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A B S T R A CT 

The paper reports recent results from the theory of Bayesian networks, which offer a vi-
abl e formalis m fo r  realizin g th e computationa l  objective s o f  connectionis t  model s o f  knowledge . 

I n particular ,  w e sho w tha t  th e Bayesia n networ k formalis m i s supportiv e o f  self-activated ,  mul -
tidirectiona l  propagatio n o f  evidenc e tha t  converge s rapidl y t o a  globally-consisten t  equilibri -
um. 

1. INTRODUCTION 

This study was motivated by attempts to devise a computational model for humans' in-
ferentia l  reasoning ,  namely ,  th e mechanis m b y whic h peopl e integrat e dat a fro m variou s 
source s an d generat e a  coheren t  interpretatio n o f  tha t  data .  Sinc e th e knowledg e fro m whic h 
inference s ar e draw n i s mostl y judgmental—namely ,  subjective ,  uncertain ,  an d incomplete— a 
natura l  plac e t o star t  woul d b e t o cas t  th e reasonin g proces s i n th e framewor k o f  probabilit y 
theory .  Probabilit y  theor y i s als o usefu l  becaus e i t  i s  th e simplis t  calculu s whic h permit s infer -
ence s t o flow  tw o ways :  fro m hypothesi s t o evidenc e (predictive) ,  a s wel l  a s fro m evidenc e t o 
hypothesi s (diagnostic) .  Unfortunately ,  traditiona l  probabilit y  theor y ha s erecte d cultura l  bar -
rier s agains t  it s  usag e i n modellin g huma n cognition .  Scholarl y textbook s o n probabilit y  theor y 
tr y har d t o creat e th e impressio n tha t  t o construc t  a n adequat e representatio n o f  probabilisti c 
knowledg e w e mus t  first  defin e ̂  join t  distributio n functio n o n al l  proposition s an d thei r  combi -
nations ,  an d tha t  thi s functio n shoul d serv e a s th e basi s fo r  al l  inferre d judgements — a  rathe r 
distorte d pictur e o f  huma n reasoning . 

Human judgment s regardin g a  smal l  numbe r  o f  proposition s (suc h a s th e likelihoo d tha t 
a patien t  sufferin g fro m a  give n diseas e wil l  develo p a  certai n typ e o f  complication )  ar e issue d 
swiftl y  an d reliably ,  whil e judgin g th e likelihoo d o f  a  conjunctio n o f  man y proposition s i s don e 
wit h grea t  degre e o f  difficult y an d hesitancy .  Thi s suggest s tha t  th e elementar y buildin g block s 
whic h mak e u p huma n knowledg e ar e no t  entrie s o f  a  gian t  joint-distributio n table ,  bu t  rathe r 
low-orde r  probabilisti c  relation s betwee n smal l  cluster s o f  semantically-relate d propositions . 

Additionally ,  a  perso n reluctan t  t o givin g a  numerica l  estimat e fo r  th e conditiona l  pro -
babilit y  /*(/l|B) ,  wil l  normall y sho w n o hesitatio n t o stat e whethe r  proposition s A  an d B  ar e 
dependen t  o r  independent.give n C ,  namely ,  whethe r  knowin g th e trut h o f  B  wil l  o r  wil l  no t 
alte r  th e belie f  i n A ,  assumin g tha t  C  i s true .  Evidently ,  th e notio n o f  conditiona l  dependenc e 
i s mor e basi c tha n th e numerica l  value s attache d t o probabilit y  judgments ,  contrar y t o th e pic -
tur e painte d i n mos t  textbook s o n probabilit y  theory ,  wher e th e latte r  i s  presume d t o provid e 
th e criterio n fo r  testin g th e former .  Thi s suggest s tha t  th e fundamenta l  structur e o f  huma n 
judgmenta l  knowledg e ca n b e represente d b y dependenc y graph s an d tha t  menta l  tracin g o f 
link s i n thes e graph s ar e responsibl e fo r  th e basi c step s i n queryin g an d updatin g tha t 
knowledge .  Bayesia n network s offe r  a n effectiv e formalis m fo r  thes e grap h operations . 

*Thi s wor k wa s supporte d i n par t  b y th e Nationa l  Scienc e Foundation ,  Gran t  #DS R 83-1387 5 
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2.  B A Y E S I A N N E T W O R KS 

Bayes Networks are directed acyclic graphs in which the Dodes represent propositions 

(o r  variables) ,  th e arc s signif y th e existenc e o f  direc t  causa l  influence s betwee n th e linke d pro -

positions ,  an d th e strength s o f  thes e influence s ar e quantifie d b y conditiona l  probabilitie s (Fig -

ur e 1) . 

Figur e 1 

Thus, if the graph contains the variables Xj, . . . ,x„, and S{ is the set of parents for variable X{, 

the n a  complet e an d consisten t  quantificatio n ca n b e attaine d b y specifying ,  fo r  eac h nod e X{ , 

an assessmen t  P'(x i  j  5/ )  o f  P(X i  \  Si) .  Th e produc t  o f  al l  thes e assessments , 

Pi^i x„)^UP'{xi\Si) (1) 

constitutes a joint-probability model which supports the assessed quantities. That is, if we 
comput e th e conditiona l  probabilitie s P(X {  \  S{ )  dictate d b y P{xi ,  .  .  .  ,Xn) ,  th e origina l  assess -

ment s ar e recovered .  Thus ,  fo r  example ,  th e distributio n correspondin g t o th e grap h o f  Figxir e 
1 ca n b e writte n b y inspection : 

P(Xi,X2,X3,X4,X5,X6) = -PlXgk) ''('skr's) ^PKI^I.^q) '"('sl'l) ''(^ak) ^(«l)-

An importan t  featur e o f  Baye s networ k i s tha t  i t  provide s a  clea r  graphica l  representa -
tio n fo r  man y independenc e relationship s embedde d i n th e underlyin g probabilisti c  model .  Th e 
criterio n fo r  detectin g thes e independencie s i s base d o n gn^ h separation :  namely ,  i f  al l  path s 

betwee n X j  an d X j  ar e "blocked "  b y a  a  subse t  S  o f  variables ,  the n X i  i s  independen t  o f  X j  give n 

th e value s o f  th e variable s i n 5 .  Thus ,  eac h variabl e X /  i s independen t  o f  bot h it s sibling s an d 

it s grandparents ,  give n th e value s o f  th e variable s i n it s paren t  se t  5,- .  Fo r  thi s "blocking "  cri -

terio n t o hol d i n general ,  w e mus t  provid e a  specia l  interpretatio n o f  separatio n fo r  node s tha t 
shar e common children .  W e sa y tha t  th e pathwa y alon g arrow s meetin g head-to-hea d a t  nod e 

Xjt  i s  normall y "blocked" ,  unles s xj ^  o r  an y o f  it s  descendant s i s i n S .  I n Figur e 1 ,  fo r  example , 

X2 an d X 3 ar e independen t  give n S i  — {x, }  o r  S j  =  {jCir'4} .  becaus e th e tw o path s betwee n X j 
and x ,  ar e blocke d b y eithe r  on e o f  thes e sets .  However ,  X j  an d X 3 ma y no t  b e independen t 

give n S ^  =  {xî ^} ,  becaus e Xg ,  a s a  descendan t  o f  X 5 ,  "unblocks "  th e head-to-hea d connectio n 

at  Xg ,  thu s openin g a  pathwa y betwee n X 2 an d Xj . 
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3.  A U T O N O M O US P R O P A G A T I ON A S A  C O M P U T A T I O N AL 

P A R A D I GM 

Once Bayesian network is constructed, it can be used to represent the generic causal 

knowledg e o f  a  give n domain ,  an d ca n b e consulte d t o reaso n abou t  th e interpretatio n o f 
specifi c  inpu t  data .  Th e interpretatio n proces s involve s instantiatin g a  se t  o f  variable s 
correspondin g t o th e inpu t  dat a an d calculatin g it s impac t  o n th e probabilitie s o f  a  se t  o f  vari -

able s designate d a s hypotheses .  I n principle ,  thi s proces s ca n b e execute d b y a n externa l  inter ^ 

prete r  wh o ma y hav e acces s t o al l  part s o f  th e network ,  ma y us e it s ow n computationa l  facili -

ties ,  an d m a y schedul e it s computationa l  step s s o a s t o tak e ful l  advantag e o f  th e networ k to -

polog y wit h respec t  t o th e incomin g data .  However ,  th e us e o f  suc h a n interprete r  seem s 

foreig n t o th e reasonin g proces s normall y exhibite d b y human s [Shastr i  an d Feldman ,  1984] . 

Our  limite d short-ter m memor y an d narro w focu s o f  attention ,  combine d wit h ou r  inflexibilit y 

of  shiftin g rapidl y betwee n alternativ e line s o f  reasonin g see m t o sugges t  tha t  ou r  reasonin g 

proces s i s fairl y  local ,  progressin g incrementall y alon g prescribe d pathways .  Moreover ,  th e 

spee d an d eas e wit h whic h w e perfor m som e o f  th e lo w leve l  interpretiv e functions ,  suc h a s 

recognizin g scenes ,  comprehendin g text ,  an d eve n understandin g stories ,  strongl y sugges t  tha t 

thes e processe s involv e a  significan t  amoun t  o f  parallelism ,  an d tha t  mos t  o f  th e processin g i s 

don e a t  th e knowledg e leve l  itself ,  no t  externa l  t o it . 

A paradig m fo r  modelin g suc h activ e knowledg e bas e woul d b e t o vie w a  Bayesia n net -

wor k no t  merel y a s a  passiv e parsimoniou s cod e fo r  storin g factua l  knowledg e bu t  als o a s a 

computationa l  architectur e fo r  reasonin g abou t  tha t  knowledge .  Tha t  mean s tha t  th e link s i n 

th e networ k shoul d b e treate d a s th e onl y pathway s an d activatio n center s tha t  direc t  an d pro -

pel  th e flow  o f  dat a i n th e proces s o f  queryin g an d updatin g beliefs .  Accordingly ,  w e assum e 

tha t  eac h nod e i n th e networ k i s designate d a  separat e processo r  whic h bot h maintain s th e 

parameter s o f  belie f  fo r  th e hos t  variabl e an d manage s th e communicatio n link s t o an d fro m 

th e se t  o f  neighboring ,  logicall y related ,  variables .  Th e communicatio n line s ar e assume d t o b e 

ope n a t  al l  times ,  i.e. ,  eac h processo r  ma y a t  an y tim e interrogat e th e belie f  parameter s associ -

ate d wit h it s neighbor s an d compar e the m t o it s ow n parameters .  I f  th e compare d quantitie s 

satisf y som e loca l  constraints ,  n o activit y take s place .  However ,  i f  an y o f  thes e constraint s i s 

violated ,  th e responsibl e nod e i s activate d t o revis e it s violatin g paramete r  an d se t  i t  straight . 

This ,  o f  course ,  wil l  activat e simila r  revision s a t  th e neighborin g node s an d wil l  se t  u p a  mul -

tidirectiona l  propagatio n process ,  unti l  equilibriu m i s reached . 

Whil e constraint-propagatio n mechanism s hav e foun d severa l  application s i n AI ,  suc h a s 

visio n [Rosenfeld ,  H u m m el  an d Zucker ,  1976 ;  Waltz ,  1972 ]  an d trut h maintenanc e [McAllester , 

1980] ,  thei r  us e i n evidentia l  reasonin g ha s bee n limite d t o non-Bayesia n formalism s [e.g . 

Lowrance ,  1982 ,  Shastr i  an d Feldman ,  1984] .  Th e reaso n ha s bee n several-fold . 

First,th e conditiona l  probabilitie s characterizin g th e link s i n th e networ k d o no t  see m t o 

impos e definitiv e constraint s o n th e probabilitie s tha t  ca n b e assigne d t o th e nodes .  Th e 

quantifie r  P(A|5 )  onl y restrict s th e belie f  accorde d t o A  i n a  ver y specia l  se t  o f  circumstances : 

namely ,  whe n B  i s know n t o b e tru e wit h absolut e certainty ,  an d whe n n o othe r  evidentia l  dat a 

i s available .  Unde r  norma l  circumstances ,  al l  interna l  node s i n th e networ k wil l  b e subjec t  t o 

some uncertaint y and ,  mor e seriously ,  afte r  observin g evidenc e e  th e conditiona l  belie f  i n A  i s 

no longe r  governe d b y P(A|fl )  bu t  b y i"(A|fl ,  e) ,  whic h ma y b e totall y different .  Th e resul t  i s 

tha t  an y assignmen t  o f  beliefs ,  P[A )  an d P{B) ,  t o proposition s A  an d B  ca n b e consisten t  wit h 

th e valu e o f  P{A\B )  initiall y  assigne d t o th e lin k connectin g them ;  therefore ,  n o violatio n o f 

constrain t  ca n b e detecte d locally . 

Next ,  th e differenc e betwee n P(A|B ,  e )  an d i*(A|B )  seem s t o sugges t  tha t  th e weight s o n 

th e link s shoul d no t  remai n fixed  bu t  shoul d underg o constan t  adjustmen t  a s ne w evidenc e ar -
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rives .  This ,  i n turn ,  woul d requir e a n enormou s computationa l  wor k an d woul d wip e ou t  th e 

advantage s normall y associate d wit h propagatio n throug h fixed  constraints . 

Finally ,  th e fac t  tha t  evidentia l  reasonin g involve s bot h top-dow n (predictive )  an d 

bottom-u p (diagnostic )  inference s ha s cause d apprehension s that ,  onc e w e allo w th e propaga -

tio n proces s t o ru n it s cours e unsupervised ,  pathologica l  case s o f  instability ,  deadlock ,  an d cir -

cula r  reasonin g wil l  develo p [Lowrance ,  1982] .  Indeed ,  i f  a  stronge r  belie f  i n a  give n hypothesi s 

means a  greate r  expectatio n fo r  th e occurrenc e o f  it s  variou s manifestation s an d if ,  i n turn ,  a 

greate r  certaint y i n th e occurrenc e o f  thes e manifestation s add s furthe r  credenc e t o th e hy -

pothesis ,  ho w ca n on e avoi d infinit e updatin g loop s whe n th e processor s responsibl e fo r  thes e 

proposition s begi n t o communicat e wit h on e another ? 

Thi s pape r  report s tha t  coheren t  an d stabl e probabilisti c  reasonin g ca n b e accomplishe d 

by loca l  propagatio n mechanism s whil e keepin g th e weight s o n th e link s constan t  throughou t 

th e process .  Thi s i s mad e possibl e b y characterizin g th e belie f  i n eac h propositio n b y a  vecto r 

of  severa l  parameters ,  eac h representin g th e degre e o f  suppor t  tha t  th e hos t  propositio n obtain s 

fro m on e o f  it s  neighbors .  Maintainin g suc h a  breakdow n recor d o f  th e source s o f  belie f  i s  als o 

postulate d a s th e mechanis m whic h permit s peopl e t o trac e bac k reasone d assumption s fo r  th e 

purpose s o f  modifyin g th e mode l  an d generatin g explanator y arguments . 

4. PROPAGATION IN SINGLY-CONNECTED NETWORKS 

The problems associated with asynchronous propagation of beliefs, can be solved com-

pletel y i f  the  networ k i s singl y connected ,  namely ,  i f  ther e i s on e underlyin g pat h betwee n an y 

pai r  o f  nodes .  Thes e includ e trees ,  wher e eac h nod e ha s a  singl e parent ,  a s wel l  a s graph s wit h 

multi-paren t  nodes ,  representin g event s wit h severa l  causa l  factors .  Th e analysi s o f  tree s i s car -

rie d ou t  i n Pear l  [1982] ,  an d th e extensio n t o genera l  singl y connecte d graph s i s reporte d i n 

K i m an d Pear l  [1983] .  I n bot h cases ,  th e belief-updatin g schem e possesse s th e followin g proper -

ties : 

1. New information diffuses through the network in a single pass, i.e., equilibrium is 

reache d i n tim e proportiona l  t o th e diamete r  o f  th e network . 

2. The primitive processors are simple, repetitive, and they require no working memory ex-

cep t  tha t  use d i n matri x multiplication . 

3. The local computations and the final belief distribution are entirely independent of the 

contro l  mechanis m tha t  activate s th e individua l  operations .  The y ca n b e activate d b y 

eithe r  data-drive n o r  goal-drive n (e.g. ,  request s fo r  evidence )  contro l  strategies ,  b y a 

clock ,  o r  a t  random . 

Thus, this architecture lends itself naturally to hardware implementation, capable of 

real-tim e interpretatio n o f  rapidl y changin g data.  I t  als o provide s a  reasonabl e mode l  o f  neura l 

net s involve d i n cognitiv e task s suc h a s visua l  recognition ,  readin g comprehensio n [Rumelhart , 

1976] ,  an d associativ e retrieva l  [Anderson ,  1983] ,  wher e unsupervise d parallelis m i s a n uncon -

teste d mechanism . 
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6.  M A N A G I N G L O O P S A N D T H E D E V E L O P M E NT O F C A U S AL M O D E LS 

The efficacy of singly-coDoected networks in supporting antonomous propagation raises 
th e questio n o f  whethe r  simila r  propagatio n mechanism s ca n operat e i n les s restrictiv e network s 
(lik e th e on e i n Figur e 1) ,  wher e multipl e parent s o f  common childre n als o posses s common 
ancestors ,  thu s formin g loop s i n th e underlyin g network .  I f  w e ignor e th e existenc e o f  loop s 
and permi t  th e node s t o continu e communicatin g wit h eac h othe r  a s i f  th e networ k wa s singly -

connected ,  i t  wil l  se t  u p message s circulatin g indefinitel y aroun d th e loop s an d th e proces s 
most  probabl y wil l  no t  converg e t o a  coheren t  equilibrium . 

A straightforwar d wa y o f  handlin g th e networ k o f  Figur e 1  woul d b e t o appoin t  a  loca l 
interprete r  fo r  th e loo p Xj ,  JCj ,  Xj ,  X 5 tha t  wil l  accoun t  fo r  th e interaction s betwee n X 2 an d X3 . 

Thi s amount s basicall y t o collapsin g node s X 2 an d X 3 int o a  singl e node ,  representin g th e com -

poun d variabl e (Xj ,  Xg) .  Thi s metho d work s wel l  o n smal l  loops ,  bu t  a s soo n a s th e numbe r  o f 

variable s exceed s 3  o r  4 ,  collapsin g require s handlin g hug e matrice s an d washe s awa y th e na -
tura l  conceptua l  structur e embedde d i n th e origina l  network . 

A secon d metho d o f  propagatio n i s base d o n "stochasti c relaxation "  [Hinton ,  Sejnowsk i 
and Ackley ,  1984] .  Eac h processo r  interrogate s th e state s o f  th e variable s withi n it s influencin g 
neighborhood ,  compute s a  belie f  dbtributio n fo r  th e value s o f  it s  hos t  variable ,  the n randoml y 
select s on e o f  thes e value s wit h probabilit y  give n b y th e compute d distribution .  Th e valu e 
chose n wil l  subsequentl y b e interrogate d b y th e neighbor s upo n computin g thei r  beliefs ,  an d s o 
on.  Thi s schem e i s guarantee d convergence ,  bu t  usuall y require s ver y lon g relaxatio n time s t o 
reac h a  stead y state . 

A thir d metho d calle d conditionin g i s base d o n th e abilit y  t o chang e th e connectivit y o f 
a networ k an d rende r  i t  singl y connecte d b y instantiatin g a  selecte d grou p o f  variables .  I n Fig -
ur e I ,  fo r  example ,  instantiatin g X j  t o som e valu e woul d bloc k th e pathwa y X2 ,  x̂ ,  X 3 an d 
woul d rende r  th e res t  o f  th e networ k singl y connected ,  wher e th e propagatio n technique s o f  th e 
precedin g sectio n ar e applicable .  Thus ,  i f  w e wis h t o propagat e th e impac t  o f  a n observe d 
data ,  sa y a t  Xg ,  t o th e entir e network ,  w e first  assum e x ^  =  0 ,  propagat e th e impac t  o f  X 5 t o 
th e variable s X2 ,  .  .  .  .x̂ ,  repea t  th e propagatio n unde r  th e assumptio n X x =  1  and ,  finally, 
linearl y combin e th e tw o result s weighe d b y th e prio r  probabilit y  i*{xi) .  I t  ca n als o b e execute d 
i n paralle l  b y lettin g eac h nod e receive ,  compute ,  an d transmi t  severa l  set s o f  parameters ,  on e 
fo r  eac h valu e o f  th e conditionin g variable .  Thi s mod e o f  propagatio n i s no t  foreig n t o huma n 
reasoning .  Th e term s "hypothetical "  o r  "assumption-based "  reasoning ,  "reasonin g b y cases, " 
and "envisioning *  al l  refe r  t o th e sam e basi c mechanis m o f  selectin g a  ke y variable ,  bindin g i t 
t o som e o f  it s values ,  derivin g th e consequence s o f  eac h bindin g separately ,  an d integratin g 
thos e consequence s together . 

Finally ,  a n approac h i s describe d i n Pear l  [1984 ]  whic h introduce s auxiliar y variable s 
and permanentl y turn s th e networ k int o a  tree .  T o understan d th e basi s o f  thi s method ,  con -
side r  a n arbitrar y tree-structure d network .  Th e leave s i n thi s networ k ar e tightl y couple d i n 
th e sens e tha t  n o tw o o f  the m ca n b e separate d b y th e others ,  an d therefore ,  i f  w e wer e t o con -
struc t  a  Baye s networ k wit h thes e variable s alone ,  a  complet e grap h woul d ensue .  Yet ,  togeth -
er  wit h th e intermediat e variables ,  th e interaction s amon g th e lea f  variable s ar e tre e structured , 
thu s demonstratin g tha t  som e network s ca n b e broke n u p int o tree s b y introducin g dummy 
variables .  Thi s schem e enjoy s th e advantag e o f  uniformity :  th e processor s representin g th e 
dummy variable s ca n b e identica l  t o thos e representin g th e rea l  variables ,  i n ful l  complianc e 
wit h ou r  architectura l  objectives .  Moreover ,  ther e ar e stron g reason s t o believ e tha t  th e pro -
cess o f  reorganizin g dat a structure s b y addin g fictitious  variable s mimic s a n importan t  com -
ponen t  o f  conceptua l  developmen t  i n huma n beings ,  th e evolutio n o f  causa l  models . 

Peopl e ofte n inven t  hypothetica l  unobservabl e entitie s suc h a s "ego" ,  "elementar y parti -
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cles" ,  an d "suprem e beings "  t o mak e theorie s fit  th e mol d o f  causa l  schema .  Whe n w e tr y t o 

explai n th e action s o f  anothe r  person ,  fo r  example ,  w e invariabl y invok e abstrac t  notion s o f 

menta l  states ,  socia l  attitudes ,  beliefs ,  goals ,  plans ,  an d intentions .  Medica l  knowledge ,  like -
wise ,  i s  organize d int o causa l  hierarchie s o f  invadin g organisms ,  physica l  disorders ,  complica -

tions ,  clinica l  states ,  an d onl y finally,  th e visibl e symptoms .  Computationall y speaking ,  w e ca n 
interpre t  thes e menta l  construct s a s name s give n t o memor y location s tha t  encod e a  summar y 

of  th e interactio n betwee n th e visibl e variable s and ,  onc e calculated ,  permi t  u s t o trea t  th e vbi -
bl e variable s a s i f  the y wer e mutuall y independent .  Thus ,  th e restructurin g o f  Baye s network s 
int o tree s b y introducin g auxiliar y variable s share s man y computationa l  feature s wit h th e 
developmen t  o f  causa l  model s i n people .  I t  i s  suggestive ,  therefore ,  t o identif y th e auxiliar y 
variable s wit h th e menta l  construct s o f  "hidde n causes" ,  an d t o conjectur e tha t  humans ^  relent -
les s searc h fo r  causa l  model s i s motivate d b y thei r  desir e t o achiev e computationa l  feature s 

simila r  t o thos e offere d b y tree-structure d Bayesia n networks . 
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