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Abs t rac t 

Deductive representaticais are well defmed, easily 
inspected ,  an d precise .  However ,  the y ar e als o 
brittle ,  inflexibl e an d difficul t  t o debug .  W e pro -
pos e a  plausibl e representatio n whos e inferenc e 
mechanis m i s weake r  tha n it s deductiv e counter -
part .  Thi s wil l  allo w i t  t o reaso n wit h knowledg e 
whic h i s les s precise ,  an d replaces  th e notio n o f 
globa l  consistency ,  wit h th e weake r  constrain t  o f 
loca l  consistenc y i n it s explanation s  ̂ 

1. PI-EBL approach 

Ther e ar e man y advantage s t o a  reasonin g mode l  base d 
on a  declarativ e representation  o f  worl d knowledge .  Suc h 

representation s m a y b e leverage d b y man y knowledg e in -

tensiv e mechanisms :  i t  ca n b e communicate d t o othe r 

agents ,  multipl e model s ca n b e combined ,  part s o f  a  mode l 
ca n b e isolate d an d independentl y verified ,  etc .  Becaus e 

deductio n i s wel l  understoo d i t  i s  natura l  t o groun d thes e 
model s i n a  deductiv e framework .  Requirin g al l  knowl -

edg e t o b e expresse d i n a  deductiv e for m i s restrictive ,  an d 

cause s system s t o b e ver y brittle .  Connectionis t  ap -

proaches ,  o n th e othe r  hand ,  ar e no t  base d o n suc h a  re -
stricte d language ,  whic h i s a  sourc e o f  thei r  flexibilit y  [Ru -

melhart86] .  Th e symbolic/connectiaais t  distinctio n m a y 

appea r  unimportan t  sinc e th e source s o f  knowledg e poten -
tiall y  availabl e ar e th e same .  However ,  researc h i n connec -

tionis m i s impede d b y it s  representation—its  ver y difficul t 
t o understan d wha t  abstrac t  principle s ar e reveale d b y a 

connectionis t  solutio n t o a  problem .  Th e advantage s o f 

bot h approache s ca n b e achieve d b y a  reasonin g paradig m 
base d o n a n explici t  worl d mode l  (lik e symboli c ap -

proaches )  usin g a  non-deductiv e representatio n (lik e con -

nectionis t  approaches) .  Researc h i s facilitate d b y suc h a 

paradigm ,  high-leve l  knowledg e intensiv e mechanism s 
can b e mor e easil y constructed ,  an d th e principle s underly -

in g thei r  succes s ar e muc h mor e availabl e fo r  inspection . 

I n thi s pape r  w e introduc e a  logi c o f  plausibl e reasonin g 
wit h thes e desire d properties .  A s i n distribute d connection -

is t  systems ,  ou r  approac h cruciall y involve s learnin g 

throug h observation s o f  th e world. . 

1.  Thi s researc h wa s supporte d b y th e Nationa l  Sci -
enc e Foundatio n unde r  gran t  NSF-IRI-87-1976 6 

The Explanatio n Base d Learnin g paradig m i s extende d 

t o suppor t  learnin g ove r  ou r  logi c c f  plausibl e reascaiing . 

E BL i s a  learnin g mechanis m whic h combine s a  mode l  d 

th e worl d wit h example s t o construc t  explanation s whic h 
ca n b e late r  use d t o reaso n abou t  th e w o t W [DeJong86 , 

Mitchell86] .  Lik e othe r  knowledg e intensiv e mechanisms , 

i t  gain s it s strengt h fro m it s explici t  worl d model .  M u c h c £ 

EBL' s potentia l  a s a  methodolog y ha s no t  bee n tapped , 

however ,  becaus e th e knowledg e representation  i t  use s i s 

to o restrictive .  Fo r  example ,  EBL' s restrictio n t o s y m b d 
leve l  learnin g i s du e t o it s  bas e representation ,  no t  a n in -

heren t  restrictio n o n th e E B L paradigm .  (Symbo l  leve l 

learnin g add s n o ne w knowledg e bu t  simpl y make s som e 
knowledg e easie r  t o deriv e [Dietterich86]. )  EBL' s limite d 

us e o f  it s  trainin g example s i s als o traceabl e t o it s  bas e re -

presentation .  Th e flexibilit y  o f  an y architectur e depends , 
i n larg e part ,  o n th e representatio n languag e i t  uses ,  n o mat -

te r  wha t  hig h leve l  tas k i s bein g performed .  W e presen t  a 

plausibl e representatio n an d inferencin g mechanis m a s a n 

alternativ e t o classica l  deduction .  Th e flexibilit y  o f  thi s re -
presentatio n i s demonstrate d b y usin g th e Plausibl e Infer -

ence r  a s th e explanativ e componen t  fo r  a n Explanatio n 

Base d Learne r  (PI-EBL) .  Throug h it s flexibl e representa -
tio n PI -EB L overcome s EBL' s deficiencie s mentione d 

above ,  an d acquire s som e advantage s associate d wit h bot h 
connectionis m an d traditiona l  inductio n b y greate r  us e o f 
it s trainin g examples . 

2. Motivation Of Plausible Theories 

Deductiv e framewoik s ar e no t  sufficien t  a s a  knowledg e 
representatio n mechanism .  Thei r  deficienc y stem s fro m 

thei r  precision .  Knowledg e place d i n a  deductiv e frame -
wor k mus t  b e valid—tru e fo r  al l  possibl e examples .  Thi s 
i s a  proble m sinc e muc h o f  th e knowledg e a  reasone r  mus t 

deal  wit h i s tru e fo r  mos t  bu t  no t  al l  examples ;  suc h knowl -
edg e canno t  b e use d i n a  deductiv e framework .  Th e impos -
sibilit y  o f  representin g real  worl d knowledg e i n a  deductiv e 

theor y i s note d b y McCarth y a s th e qualificatio n proble m 
[Genesereth87 ,  McCarthy69] .  Th e qualificatio n proble m 

state s tha t  an y universall y quantifie d implicatio n wil l  nee d 

a larg e (infinite )  numbe r  o f  precondition s t o exclud e al l 
possibl e exceptions .  Th e reade r  m a y b e convince d b y con -

siderin g th e implication :  Bird(x )  - » Flyix )  .  Correctin g 

thi s rul e t o handl e exception s woul d requir e addin g 

Alive(,x) ,  ->PenguinOc) ,  Sane{x) ,  etc .  a s conjuncts .  O f 
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cours e suc h a  deductiv e theor y i s no t  practical .  Th e tradi -

tiona l  approac h t o thi s proble m i s t o translat e th e origina l 

domai n int o a  micro-worl d whic h i s consisten t  wit h th e 

aigina l  domai n t o a  fixe d leve l  o f  detail .  Becaus e th e mi -

cro-worl d doe s no t  reflec t  al l  detail s c f  th e real  world ,  i t  i s 

finitel y describabl e usin g a  deductiv e theory ,  thu s a  deduc -

tiv e theor y m a y b e employed .  Th e disadvantag e t o thi s ap -

proac h i s tha t  th e mode l  i s reall y a  mode l  c f  th e micro -

worl d no t  a  mode l  o f  th e origina l  domain .  Th e reasone r 

usin g suc h a  theor y ha s n o recours e i f  som e importan t  por -

tio n o f  th e domai n i s no t  modele d i n th e micro-world . 

Thus ,  th e micro-worl d mus t  b e comple x enoug h t o handl e 

th e mos t  detaile d exampl e encountere d b y th e reasoner . 

Thi s fcffce s th e entir e syste m t o represent  an d reaso n usin g 

thi s detaile d an d canple x theor y fo r  al l  examples ,  eve n 

thos e whic h ca n b e handle d usin g a  m u c h simple r  theory . 

Adaptin g th e theor y t o handl e on e additiona l  special-cas e 

exampl e ca n easil y result  i n man y previousl y tractabl e 

problem s t o becomin g inaccessible .  Furthermore ,  simpl e 

theorie s whic h m a k e differen t  assumption s (base d o n dif -

feren t  micro-worlds )  canno t  b e directl y combine d becaus e 

th e resultin g theor y woul d likel y b e internall y inconsistent . 

Thi s i s a  stiflin g restrictio n sinc e differen t  micro-world s 

(caisisten t  micro-theories )  wil l  b e usefu l  i n reasonin g 

abou t  differen t  problems .  Combinin g inconsisten t  micro -

theorie s int o a  singl e consisten t  micro-worl d wil l  result  i n 

a the<x y whic h i s to o precise ,  i t  i s  to o precis e becaus e th e 

closur e o f  thes e micro-thecaie s contai n m a n y fact s incon -

sisten t  wit h othe r  micro-theories ,  an d th e combine d theor y 

must  b e consisten t  wit h onl y on e o f  thes e choices .  Becaus e 

th e ccmbine d theor y i s deductiv e i t  mus t  specif y exactl y 

h o w it s componen t  theorie s interact ,  eve n whe n th e interac -

ticxi s ar e uninterestin g part s o f  th e deductiv e closure .  Usin g 

a micro-wcri d force s th e theca y t o m a k e prediction s (b y 
way o f  it s  deductiv e closure )  abou t  hypothetica l  situations , 

most  o f  whic h ar e no t  relevant  t o th e goal s o f  th e reasoner . 

N o deductiv e chai n o f  inferenc e n o matte r  h o w comple x 

m ay b e inccmsisten t  wit h an y othe r  ove r  th e entir e theory . 

Requirin g th e theor y t o b e internall y consisten t  withou t 

gainin g consistenc y wit h th e worl d gain s u s littl e powe r  a t 

th e grea t  expens e o f  sealablity .  A  reasone r  usin g deductiv e 

knowledg e canno t  accep t  an y knowledg e abou t  th e worl d 

unti l  al l  th e interaction s wit h th e closur e o f  it s curren t 

knowledg e ar e precisel y specified .  Thi s restrictio n i s unac -

ceptable .  Avoidin g thi s restrictio n an d it s fixed  leve l  o f  de -

tai l  force s u s t o abando n th e micro-worl d approach . 

Non-monaonic theories provide a mechanism for rea-

sonin g wit h incomplet e knowledg e [McCarthy86 ,  Reit -

erSO] .  McCarthy' s AbnormaKx )  predicate s allow s on e se t 

of  rule s whic h derive s a  conclusio n tooverrid e anothe r  rule . 

Lik e deductiv e theories ,  however ,  th e sentence s entaile d b y 

a nonmotoni c theor y ar e stil l  precisel y define d withou t  an y 

example s neede d t o disambiguat e inconsistencies .  T h e 

whol e notio n o f  circumscriptio n make s precis e th e closur e 

of  a  non-monotoni c theory .  I n orde r  fo r  a  representatio n 

t o b e a n effectiv e alternativ e t o th e micro-worl d approach . 

i t  mus t  incorporat e a  mean s o f  tradin g th e complexity/pre -

cisio n o f  a  theor y agains t  it s  faithfulnes s t o th e world .  Thi s 

means th e reasone r  canno t  clos e knowledg e bas e (i t  canno t 

assume i t  ha s complet e knowledg e o f  th e domain) .  Instea d 

th e worl d mus t  b e lef t  open .  Inferre d knowledg e shoul d b e 

use d a s suggestion s t o b e empiricall y verified ,  rathe r  tha n 

theorem s wit h ar e necessaril y  true . 

3. Representation Of Plausible Theories 

Plausibl e domai n theorie s ar e syntacticall y simila r  t o a 

set  o f  implicatiois .  Semanticall y the y ar e quit e different , 

however ,  sinc e th e theorie s ar e no t  deductive .  Th e theorie s 

must  sugges t  possibl e relationships  betwee n concept s 

withou t  entailin g them .  Semanticall y th e plausibl e domai n 

theor y m a y b e interprete d a s deductiv e implication s wit h 

missin g preconditions .  Th e missin g precondition s ar e col -

lectivel y calle d th e implici t  contex t  o f  th e implication .  Th e 

implici t  contex t  i s  th e se t  o f  additiona l  constraint s suffi -

cien t  t o guarante e tha t  th e plausibl e implicatio n deductive -

l y holds .  Thu s w e refe r  t o plausibl e unplication s a s influ -

ent s t o emphasiz e th e ide a tha t  th e consequen t  i s 

influenced ,  bu t  no t  entailed ,  b y th e preconditions .  Assert -

in g a n influen t  specifie s tha t  it s  precondition s ar e relevan t 

t o determinin g it s consequen t  i n som e contexts .  A n influ -

ent  als o specifie s th e directio n o f  influenc e betwee n th e 

precondition s an d consequent ,  an d the y m a y b e positivel y 

or  negativel y related.  Thes e influent s provid e th e basi s fo r 

representin g P I -EB L domai n theories . 

Influent : P > Q 

Meaning :  I  / \  P  - > Q 

Împlici t  Contex t 

Figure 1: Semantics of an Influent. 

4. Plausible Inferencing 

T o buil d explanation s fro m a  plausibl e domai n theor y ( a 

set  o f  influents )  w e nee d a n inferenc e mechanism .  Influ -

ent s m a y b e combine d wit h othe r  influent s i n th e sam e wa y 

deductiv e implication s ar e chaine d together .  Unifyin g a 

preconditio n o f  on e rul e wit h th e consequen t  d  anothe r 

provide s th e firs t  influen t  inferenc e mechanism .  Chainin g 

influent s i n thi s fashio n m a y result  i n explanation s wit h im -

portan t  precondition s no t  explicitl y  represente d sinc e eac h 

influen t  ha s a n implici t  contex t  whic h als o mus t  b e satis -

fied .  Othe r  chaining s whic h deriv e thi s conclusio n o r  it s 

negatio n wil l  als o hav e missin g precondition s base d o n th e 

implici t  context s o f  it s  influents .  Th e missin g precondi -

tion s o f  th e othe r  explanation s ar e likel y t o b e ver y differ -

ent ,  thu s togethe r  thes e chaining s coul d provid e a n explana -

tio n whic h i s predictiv e ove r  a  greate r  rang e o f  examples . 

Thi s i s th e motivatio n fo r  th e secon d inferenc e mechanism , 

th e join ,  whic h allow s combinin g severa l  influent s wit h th e 

same consequen t  (o r  it s  negation )  int o a n influen t  set .  Th e 

influen t  se t  contain s n o informatio n regardin g th e applica -

bilit y  o f  it s  componen t  influen t  chain s bu t  i t  doe s guarante e 
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tha t  ther e i s som e combinatio n o f  thes e chain s whic h cor -

rectl y predict s th e conclusio n o f  th e influen t  se t  ove r  th e 

relevan t  proble m distribution .  Unlik e th e chainin g infer -

ence mechanism ,  th e joi n mechanis m onl y partiall y  speci -

fie s th e functio n mappin g preconditicsi s t o conclusions . 

Plausibl e explanation s ar e generate d b y repeate d applica -

tio n o f  thes e tw o inferenc e mechanisms .  Becaus e o f  th e in -

fluen t  set s withi n a  plausibl e explanatio n i t  canno t  b e use d 

t o directl y mak e prediction s abou t  it s conclusicai .  Th e 

meanin g o f  a  plausibl e explanatio n i s analogou s t o th e se -

mantic s o f  Stuar t  Russell' s  determination s [Grosof89] , 

bot h serv e a s a  specificatio n o f  th e se t  o f  determinin g fac -

tor s fo r  som e valu e i n th e dcanain .  A  plausibl e explanatio n 

specifie s tha t  it s lea f  precondition s determin e it s  conse -

quent ,  withou t  completel y specifyin g th e mapping .  Unlik e 

Russell' s  determinations ,  however ,  ther e i s n o guarante e 

tha t  a  plausibl e explanatio n actuall y doe s determin e it s  con -

sequen t  becaus e nothin g i s know n abou t  it s implici t  con -

texts .  S o a  plausibl e explanatio n mus t  b e empiricall y  veri -

fie d b y checkin g tha t  i t  i s  consisten t  wit h example s fro m th e 

domai n befor e i t  ca n b e accepte d a s a  plausibl e theorem . 

Many differen t  explanation s ca n b e conjecture d to r  th e 

same observe d behavior .  Ideally ,  th e mos t  plausibl e expla -

nation s ar e generate d first .  I f  thes e ar e empiricall y rejecte d 

(ie .  th e observe d dat a contradict s them )  th e nex t  mos t  plau -

sibl e explanatio n i s hypothesize d an d s o o n unti l  som e hy -

pothesi s i s empiricall y confirmed .  Generatio n o f  plausibl e 

theorem s i s mor e comple x tha n it s deductiv e counterpar t 

sinc e i s combine s bot h analytica l  an d empirica l  constraints . 

In order to inductively learn a plausible theorem our rea-

sone r  mus t  accep t  an d rejec t  potentia l  explanation s base d 

on examples .  Thi s i s challengin g sinc e th e influent s tha t 

makeup th e explanatiai s ca n b e neithe r  confirme d no r  re -

jecte d base d o n empirica l  evidenc e sinc e w e ca n neve r 

kno w i f  thei r  implici t  contex t  i s  satisfied .  A s ye t  w e hav e 

no restrictio n tha t  a  plausibl e explanatio n accuratel y pre -

dict s th e world ,  i t  i s  thi s restrictio n whic h make s plausibl e 

explanation s testable .  Thu s w e defin e a  plausibl e theore m 

t o b e a  plausibl e explanatio n whic h contain s influen t  set s 

whic h satisfie s th e thre e prq)ertie s show n i n figur e 2  relat -

in g i t  t o th e se t  o f  observations .  A s show n i n th e figur e a n 

Let  O  b e th e se t  o f  observations . 

Let  A  an d D  b e th e precondition s o f  th e affirmin g an d denyin g influent s i n th e influen t  se t  I . 

Let  c  b e th e conclusio n o f  th e influen t  se t  I . 

LetP^AuD . 
Sat(predicate ,  observation )  i s tru e if f  th e predicat e wa s satisfie d i n th e particula r  observation . 

Def: I is deterministic on O iff 

Voi ,  o j  G O (V p e  P  Sat(p ,  o, )  =  Sat(p ,  oj) )  - *  {Sat(c ,  o, )  =  Sat̂ c ,  o,) ) 

Def: I is predictive on O iff 

-'3o„OjE i  0;A '  Q A 

(Vp e P\A' Sat(p, o,) = Sat(p, oj)) A 

(Va E A' ->Sat(,a,Oi) A Satia,oj)) A Sat(c,Oi) A ->Satic,Oj) 

^30i,0jB0;D'QD 

(Vp E P\D' Sat(p,o,) = Sat(p,oj)) A 

(Va E D' ->Sat(a,Oi) A Sat(a,Oj)) A -<Satic,Oi) A Sat{,c,oj) 

Def: I is relevant on O iff 

VpEP 3o„o,G O 

(Vr G P\p Sat(j;od = Sat(j,oj)) A 

{Sat(p,od 7^ Sat(p,Oj)) A [Saticod ^ SaticoJ)) 

Figure 2. Consistency properties of an influent set. 

influen t  se t  i s  deterministi c i f  it s  consequen t  i s completel y 

determine d b y it s precondition s wit h respec t  t o th e se t  o f 
observations .  Ther e canno t  b e tw o observation s whic h 
agre e o n th e trut h valu e o f  al l  o f  th e precondition s bu t  d o 

not  agre e o n th e trut h valu e o f  th e consequent .  Thi s i s th e 
same constrain t  whic h Stuar t  Russell' s  determination s 
have .  Th e secon d consistenc y propert y i s predictiveness . 

When a n influen t  i s  neede d t o distinguis h betwee n tw o ob -

servations ,  th e influenc e i t  ha s o i  th e consequen t  mus t  b e 
i n th e predicte d direction .  I f  tw o observation s diffe r  onl y 
i n th e trut h value s o f  th e precondition s o f  severa l  positiv e 

influent s the n th e consequen t  mus t  b e tru e whe n thos e pre -
condition s ar e true .  Thi s constrain t  ensure s tha t  positiv e 
value s assigne d t o th e precondition s ca n onl y hav e a  posi -
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liv e effec t  o n th e consequent .  Th e analogou s negativ e rela -

tionshi p mus t  als o hol d fo r  negativ e influents .  Th e fina l 

consistenc y propert y i s relevance .  A n influen t  se t  i s  rele -

van t  ove r  a  se t  c f  observation s i f  th e precondition s o f  eac h 

influen t  ar e necessar y fo r  uniquel y determinin g th e valu e 

of  th e consequent .  I n effect ,  n o influen t  superfluou s t o th e 

set  o f  observation s i s permitted ;  eac h influen t  mus t  b e th e 

determinin g facto r  i n som e circumstanc e otherwis e i t  coul d 

be eliminate d fro m th e explanatio n wit h n o effec t  o n th e 

learne d function .  Relevanc e i s require d sinc e i t  disallow s 

plausibl e theorem s whic h ar e correc t  i n th e sens e tha t  thei r 

precondition s determin e thei r  consequent ,  bu t  ar e useles s 

sinc e the y hav e s o m a n y irrelevan t  influents .  A n y explana -

tio n tha t  satisfie s thes e thre e propertie s determine s a  func -

ticx i  whic h ca n b e use d t o mode l  th e domain .  Thi s i s  PI -

EBL' s ultimat e goal .  Thusth e P I - E B L approac h i s a  searc h 

fca-plausibl e theorems—explanation s whic h ar e empirical -

l y show n t o b e deterministic ,  predictive ,  an d relevant . 

5. Reasoning With PI-EBL 

A fauh found with traditional EBL is its limited use of 

trainin g examples .  Example s ar e m u c h mor e centra l  t o P I -

E BL learning .  T h e P I - E B L approac h ha s aspect s o f  tradi -

tiona l  induction ,  bu t  i t  i s  no t  a  hybri d syste m i n th e sens e 

tha t  i t  ca n b e easil y decompose d int o thes e separat e compo -

nents .  Becaus e o f  th e homogeneit y o f  th e approach ,  aspect s 

of  bot h approache s ar e intertwine d i n it s learning .  Th e 

plausibl e inference r  i s use d t o explai n th e valu e o f  th e pred -

icat e o f  interes t  i n th e system' s observations .  Observation s 

ar e als o use d t o verif y o r  rejec t  hypothese s generate d b y th e 

inferencer .  Thi s i s don e i n a  generat e an d tes t  fashion .  I f 

an observatio n presente d t o th e syste m cause s failur e o f  th e 

curren t  hypothesi s t o b e deterministic ,  predictive ,  o r  rele -

van t  ove r  th e se t  o f  observe d examples ,  the n th e hypothesi s 

i s rejecte d an d th e inference r  i s use d t o generat e anothe r 

plausibl e explanation .  A s plausibl e explanation s ar e bein g 

generate d an d monitore d fo r  correctnes s th e observe d ex -

ample s ar e use d fo e ye t  anothe r  purpose .  Fo r  ever y influen t 

set  i n th e plausibl e explanatio n ther e i s a  functio n mappin g 

th e th e precondition s o f  th e influen t  se t  t o it s  consequent . 

Observation s ar e use d t o constrai n thes e functions .  Thi s 

us e o f  th e observation s i s mor e simila r  t o traditiona l  induc -

tio n sinc e the y ar e use d t o lear n a  functio n wit h fixe d attrib -

ute s (precondition s o f  th e explanation) .  Eve n here ,  howev -

er ,  th e explanativ e structur e i s relevan t  sinc e i t  constrain s 

th e functio n bein g induced ;  i t  mus t  b e consisten t  wit h th e 

plausibl e explanation . 

The plausible inferencer builds explanations of the ob-

servatio n i n m u c h th e sam e w a y tha t  traditiona l  E B L ex -

plain s th e observation s i t  i s  given .  Unlik e E B L ,  th e PI -

E BL approac h admit s multipl e incompatibl e explanation s 
of  th e sam e goa l  concept .  Becaus e o f  thei r  implici t  context , 

th e predictivenes s o f  thes e explanation s wil l  var y greatly , 

whic h place s grea t  importanc e o n th e orde r  tha t  th e plausi -

bl e inference r  use s i n generatin g it s explanations .  Sinc e 

thes e explanation s bia s PI-EBL' s learning ,  constraint s o n 

thei r  orde r  provid e a n orderin g bia s fo r  th e entir e P I - E B L 

system .  Th e a  prior i  chanc e tha t  a n explanatio n i s a  theore m 

ca n b e approximate d i n severa l  ways .  Th e siz e o f  th e expla -

natio n i s useful ,  large r  explanatiai s generall y mus t  satisf y 

a large r  implici t  contex t  s o the y ar e mor e likel y t o fail . 

Anothe r  promisin g estimato r  o f  predictivenes s ca n b e 

derive d b y combinin g th e predetermine d predictivenes s o f 

eac h o f  th e influent s i n th e explanation . 

6. Learning Example 

We presen t  a  simpl e exampl e o f  th e PI-EB L learnin g al -
gorith m t o supplemen t  it s  descriptio n an d a s a  concret e ex -

ampl e o f  it s  advantage s ove r  traditiona l  E B L . 

Clawedix) > Bird{x) 

Feathered(x) > Bird(x) 

Immobile(x) > Fly(x) 

Dead(x) > Immobile(x) 

Bird(x) > Flyix) 

Figure 3: Plausible Domain Theory 

Figure 3 shows a plausible domain theory which is used to 

predic t  whic h object s fly.  Th e theor y i s plausibl e sinc e i t 

draw s contradictor y conclusion s abou t  immobil e birds . 

Eac h o f  th e influent s ar e plausibl e i n th e sens e tha t  the y 

hav e m a n y exceptions .  W e wil l  demonstrat e h o w a n agen t 

ca n us e th e remainde r  o f  thes e influent s t o rectif y on e o f  th e 

missin g precondition s i n th e Bird(x )  >  Flyix )  influent . 

For  reason s externa l  t o th e P I -EB L algorith m assum e th e 

reasone r  need s t o lear n whic h object s ar e likel y t o fly.  Th e 

firs t  exampl e see n b y th e agen t  i s  a  clawed ,  feathere d bir d 

whic h ca n fly.  Thi s i s  explaine d using :  Clawedix )  > 

Birdix )  >  Flyix) .  Thi s explanatio n i s rejecte d whe n th e 

agen t  see s a  clawed ,  hair y bea r  whic h canno t  fly.  Th e nex t 

most  a  prior i  plausibl e explanatio n chose n i s consisten t 

wit h th e example s seen :  Feathered{x )  >  Birdix )  > 

Flyix) .  Eve n thi s explanatio n i s insufficien t  i n explainin g 

ahunter s trophy :  adea d bir d withfeather s an d claw s whic h 

canno t  fly.  A s before ,  th e explanatio n i s rejecte d an d th e 

nex t  mos t  a  prior i  plausibl e explanatio n i s generated .  Fig -

Dead(x ) 

i 

Immobile(x ) 

Feathered{x ) 

\ 

Birdix ) 

Flyix ) 

Figure 4: Plausible Explanation 

ure 4 shows the next explanation, it has an influent set com-
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pose d (r f  tw o influence s a t  it s  ta p level .  Ther e ar e tw o func -

tion s mappin g deadnes s an d featheiednes s t o th e abi l  it y  t o 

fly  whic h ar e ccmsisten t  wit h thi s plausibl e explanaiion . 

O ne predict s dead ,  feathere d objea s fly,  an d th e secon d 

functica i  predict s tha t  the y d o not .  Bot h ar e consisten t  wit h 

th e theor y bu t  onl y th e firs t  i s  consisten t  wit h th e hunter' s 

troph y s o i t  i s  accepted .  Ther e ar e actuall y sixtee n func -

ticB S whic h accep t  tw o boolea n variables ,  bu t  onl y tw o o f 

th e sixtee n function s woul d caus e th e explanatio n t o b e de -

terministic ,  predictive ,  an d relevan t  ove r  example s consis -

ten t  wit h th e function .  I f  th e explanatio n i s insufficien t  t o 

cove r  som e exampl e (i t  i s  no t  deterministi c ove r  th e exam -

ples )  the n a  ne w explanatio n i s generated ,  an d s o on ,  unti l 

enoug h example s ar e see n tha t  ar e consisten t  wit h thi s ex -

planation .  A t  thi s poin t  i t  i s  accepte d a s a  plausibl e theore m 
alon g wit h th e classificatio n functio n mappin g th e leave s 

of  th e explanatio n t o it s caisequent . 

Bird{x) > Fly(x) is missing the precondition "not 

dead" .  Thi s i s  rectified  b y combinin g i t  i n a n explanatio n 

dealin g wit h immobility .  Th e missin g preconditio n wa s 

"added "  b y buildin g th e composit e explanation .  I f 

Birdix )  >  Fly{x )  i s  late r  use d i n anothe r  explanatio n it s 

simple r  fon n m a y b e used .  Thi s i s importan t  sinc e i t  i s  quit e 

likel y tha t  th e dea d bir d exceptio n wil l  b e irrelevan t  (a s wil l 

th e hundred s o f  othe r  exceptions) .  A s w e discusse d earlie r 

th e deductiv e version :  .. .  A  ->Dead(,x )  A  Bird{x )  > 

Flyix )  woul d forc e th e syste m t o reaso n abou t  al l  thos e ex -

ception s a t  a//times .  Plausibl e explanation s allo w th e rea -

sone r  t o correctl y handl e thes e case s withou t  forcin g al l 
reasonin g t o b e don e a t  thi s level .  Notic e th e imprecisio n 

i n th e plausibl e theory ,  th e theor y doe s no t  specif y whic h 

of  th e tw o ccHTipetin g sub-explanation s woul d prevai l  i f 

bot h ha d thei r  precondition s satisfied .  O f  cours e i f  tha t  lev -
el  o f  detai l  wer e know n i t  coul d easil y b e specified .  Th e im -

portan t  poin t  i s  it s possibl e t o specif y tha t  featherednes s re -

late s t o flying  an d deadnes s relate s t o flying  withou t 
precisel y specifyin g al l  possibl e interaction s betwee n th e 

knowledge .  Th e impatanc e o f  thi s simplificatio n in -

crease s a s th e theor y increase s i n complexit y becaus e th e 
number  o f  possibl e mteraction s increase s dramaticall y 

wit h complexity ,  an d man y o f  thes e interaction s nee d no t 
be deal t  wit h b y th e reasoner  sinc e the y wil l  neve r  occu r  i n 
practice .  Eve n i f  al l  necessar y distinction s wer e known ,  ex -

pandin g a  plausibl e theor y int o a  deductiv e theor y woul d 

caus e duplication .  A s i t  stand s n o w Dead{x )  > 

Immobileix )  ca n b e use d a s a n exceptio n t o flying,  walk -

ing ,  swimming ,  dancing ,  etc .  Ki t  wer e writte n a s a  deduc -

tiv e theor y th e sam e exceptio n woul d nee d t o b e place d ex -
plicitl y  i n th e precondition s o f  man y rules . 

7. Conclusions 

The advantage s o f  knowledg e intensiv e approache s ar e 
wel l  known .  A  reasone r  usin g a  plausibl e mode l  instea d o f 

a deductiv e mode l  wil l  retai n thes e advantages ,  bu t  avoid s 

th e unnatura l  cOTStramt s o f  globa l  consistenc y an d preci -

sio n o f  traditiona l  deductiv e systems .  Thi s i s ver y impor -

tan t  becaus e th e agen t  ma y accep t  an d reaso n wit h ne w 

knowledg e withou t  completel y understandin g al l  possibl e 

interacticm s wit h existin g knowledge .  Th e P I -EB L ap -

proach ,  becaus e o f  it s  representation,  allow s ver y simpl e 

and imprecis e thecde s t o b e mad e precis e b y learnin g h o w 

th e plausibl e knowledg e interact s fro m actua l  w(xl d obser -

vation s (examples) .  I n thi s wa y th e agen t  ca n boot-stra p it -

sel f  int o specialize d domain s b y combinin g relevan t  por -

tion s o f  ver y genera l  theories ,  thu s buildin g a  specialize d 

theor y whic h i s adapte d empirically . 
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