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A b s t r a c t 

This paper presents a method for training PDP 

network s that ,  unlik e backpropagation ,  doe s no t 

requir e excessiv e amiount s o f  trainin g dat a o r 

massiv e amount s o f  trainin g tim e t o generat e 

appropriat e generalizations .  Th e metho d tha t 

we presen t  use s genera l  conceptua l  knowledg e 

abou t  cause-and-efTec t  relationship s withi n a  sin -

gl e trainin g instanc e t o constrai n th e numbe r  o f 
possibl e generalizations .  W e describ e ho w thi s ap -

proac h ha s bee n previousl y implemente d i n rule -

base d system s an d w e presen t  a  metho d fo r  imple -

mentin g th e rule s withi n th e framewor k o f  Paral -

le l  Distribute d Semanti c (PDS )  Networks ,  whic h 
use multipl e P D P network s structure d i n th e for m 

of  a  semauiti c network .  Integratin g rule s abou t 

causalit y wit h backpro p i n P D S Network s retain s 

th e advantage s o f  P D P ,  whil e avoidin g th e prob -
lem s o f  enormou s number s o f  trainin g instance s 

and excessiv e amount s o f  trainin g time . 

Introduction 

Parallel Distributed Processing (PDP) models 

[Rumelhar t  an d McClelland ,  1986 ]  hav e demon -

strate d m a n y desirabl e characteristic s fo r  learn -

in g an d generalization .  Specifically ,  P D P mod -

els :  (1 )  us e a  simpl e learnin g mechanis m suc h a s 

backpropagatio n tha t  merel y modifie s lin k weigh t 

value s fo r  eac h trainin g pattern ,  (2 )  automaticall y 

generaliz e a s a  resul t  o f  th e learnin g proces s b y av -

eragin g th e trainin g pattern s s o tha t  th e networ k 

ca n correctl y respon d t o ne w inputs ,  (3 )  us e th e 

generalization s tha t  ar e create d t o perfor m pat -

ter n completio n fro m partia l  o r  nois y inputs ,  (4 ) 

naturall y accoun t  fo r  interferenc e effect s sinc e sim -

ila r  concept s shar e simila r  representation s an d (5 ) 

ar e robus t  agains t  nois e an d damag e t o th e net -

work . 
Backpropagatio n perform s extremel y wel l  an d 

provide s th e advantage s liste d abov e whe n th e siz e 

of  th e trainin g se t  an d th e numbe r  o f  inpu t  fea -

ture s i s  relativel y small .  However ,  ther e ar e se -

riou s problem s wit h applyin g backpro p t o stor e 

th e larg e amount s o f  knowledg e neede d fo r  higher -

leve l  cognitiv e tasks ,  suc h a s natura l  language . 

Sinc e backpro p learn s b y similarity-base d gener -

alization ,  i t  mus t  b e show n enoug h trainin g in -

stance s s o tha t  al l  relevan t  feature s ar e correlate d 

whil e al l  othe r  feature s ar e not .  A s th e numbe r  o f 

inpu t  feature s increase s wit h th e complexit y o f  th e 

proble m domain ,  th e numbe r  o f  trainin g example s 

neede d become s enormous .  Fo r  example ,  suppos e 

tha t  w e woul d lik e t o teac h th e networ k abou t  th e 

concep t  o f  strength ,  give n a  numbe r  o f  instance s 

of  peopl e successfull y an d unsuccessfull y liftin g a 
heav y object^ .  T w o suc h instance s ar e presente d 

below : 

John, a tall man with short brown hair 

and a  dar k complexio n successfull y lift s 
a heav y objec t  i n th e dinin g room . 

Mary ,  a  smal l  chil d wit h lon g blon d hai r 

and a  ligh t  complexio n i s unsuccessfu l  a t 

liftin g th e sam e heav y objec t  i n th e livin g 

room . 

Every feature that is present when John lifts the 

objec t  an d ever y featur e tha t  i s  absen t  whe n Mar y 

fail s t o lif t  i t  ar e possibl e cause s fo r  th e differen t 

result .  Thus ,  fro m th e dat a give n above ,  i t  i s  possi -

bl e t o conclud e tha t  age ,  height ,  hai r  length ,  hai r 

color ,  complexion ,  locatio n o r  eve n th e person' s 

name ar e responsibl e fo r  John' s succes s a t  liftin g 

^Thi s exampl e i s base d o n on e provide d i n [Pazzcini , 
1988] . 

1128 

mailto:sumida@cs.ucla.edu


th e objec t  an d Mary' s failure .  I n orde r  fo r  th e 
networ k t o correctl y lear n tha t  strengt h i s corre -

late d wit h ag e an d no t  wit h an y o f  th e othe r  fea r 

tures ,  example s o f  peopl e wit h al l  differen t  type s o f 

heights ,  hai r  lengths ,  hai r  color s an d complexion s 

i n al l  type s o f  environment s mus t  b e presente d t o 

th e network .  Assumin g tha t  ther e ar e 3  value s fo r 

heigh t  (short ,  mediu m an d tall) ,  2  fo r  hai r  lengt h 

(shor t  an d long) ,  4  fo r  hai r  colo r  (blond ,  brown , 

black ,  red) ,  2  fo r  complexio n (ligh t  an d dark) ,  1 0 

differen t  names ,  an d 1 0 differen t  locations ,  480 0 

( = 3x2x4x2x10x10 )  differen t  trainin g instance s ar e 

neede d fo r  th e networ k t o onl y correlat e ag e wit h 

strength .  I f  w e wer e t o scal e th e syste m u p furthe r 

and ad d mor e feature s suc h a s ey e colo r  o r  mor e 

value s t o th e feature s liste d abov e (e.g .  addin g 

gre y t o th e hai r  colo r  list) ,  th e numbe r  o f  necessar y 

trainin g instance s coul d easil y excee d 100,000 .  A s 

th e numbe r  o f  trainin g instance s grow s t o suc h un -

reasonabl e numbers ,  th e trainin g tim e become s s o 

enormou s tha t  i t  i s practicall y impossibl e t o trai n 

th e network . 

One possibl e solutio n i s t o trai n th e networ k 
on onl y a  subse t  o f  th e patterns .  Th e proble m 

wit h thi s approac h i s tha t  th e networ k wil l  fin d 

illusor y correlation s an d for m imprope r  o r  ver y 

complicate d generalizations .  Fo r  example ,  i f  th e 

networ k i s no t  show n tha t  a  specifi c  conjunctio n 
of  feature s i s no t  relevant ,  i t  ma y conclud e tha t 

shor t  brow n hai r  an d a  dar k complexio n ar e cor -

relate d wit h strength . 
Thi s pape r  present s a  metho d fo r  trainin g P D P 

network s tha t  doe s no t  requir e excessiv e amount s 

of  trainin g dat a t o generat e appropriat e gener -
alizations .  Th e metho d tha t  w e presen t  use s 
informatio n abou t  cause-and-effec t  relationship s 

withi n a  singl e trainin g instanc e t o constrai n th e 

number  o f  possibl e generalizations .  Th e follow -
in g sectio n show s ho w thi s metho d ha s previousl y 
been implemente d i n rule-base d systems .  Thi s i s 
followe d b y a  discussio n tha t  indicate s ho w th e 
rule s ar e implemente d withi n th e PD S Networ k 
[Sumid a an d Dyer ,  1989 ]  framework . 

S y m b o l i c A p p r o a c h e s t o Learn in g 
a n d Generalizatio n 

Considerabl e wor k ha s bee n don e o n symbolic , 

rule-base d approache s t o learnin g an d general -

ization ,  example s o f  whic h includ e [Mitchel l  e i 
al ,  1988 ,  Lebowitz ,  1990 ,  Fazzani ,  1988] .  Previ -
ous learnin g system s var y i n th e amoun t  o f  prio r 
knowledg e tha t  the y appl y durin g th e learnin g 

process .  The y rang e fro m similarity-base d learn -

in g (SBL )  systems ,  whic h operat e i n muc h th e 

same wa y (an d shar e th e sam e problems )  a s back -

pro p an d whic h assum e n o prio r  knowledge ,  t o 

explanation-base d generalizatio n (EBL )  system s 

whic h assum e enoug h prio r  knowledg e s o tha t  th e 

syste m ca n construc t  a n entir e explanatio n fo r 

why a n even t  occured .  Ou r  focu s her e i s o n th e 

intermediat e positio n betwee n th e tw o extremes , 

wher e th e onl y prio r  knowledg e tha t  w e assum e 

ar e rule s abou t  causality .  [Pazzani ,  1988 ]  refer s t o 

thi s for m o f  generalizatio n a s theory-drive n learn -

in g (TDL )  an d discusse s T D L (alon g wit h SB L 

and EBL )  i n th e progra m O C C A M.  I n O C C A M, 

thre e type s o f  causa l  generalizatio n rule s ar e used : 

(1 )  excepiionltss ,  whic h appl y whe n simila r  ac -

tion s yiel d th e sam e result ,  (2 )  dispositional ,  whic h 
appl y whe n simila r  action s yiel d differin g result s 

and focu s o n th e differin g feature s o f  th e acto r  o r 

objec t  o f  th e actio n t o explai n th e differin g result , 

and (3 )  historical ,  whic h (lik e th e dispositiona l 

rules )  appl y whe n simila r  action s yiel d differin g 

results ,  bu t  assum e tha t  th e event s tha t  preced e 
th e actio n explai n th e differin g result .  I n thi s pa -

per ,  ou r  focu s wil l  b e devote d t o discussin g ho w 

dispositiona l  generalizatio n rule s ar e employed . 

The first  ste p i n employin g a  dispositiona l  gen -

eralizatio n rul e i s t o creat e a  generalize d even t 
tha t  represent s al l  th e share d feature s o f  th e se t 

of  event s wit h th e sam e result .  Th e generalize d 

even t  i s the n matche d wit h th e dispositiona l  gen -

eralizatio n rul e t o determin e wha t  rol e o f  th e caus e 

i s responsibl e fo r  th e differin g effect .  I f  th e sam e 
featur e o f  tha t  rol e occur s i n tw o event s tha t  hav e 
differen t  results ,  the n i t  coul d no t  b e responsibl e 
fo r  th e differin g resul t  s o i t  i s  n o longe r  consid -

ered .  O f  th e remainin g features ,  th e on e tha t  ha s 

been mos t  successfu l  a t  accountin g fo r  differen t  re -
sult s i n previou s simila r  situation s (i.e. ,  previou s 
situation s involvin g th e sam e ac t  an d role )  i s se -
lected .  I f  ther e i s n o reeiso n t o prefe r  on e featur e 
over  another ,  the n on e i s selecte d randomly .  Th e 
featur e tha t  i s  hypothesize d t o b e responsibl e i s 

the n adde d t o th e generalize d event .  A s ne w in -
put s ar e presented ,  th e hypothesi s wil l  eithe r  b e 
confirmed ,  i n whic h cas e a  confidenc e measur e as -
sociate d wit h th e hypothesi s wil l  b e increased ,  o r 

i t  wil l  b e refuted ,  i n whic h cas e a  ne w featur e wil l 
need t o hypothesize d a s responsibl e fo r  th e differ -

ent  result . 

As a n exampl e o f  th e procedur e describe d 
above ,  conside r  th e exampl e fro m th e first  sec -

tion .  Whe n th e event s o f  Joh n successfull y lift -
in g th e heav y objec t  an d Mar y failin g t o lif t  i t  ar e 
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presented ,  th e syste m applie s th e followin g dispo -

sitiona l  generalizatio n rule :  I f  simila r  action s per -

forme d o n a n objec t  hav e differen t  results ,  an d the y 

ar e performe d b y differen t  actors ,  th e differin g fea -

ture s o f  th e acto r  ar e responsibl e fo r  th e differen t 

results .  T h e rul e indicate s tha t  on e o f  th e feature s 

of  th e acto r  i s responsibl e fo r  th e differenc e i n thei r 

abilit y t o lif t  th e weight .  A t  thi s point ,  ther e i s 

no reaso n t o prefe r  on e attribut e ove r  anothe r  s o 

a featur e i s selecte d a t  random ,  fo r  example ,  hai r 

colo r  (i n thi s cas e brown) .  A n exampl e o f  a  blond -

haire d perso n liftin g th e weigh t  i s the n presented , 

an d th e syste m notice s tha t  th e predictio n tha t 

brow n htu r  i s  responsibl e ha s bee n contradicted . 

T h e confidenc e measur e associate d wit h th e hai r 

colo r  hypothesi s i s ver y low ,  s o th e syste m reject s 

th e hypothesi s an d select s anothe r  featur e a t  ran -
d o m a s bein g responsibl e fo r  th e difference .  A s 

othe r  feature s ar e selecte d an d refuted ,  th e sys -

te m wil l  quickl y selec t  ag e a s bein g responsible . 

As furthe r  event s ar e encountere d tha t  substanti -

at e thi s hypothesis ,  it s  confidenc e measur e grow s 

an d th e strengt h dispositio n i s  created .  T h e dis -

positio n i s associate d wit h th e actio n ( P R O P E L ) 

an d th e rol e ( A C T O R ) .  Thus ,  whe n a  simila r  se t 

of  event s i s encountere d i n th e future ,  suc h Joh n 

bein g abl e t o remov e a  tightl y attache d li d fro m 

a ja r  an d M a r y no t  bein g abl e to ,  th e syste m wil l 

prefe r  th e strengt h dispositiona l  attribut e t o fea -

ture s suc h a s hai r  colo r  an d ey e color . 

Integratin g Backpropagatio n wit h 
Causa l  Learnin g Rule s 

In order to implement the above rules with PDP, 
we first  nee d t o represen t  th e informatio n provide d 

i n th e trainin g instances .  I n previou s papers , 

[Sumid a an d Dyer ,  1989 ,  Sumidaan d Dyer ,  1991 , 

Sumida ,  1991 ]  w e showe d ho w Paralle l  Distibute d 

Semanti c (PDS )  Network s stor e high-leve l  knowl -
edge.  Th e followin g sectio n describe s ho w P D S 

Network s stor e informatio n usin g onl y backprop . 

Thi s i s  followe d b y a  descriptio n o f  ho w causa l 

learnin g rule s ar e integrate d wit h backpro p t o 

avoi d th e problem s wit h traditiona l  P D P ap -

proaches . 

era l  manne r  o f  a  semanti c  net .  Fo r  example ,  th e 

networ k show n i n Figur e 1  encode s act s tha t  in -

volv e a n applicatio n o f  forc e (PROPEL )  an d ha s 

role s fo r  th e actor ,  objec t  an d result .  Th e net -

wor k i s connecte d t o othe r  P D P networks ,  suc h a s 

H U M A N,  PHYS-OBJ an d O U T C O M E,  tha t  stor e 
informatio n abou t  humans ,  physica l  objects ,  an d 

outcome s o f  events .  Eac h networ k function s a s a 

typ e o f  encode r  net ,  where :  (1 )  th e inpu t  an d out -

put  layer s hav e th e sam e numbe r  o f  unit s an d ar e 

presente d wit h exactl y th e sam e pattern ,  (2 )  th e 

weight s o f  th e networ k ar e modifie d s o tha t  th e 

inpu t  patter n wil l  recreat e itsel f  a s output ,  an d 

(3 )  th e resultin g hidde n uni t  patter n represent s a 

reduce d descriptio n o f  th e input .  I n th e network s 

tha t  w e use ,  a  singl e se t  o f  unit s i s use d fo r  bot h 

th e inpu t  an d outpu t  layers .  Th e ne t  ca n thu s b e 
viewe d a s a n encode r  wit h th e outpu t  laye r  folde d 

bac k ont o th e inpu t  laye r  an d wit h tw o set s o f  con -

nections :  on e fro m th e singl e input/outpu t  laye r 

t o th e hidde n layer ,  an d on e fro m th e hidde n laye r 

bac k t o th e i/ o layer .  I n Figur e 1  fo r  example ,  th e 
actor ,  object ,  an d resul t  role-group s collectivel y 

constitut e th e input/outpu t  layer ,  an d th e PRO-

PEL ensembl e constitute s th e hidde n layer . 

PROPEL 
John-lift-he»vy-ob j  -  / O O OO 

R ^ H \ 
aaor 

O O OO 

flUMA N ?HYS-OBJ 
3UT-
:OME 

A 4 c 2 ^  / i j ( $ 5 > a A C ^ 
•  Joh n = heavy-ob j 

F igur e 1 :  T h e n e t w o r k tha t  store s informatio n 

a b o u t  act s involvin g a n applicatio n o f  force ,  i n 

thi s cas e John-lift-heavy-object .  T h e blac k ar row s 

represen t  link s f r o m th e inpu t  laye r  t o th e h idde n 

laye r  a n d th e gre y a r r o w s indicat e link s f r o m th e 

h i d d e n laye r  t o th e o u t p u t  layer .  T h e thic k line s 

represen t  link s b e t w e e n n e t w o r k s tha t  p ropagat e 

a patter n w i t h o u t  c h a n g i n g it . 

P DS Network s 

The PDS Network approach is to store all knowl-

edg e ove r  multipl e P D P network s usin g backprop , 

wit h eac h networ k representin g a  clas s o f  concept s 

an d wit h relate d network s connecte d i n th e gen -

Knowledg e i s store d i n a  networ k b y teachin g i t 

t o encod e th e item s i n it s trainin g set .  Fo r  eac h 

item ,  th e pattern s tha t  represen t  th e feature s o f 

th e ite m ar e presente d t o th e inpu t  rol e groups , 

an d th e weight s ar e modifie d usin g backpropaga -

tio n s o tha t  th e pattern s recreat e themselve s a s 
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output .  Fo r  example ,  i n Figur e 1 ,  th e patter n 

fo r  Joh n successfull y liftin g th e heav y objec t  i s 

presente d t o th e P R O P EL networ k b y propagat -

in g th e Joh n pattern ^  fro m th e H U M AN networ k 

t o th e acto r  role ,  th e patter n fo r  th e heav y ob -

jec t  fro m th e PHYS-OBJ networ k t o th e objec t 
role ,  an d th e succes s patter n fro m th e O U T C O ME 

networ k t o th e resul t  role .  Th e P R O P EL net -

wor k i s the n traine d o n thi s patter n b y modifyin g 

th e weight s betwee n th e input/outpu t  rol e group s 

and th e P R O P EL hidde n unit s s o tha t  th e John -

lift-heavy-objec t  patter n recreate s itsel f  a s output . 

The networ k automaticall y generalize s sinc e th e 

hidde n units :  (1 )  becom e sensitiv e t o common fea -

ture s o f  th e trainin g pattern s an d (2 )  classif y a  ne w 

concep t  tha t  wa s no t  see n durin g trainin g base d 

on it s similarit y t o familia r  concepts . 

Implement in g Causa l  Learnin g Rule s i n 

P DS Network s 

In order to implement causal learning rules within 

th e P D S Networ k f ramework ,  w e nee d to :  (1 ) 
accomplis h th e s a m e resul t  a s backprop ,  tha t 

is ,  modifyin g lin k weight s s o tha t  a  hidde n uni t 
become s responsibl e fo r  recognizin g significan t 

correlation s i n th e inpu t  a s i n [Hinton ,  1986] , 

bu t  (2 )  us e a  a  theory-drive n learnin g algorith m 

rathe r  tha n on e beise d u p o n S B L .  W e therefor e 

nee d t o imp lemen t  th e equivalen t  o f  th e struc -

ture/hypothesi s buildin g an d rul e match in g oper -
ation s b y usin g weigh t  modification s withi n th e 

network .  T h e ide a i s t o modi f y th e weight s s o 

tha t  a  particula r  hidde n uni t  represent s th e cur -
ren t  hypothesi s an d correlate s th e patter n fo r  th e 

significan t  featur e (i.e. ,  th e featur e tha t  i s  hypoth -
esize d t o b e responsibl e fo r  th e differen t  result ) 

wit h th e patter n fo r  th e result .  Fo r  example ,  th e 
hypothesi s tha t  ag e i s responsibl e fo r  John' s abil -

it y  t o lif t  th e objec t  an d fo r  Mary ' s inabilit y  t o d o 
so i s represente d b y a  hidde n uni t  tha t  i s  assigne d 
t o correlat e th e patter n fo r  ag e wit h th e patter n 

fo r  succes s (Figur e 2 ) . 

T h e followin g step s ar e use d t o appl y a  dis -

positiona l  generalizatio n rul e an d t o generat e a n 
appropriat e hypothesi s i n P D S Networks .  Recal l 
tha t  th e first  ste p i n symboli c system s i s t o creat e 

a generalize d even t  tha t  contain s th e share d fea -

ture s o f  thos e event s wit h th e s a m e result .  T h e 

hidde n uni t  representing 
hypothesi s tha i  ag e an d 

strengt h ar e correlate d 

rest  o f  PROPEL hidde n 
unit s (connection s t o 
thes e unit s ar e no t  shown ) 

PROPE 

/ 

l/s c 

o o 

^  o 

/ : 
\  \ 
o o  .. .  o 

o 

V 

X 
o 

o 

••• -

o 

''•i> . 
o 

o 

1 0 
= adul t 

age featur e 
of  acto r 

othe r  feature s o f  acto r  -
height ,  hai r  color.etc . 

0 1 
= succes s 

result  role 

*Th e Joh n patter n represent s a  reduce d descriptio n o f 
John' s features ,  suc h a s age ,  height ,  hair-color ,  etc .  Th e 
procedur e fo r  obtainin g th e Joh n patter n i s th e sam e a s 
tha t  describe d her e fo r  th e John-lift-heavy-objec t  pattern . 

Figur e 2 :  T h e connection s betwee n th e hidde n 

uni t  (tha t  represent s th e hypothesi s tha t  th e ag e 

featur e i s responsibl e fo r  th e differenc e i n abilit y 

t o lif t  a  heav y object )  an d th e acto r  a n d resul t  rol e 

groups .  T h e dar k arrow s indicat e th e connectio n 

t o th e hidde n uni t  an d th e gre y arrow s indicat e 

th e connectio n f ro m th e hidde n unit .  T h e n u m -

ber s t o th e lef t  o f  eac h arro w indicat e th e weigh t 

(s c =  smal l  constant) .  Al l  connection s othe r  tha n 

th e one s t o th e ag e an d resul t  unit s hav e a  weigh t 
valu e o f  0 . 

equivalen t  ste p i s accomplishe d i n P D S Network s 

b y c lampin g th e patter n fo r  succes s o r  failur e (de -

pendin g o n th e resul t  o f  th e n e w event )  ove r  th e 

resul t  unit s an d lettin g th e networ k settl e int o a 

stabl e configuration .  Sinc e th e network' s knowl -
edg e o f  previou s event s i s store d usin g backprop , 

th e resultan t  patter n represent s th e share d fea -

ture s o f  event s wit h th e s a m e result .  T h e nex t 

ste p i n symboli c system s i s t o m a t c h th e gener -

alize d even t  wit h th e dispositiona l  generalizatio n 
rul e t o determin e w h a t  rol e i s responsibl e fo r  th e 
differen t  result .  Thi s ste p i s accomplishe d usin g a 

m e c h a n i s m simila r  t o a  Propagatio n Filte r  [Sum -

id a an d Dyer ,  1991 ,  Sumida ,  1991] . 

Propagatio n Filter s us e th e patter n ove r  a  selec -
to r  grou p o f  unit s t o determin e whic h o f  a  numbe r 
of  filter  group s t o enable .  Eac h filter  group :  (1 ) 
gate s th e connectio n fro m a  grou p o f  sourc e unit s 
t o a  grou p o f  destinatio n units ,  (2 )  i s sensitiv e t o 
a particula r  patter n ove r  th e selector ,  an d (3 )  al -

low s th e patter n ove r  th e sourc e t o b e propagate d 
t o th e destinatio n whe n th e particula r  patter n oc -

cur s ove r  th e selector .  W e appl y a  mechanis m sim -

ila r  t o Propagatio n Filter s sinc e th e patter n fo r 

th e generalize d even t  act s a s a  selector .  However , 
rathe r  tha n hav e th e selecto r  ope n u p a  particu -
la r  grou p o f  units ,  i t  merel y indicate s whic h rol e 
grou p i s potentiall y  responsibl e fo r  th e differen t 
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result .  Fo r  example ,  i n th e P R O P EL network ,  a 

Propagatio n Filte r  wit h th e P R O P EL unit s a s it s 

selecto r  indicate s tha t  th e acto r  rol e m a y b e re -

sponsibl e fo r  th e differen t  outcome . 

T h e thir d ste p i n T D L i s t o buil d a  hypoth -

esi s tha t  select s a  specifi c  featur e fro m th e rol e 

grou p tha t  i s responsibl e fo r  th e differen t  result . 

T h e equivalen t  P D S Networ k operatio n i s t o al -

locat e a  hidde n uni t  t o correlat e th e featur e wit h 

th e result .  T h e hidde n uni t  i s  allocate d b y th e 

followin g procedure :  First ,  th e syste m finds a  fre e 

hidde n unit .  Concept s ar e store d i n P D S network s 

by treiinin g a n individua l  networ k s o tha t  pattern s 

recreat e themselve s a s output .  T h e networ k onl y 

use s a s m a n y hidde n unit s a s i s necessar y fo r  learn -

in g th e trainin g dat a (i.e. ,  i f  ther e ar e additiona l 

hidde n units ,  the n backpro p leave s the m unused) . 

A fre e hidde n uni t  i s  chose n fro m a m o n g th e un -

use d units .  Not e th e resemblanc e betwee n th e al -

gorith m w e ar e usin g an d a  destructiv e learnin g al -

gorithm .  I n a  destructiv e learnin g algorithm ,  th e 

syste m start s wit h a  larg e numbe r  o f  hidde n unit s 

an d progressivel y delete s th e one s tha t  aren' t  used . 

Instea d o f  deletin g th e unuse d hidde n units ,  w e ar e 

usin g the m t o represen t  a  hypothesi s fo r  whic h fea -
tur e i s responsibl e fo r  th e differen t  result . 

I f  th e connectio n t o th e selecte d hidde n uni t  i s 

fro m a  uni t  tha t  represent s a n irrelevan t  feature , 

it s  weigh t  i s se t  t o 0 .  Thus ,  th e hidde n uni t  wil l 

be unaffecte d b y th e value s o f  th e irrelevan t  fea -
tures .  I f  a  uni t  represent s a  relevan t  feature ,  the n 

we woul d lik e t o hav e tha t  uni t  sen d th e hidde n 

uni t  a  valu e o f  1^ .  Thus ,  w e se t  th e weigh t  fro m 
th e featur e t o th e hidde n uni t  t o b e l/(componen t 

of  th e patter n tha t  represent s th e feature) .  I f  th e 

componen t  o f  th e patter n include s a  0 ,  the n th e 

weigh t  i s se t  t o l/( a ver y smal l  constant )  sinc e 

1/ 0 i s undefined .  Fo r  example ,  i f  ag e i s a  relevan t 

featur e fo r  succes s i n liftin g th e heav y objec t  an d 
adul t  i s  represente d b y th e patter n " 1 0" ,  the n 

th e weigh t  fro m th e first  uni t  o f  ag e t o th e hid -

den uni t  i s  se t  t o 1/ 1 o r  1 ,  an d th e weigh t  fro m 

th e secon d uni t  o f  ag e i s se t  t o l/( a ver y smal l 

constant )  (se e th e weight s o n th e link s i n Figur e 2 
fo r  a n example) .  T h e thresol d fo r  th e hidde n uni t 

i s  se t  equa l  t o th e numbe r  o f  unit s tha t  represen t 

relevan t  features .  Fo r  example ,  sinc e th e patter n 

fo r  adul t  i s  represente d ove r  2  units ,  th e threshol d 

i s se t  t o 2 .  T h e hidde n uni t  onl y respond s whe n 

it s activatio n valu e i s nea r  threshold ,  no t  whe n i t 

i s  to o fa r  abov e o r  below .  Thi s assure s tha t  th e 

•'Fo r  th e sak e o f  simplicity ,  w e choos e th e valu e 1 .  I n 
realit y w e ca n choos e a  differen t  constan t  an d merel y adjus t 
th e threshol d appropriately . 

uni t  wil l  onl y b e activ e whe n th e prope r  patter n 

fo r  th e relevan t  featur e occurs .  Thus ,  whe n th e 

" 1 0 "  patter n i s encountere d ove r  th e ag e units , 

th e hidde n uni t  wil l  b e turne d on .  W e no w nee d 

t o hav e th e hidde n uni t  correlat e th e relevan t  fea -

ture s wit h th e result .  Thus ,  whe n th e hidde n uni t 

i s  active ,  w e nee d i t  t o caus e th e patter n fo r  th e 

correc t  resul t  t o occur .  W e se t  th e weigh t  fro m 

th e hidde n uni t  t o eac h resul t  uni t  t o b e th e valu e 

tha t  i s expecte d fo r  tha t  unit .  Fo r  example ,  i f  w e 

expec t  th e resul t  t o b e success ,  an d succes s i s rep -

resente d b y th e patter n " 0 1" ,  the n th e weigh t  t o 

th e first  succes s uni t  i s  0  an d th e weigh t  t o th e 

secon d resul t  uni t  i s  1  (agai n se e Figur e 2) . 

T o illustrat e th e abov e procedure ,  conside r 

agai n th e exampl e fro m th e first  section .  W h e n 

we sho w th e syste m th e pattern s fo r  Joh n suc -

cessfull y liftin g th e objec t  an d Mar y failin g t o lif t 

it ,  th e syste m notice s tha t  th e dispositiona l  gen -

eralizatio n rul e fro m th e secon d sectio n (i n ou r 

discussio n o f  symboli c approaches )  i s appropriat e 

sinc e th e patter n fo r  th e objec t  rol e i s th e sam e i n 

bot h events ,  whil e th e pattern s fo r  th e acto r  an d 
th e resul t  ar e different .  T h e mechanis m simila r  t o 

a Propagatio n Filte r  suggest s tha t  th e acto r  rol e 

i s responsibl e fo r  th e differen t  result .  Sinc e ther e 

i s n o reaso n t o prefe r  on e featur e ove r  another , 

hai r  colo r  i s selecte d a t  random .  T h e syste m no w 

select s on e o f  th e fre e hidde n unit s t o represen t 

th e hypothesi s tha t  hai r  colo r  i s responsibl e fo r 
th e differen t  result .  Sinc e al l  othe r  feature s be -

side s hai r  colo r  ar e hypothesize d t o b e irrelevant , 

th e weight s fro m th e unit s representin g al l  feature s 

beside s hai r  colo r  ar e se t  t o 0  (Figur e 3) .  Th e pat -
ter n fo r  brow n hai r  i s  " 1 1  0" ,  s o th e weigh t  fro m 

th e first  hai r  colo r  uni t  t o th e hidde n uni t  i s  se t  t o 

1/1 ,  th e weigh t  fro m th e secon d hai r  colo r  uni t  i s 

set  t o 1/1 ,  an d th e weigh t  fro m th e thir d uni t  i s 

set  t o l/( a ver y smal l  constant) .  T h e threshol d fo r 
th e hidde n uni t  i s  se t  t o 3 ,  sinc e ther e ar e thre e 

unit s fo r  th e relevan t  featur e o f  hai r  color .  Th e 

patter n fo r  succes s i s " 0 1" ,  s o t o correlat e brow n 

hai r  wit h succes s a t  liftin g th e weight ,  th e weigh t 

fro m th e hidde n uni t  t o th e first  resul t  uni t  i s  se t 
t o 0 ,  an d th e weigh t  t o th e secon d hidde n uni t  i s 

set  t o 1 . 

A n exampl e o f  a  blond-haire d perso n liftin g th e 

weigh t  i s  the n presented ,  whic h contradict s ou r  hy -

pothesi s s o anothe r  featur e i s hypothesize d t o b e 

responsibl e fo r  th e differen t  resul t  an d th e weight s 

t o th e hidde n uni t  ar e change d s o tha t  th e ne w 

featur e i s correlate d wit h success .  A s wit h th e 

symboli c approach ,  afte r  a  smal l  numbe r  o f  exam -

ples ,  th e syste m refute s th e hypothese s involvin g 
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hidde n uni t  representin g 
hypolhesi t  tha t  hair -

colo r  an d strengt h ar e 
correlate d 

res t  o f  PROPEL hidde n 
unit s (conneclion t  t o thet e 
unit s ar e no t  shown ) 

PROPEL 

= brow n 

hai r  colo r 
featur e o f  acto r 

othe r  feature s o f  acto r  -
height ,  age ,  etc . 

0 1 
= succes s 

result role 

Figur e 3 :  T h e connection s b e t w e e n th e h idde n 

uni t  (tha t  represent s th e hypothesi s tha t  hai r  colo r 

i s responsibl e fo r  th e differenc e i n th e abilit y  t o lif t 

th e heav y object )  a n d th e ag e a n d resul t  units . 

irrelevan t  feature s a n d realize s tha t  ag e i s th e i m -

portan t  feature .  T h e n e t w o r k configuratio n s h o w n 

i n Figur e 2  i s therefor e th e hypothesi s tha t  th e sys -

t e m builds . 

Re la te d W o r k 

Recent work has been done in combining 

explanation-base d learnin g wit h neura l  networ k 

approaches ,  fo r  instanc e [Shavli k an d Towell ,  1989 , 
Katz ,  1989] .  S o m e o f  thi s recen t  wor k i s simila r 
t o th e wor k presente d i n thi s paper .  Fo r  exam -
ple ,  som e o f  th e rule s discusse d i n [Shavli k an d 

Towell ,  1989 ]  bea r  a  resemblanc e t o th e rule s tha t 
we hav e presente d here .  However ,  thes e system s 

hav e no t  ye t  provide d a  neura l  networ k framewor k 
fo r  representin g th e typ e o f  high-leve l  knowledg e 
tha t  i s neede d fo r  generatin g comple x explsinatio n 
chains .  W e believ e tha t  P D S Network s wil l  pro -
vid e th e framewor k tha t  i s necessar y fo r  represent -
in g complicate d knowledg e structures .  Thus ,  w e 
hav e chose n t o integrat e rule s abou t  causalit y wit h 
backpropagatio n i n th e P D S Networ k framework . 

Conclusions 

In this paper, we have presented a method for 
trainin g P D F network s tha t  integrate s knowledg e 
abou t  cause-and-effec t  relationship s wit h back -

propagation .  Thi s approac h ha s a  numbe r  o f  im -
portan t  advantage s ove r  P D P system s tha t  onl y 
use backpropagation :  (1 )  I t  doe s no t  requir e enor -

mous amount s o f  trainin g dat a sinc e rule s abou t 
causalit y withi n a  singl e trainin g instanc e ar e use d 

t o constrai n th e numbe r  o f  possibl e generaliza r 
tions .  I n contrast ,  similarity-base d generalizatio n 

method s suc h a s backpropagatio n nee d t o com -

par e enormou s number s o f  instance s t o determin e 

whic h feature s ar e relevan t  i n formin g a  gener -

alization .  (2 )  Trainin g tim e i s  dramaticall y de -

crease d becaus e fa r  fewe r  trainin g instance s ar e 

examined .  (3 )  Th e integratio n o f  causa l  learnin g 

rule s wit h backpro p i s implemente d i n th e frame -

wor k o f  P D S Networks ,  s o th e high-leve l  knowl -

edg e necessar y fo r  natura l  languag e processin g ca n 

be represented ,  th e advantage s o f  P D P ar e re -

tained ,  an d th e problem s encountere d i n trainin g 

P DP network s ar e avoided . 
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