g qualitativ e simulation s [Kuip87] .  Thi s prevent s K I  fro m discoverin g 
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m a ny proof s tha t  a  singl e mode l  m a y b e capabl e o f  revealin g unde r  varyin g assumptions .  Futur e 

wor k shoul d develo p method s fo r  guidin g th e exploratio n o f  alternativ e model s an d th e possibl e 

world s fo r  a  singl e model . 

T h e inference s complete d wit h th e mode l  ar e no t  explicitl y  selected :  rule s exhaustivel y 

forward-chain .  Thi s typ e o f  reasonin g correspond s t o wha t  Johnson-Lair d call s implici t  inferenc e -

th e automatic ,  seemingl y effortles s inference s human s mak e durin g mundan e tasks ,  suc h a s discours e 

comprehensio n [John83] .  T h e complemen t  o f  implici t  inferenc e i s explici t  inferenc e -  th e intentiona l 

an d consciou s reasonin g h u m a n s perfor m durin g proble m solving .  Currently ,  K I  i s  no t  capabl e 

of  demonstratin g thi s kin d o f  goal-directe d elaboration .  Futur e researc h mus t  addres s developin g 

method s fo r  interleavin g thes e tw o type s o f  inference . 

5. Summary 

Explanatio n play s a n importan t  rol e i n a  system' s abilit y  t o acquir e knowledge ,  solv e prob -

lems ,  an d establis h th e credibilit y  o f  it s  conclusions .  O n e approac h t o gainin g explanator y com -

petenc e i s acquirin g proof s o f  th e inferenc e rule s use d durin g proble m solving .  Acquirin g proof s 

enable s a  syste m t o strengthe n a n imperfec t  theor y a s previousl y unexplaine d rule s ar e connecte d 

t o th e underlyin g principle s an d taci t  assumption s tha t  justif y thei r  use . 

KI  i s a  knowledg e acquisitio n too l  tha t  strengthen s a n existin g domai n theor y b y discoverin g 

ne w proof s o f  inferenc e rules .  W h e n ne w informatio n i s provided ,  K I  activel y searche s fo r  proof s o f 

existin g belief s tha t  ar e enable d b y th e ne w information .  Thi s require s method s fo r  restrictin g bot h 

th e univers e o f  discours e an d th e us e o f  inferenc e rule s tha t  includ e predicate s o n functions . 

KI  exploit s a  typ e o f  domai n knowledg e calle d view s t o precisel y manag e a  contex t  comprisin g 

groun d proposition s use d durin g th e searc h fo r  proofs .  View s ar e knowledge-bas e segment s compose d 

of  interrelate d proposition s tha t  shoul d b e considere d collectively .  Eac h vie w embodie s th e us e o f 

function s t o creat e entitie s ove r  whic h proposition s ar e asserted .  Separatin g th e us e o f  function s t o 

creat e entitie s fro m th e proble m o f  provin g theorem s enable s K I  t o guid e it s searc h fo r  proof s o f 

domai n inferenc e rules . 
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