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D y n a m i c I n f e r e n c i n g i n P a r a l l e l  D i s t r i b u t e d S e m a n t i c 

N e t w o r k s * 

Ronald A. Sumida 

Artificia l  Intelligenc e Laborator y 

Compute r  Scienc e Departmen t 

Universit y o f  Californi a 

Los Angeles ,  C A ,  9002 4 

Abstrac t 

The traditional approach to dynamic inferencing 
i s  t o represen t  knowledg e i n a  symboli c hierarchy , 
find  th e mos t  specifi c  informatio n i n th e hierarch y 
tha t  relate s t o th e input ,  an d appl y th e attache d 
inferences .  Thi s approac h provide s fo r  inheritanc e 
and paralle l  retrieva l  bu t  a t  th e expens e o f  ver y 
comple x learnin g an d acces s mechanisms .  Par -
alle l  Distribute d Processin g (PDP )  system s hav e 
recentl y emerge d a s a n alternative .  P D P sys -
tems us e a  ver y simpl e processin g mechanism ,  bu t 
can onl y eicces s high-leve l  knowledg e sequentiall y 
and requir e a n enormou s amoun t  o f  trainin g time . 
Thi s pape r  present s Paralle l  Distribute d Seman -
ti c (PDS )  Networks ,  a n approeic h tha t  integrate s 
th e bes t  feature s o f  symboli c an d P D P system s 
by storin g th e conten t  o f  symboli c hierarchie s i n 
ensemble s o f  P D P networks ,  connectin g th e net -
work s i n th e manne r  o f  a  semanti c network ,  an d 
usin g Propagatio n Filter s t o determin e ho w infor -
matio n i s passe d betwee n networks .  Simulatio n 
result s ar e presente d whic h indicat e tha t  P D S Net -
work s an d Propagatio n Filter s ar e abl e t o perfor m 
patter n completio n fro m partia l  input ,  generat e 
dynami c inferences ,  an d propagat e rol e bindings . 

Introduction 

I n orde r  t o dynamicall y generat e inferences ,  a  natura l 
languag e understandin g syste m mus t  b e abl e t o ac -
cess knowledg e structure s a t  varyin g level s o f  gener -
alit y an d t o us e th e associate d informatio n i n makin g 
th e prope r  inferences .  Fo r  example ,  conside r  th e fol -
lowin g text s whic h involv e bot h genera l  an d specifi c 
informatio n abou t  variou s hi t  actions . 

Text  1 
Joh n hi t  Mar y becaus e sh e dumpe d hi m fo r  Bill . 

Understanding why John hit Mary involves accessing 
genera l  informatio n abou t  wh y human s hi t  on e an -
other ,  wherea s understanding : 

'Thi s researc h i s supporte d b y a  gran t  fro m th e Kec k 
Foundation . 

Text  2 
Dougla s hi t  Tyson .  H e wante d t o wi n th e title . 

require s utilizin g th e specifi c  knowledg e tha t  on e rea -
son wh y boxer s hi t  on e anothe r  i s t o wi n a  competitiv e 
activity . 

Previous Work 

Symbolic/Localis t  system s represen t  genera l  an d spe -
cifi c  knowledg e b y formin g a n explici t  hierarch y wit h 
each concep t  represente d b y a  symbo l  o r  node ,  an d 
wit h relate d inference s attaw;he d a t  th e appropriat e 
level .  Figur e 1  i s a n exampl e o f  a  semanti c networ k 
wit h par t  o f  a  simplifie d hierarch y fo r  understandin g 
th e text s above .  A t  th e to p o f  th e hierarch y i s th e 
genera l  hi t  ax; t  (HIT) ,  followe d b y level s fo r  on e perso n 
hittin g a  perso n ( H U M A N - H I T - H U M A N ) ,  an d a  boxe r 
hittin g hi s opponen t  (BOXER-HIT-BOXER) .  Eac h o f 
thes e level s i s connecte d t o knowledg e abou t  th e moti -
vatio n fo r  th e hi t  act . 

The languag e understande r  generate s inference s by : 
(1 )  searchin g th e hierarch y fo r  th e mos t  specifi c  nod e 
tha t  applie s t o th e inpu t  an d bindin g th e appropri -
at e roles ,  (2 )  applyin g th e attache d inferences ,  an d (3 ) 
propagatin g th e rol e bindings .  A  numbe r  o f  method s 
fo r  searchin g th e hierarch y hav e bee n proposed ,  suc h a s 
localis t  connectionis t  spreadin g activatio n (e.g .  [Walt z 
and Pollack ,  1985],[Sumid a e t  ai ,  1988]) . 

The advantag e o f  th e hierarchica l  approac h i s tha t  i t 
provide s a n economica l  metho d fo r  representin g struc -
ture d knowledg e (throug h inheritance )  an d i t  allow s 
larg e amount s o f  knowledg e t o b e searche d i n paral -
le l  (b y applyin g th e searc h procedur e simultaneousl y 
t o differen t  part s o f  th e network) .  Unfortunately ,  thi s 
approac h suffer s fro m thre e majo r  shortcomings .  First , 
i t  i s  no t  clea r  ho w specifi c  th e informatio n represente d 
i n th e hierarch y shoul d be .  Shoul d ther e b e a n explici t 
leve l  fo r  a  mal e hittin g a  female ? Second ,  a  combinato -
ria l  explosio n proble m occur s whe n ne w informatio n i s 
aidde d t o memory ,  sinc e ther e ar e a n enormou s numbe r 
of  way s tha t  share d feature s ca n b e combine d t o inde x 
th e ne w information .  Third ,  th e proces s o f  searchin g 
th e hierarch y introduce s seriou s complexities .  Wit h 
spreadin g activatio n systems ,  fo r  example ,  th e searc h 
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Figur e 1 :  S e m a n t i c n e t w o r k wi t h a  hierarch y o f  H I T 
acts .  Singl e a r row s indicat e parent/chil d (is-a )  rela -
tionships .  Straigh t  line s indicat e role/fille r  relation -
ships .  D o u b l e a r row s labele d " = "  signif y equivalenc e 
relationships . 

p rocedur e itsel f  i s  s impl e b u t  th e complex i t y i s h idde n 
i n th e p rocedur e fo r  de termin in g th e lin k weights . 

Paralle l  Distribute d Processin g ( P D P )  S y s t e m s rep -
resen t  concept s a s pattern s o f  activatio n i n a  highl y in -
terconnecte d networ k o f  unit s [Rumelhar t  an d McClel -
land ,  1986] .  P D P system s provid e inheritanc e betwee n 
concept s b y havin g th e pattern s fo r  a  genera l  concep t 
an d it s descendant s shar e parts ,  s o tha t  an y effect s 
cause d b y th e patter n fo r  th e genera l  concep t  wil l  b e 
transferre d ove r  t o it s descendant s [Hinton ,  1981] .  Ex -
ception s ar e encode d b y th e part s o f  th e patter n tha t 
ar e no t  shared ,  s o tha t  th e uniqu e part s o f  th e patter n 
ca n overrid e informatio n fro m th e ancestors .  Proposi -
tiona l  informatio n i s store d i n P D P system s b y usin g 
triple s o f  th e for m (Role l  Relatio n Role2) .  A  sequenc e 
of  proposition s ca n b e encode d i n a  P D P networ k (e.g . 
[Pollack ,  1988] )  b y generatin g a  reduce d descriptio n 
(ove r  th e hidde n units )  fo r  a  triple ,  an d presentin g i t 
as inpu t  alon g wit h th e nex t  tripl e i n th e sequence . 

P DP system s offe r  a  solutio n t o th e problem s plagu -
in g symbolic/localis t  system s fo r  storin g hierarchica l 
informatio n an d generatin g inference s becaus e they : 
(1 )  d o no t  nee d t o m a k e a  discret e decisio n abou t  wha t 
knowledg e structure s t o includ e i n th e network .  T h e 
exten t  t o whic h a  concep t  exist s i n th e hierarch y i s 
determine d b y statistica l  correlation s betwee n trainin g 
patterns ,  (2 )  avoi d combinatori c problem s sinc e th e 
networ k automaticall y determine s (throug h th e learn -
in g procedure )  whic h o f  th e share d feature s ar e salient , 
an d (3 )  us e a n extremel y simpl e processin g mechanism . 

Unfortunately ,  P D P system s suffe r  fro m thei r  o w n 
uniqu e problem s becaus e the y hav e a  ver y limite d rep -

resentatio n o f  structure d knowledg e an d the y stor e to o 
m u ch informatio n i n a  singl e network .  T h e firs t  prob -
le m i s  tha t  i t  take s a n enormou s a m o u n t  o f  tim e t o 
trai n th e networ k becaus e o f  th e incredibl y larg e num -
ber  o f  concept s tha t  i t  mus t  hold .  T h e secon d proble m 
i s th e Knowledge-Leve l  Parallelis m Proble m [Sumid a 
an d Dyer ,  1989] .  Sinc e th e networ k ca n o n y  stor e 
or  retriev e on e tripl e a t  a  time ,  i t  i s  no t  possibl e t o 
searc h larg e amount s o f  knowledg e i n parallel .  Thi s i s 
particularl y problemati c i n inferencing ,  wher e a  larg e 
number  o f  alternative s mus t  b e pursue d i n paralle l  fo r 
efficienc y reasons . 

Parallel Distributed Semantic (PDS) 

Network s 

The PD S networ k approac h i s t o combin e th e bes t  fea -
ture s o f  symbolic/localis t  semanti c network s an d PD P 
approache s by :  (1 )  Storin g th e conten t  o f  a  symboli c 
hierarch y i n a n ensembl e o f  PD P units .  Fo r  exam -
ple ,  th e HI T hierarch y o f  Figur e 1  i s store d i n a  PD P 
network ,  a s show n i n Figur e 2 .  Similarly ,  informa -
tio n abou t  human s i s store d i n a  secon d PD P network . 
Each leve l  o f  th e hierarch y i s represente d a s a  pat -
ter n o f  activit y ove r  th e appropriat e ensemble .  Fo r 
instance ,  HUMAN-HIT-HUMAN an d BOXER-HIT -
B O X ER ar e store d a s alternativ e pattern s o f  activatio n 
over  th e HI T ensemble .  (2 )  Connectin g th e PD P net -
work s accordin g t o th e structur e o f  a  semanti c network . 
I n Figur e 2 ,  th e HI T an d H U M AN PD P network s ar e 
connecte d i n th e sam e genera l  manne r  a s i n Figur e 1 . 

ooo o 

acto r  rol e 
O O OO 

objec t  role 
OOOO 

ooo o 

se x rol e 
o o o o 

occupauo n 
o o o o 

^ O O  O  O ^  (j i  O  O  O ^  Q o O  o  o" ) 

Figur e 2 :  T w o P D P network s fo r  storin g th e hierarch y 
of  Figur e 1 .  T h e circle d dot s i n th e figur e indicat e a n 
ensembl e o f  units .  T h e conceptua l  ensemble s (i.e. ,  H I T 
an d H U M A N)  ar e labelle d wit h capita l  letter s an d th e 
rol e ensemble s ar e indicate d b y lower-cas e label s place d 
insid e th e ova l  o f  units . 

In a previous paper [Sumida and Dyer, 1989], we 
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showed ho w P D S network s stor e stati c rol e bindiiins , 
i n whic h a  previousl y encountere d concep t  i s Wound L o 
a rol e o f  a  know n proposition .  Thi s pape r  demonstrate s 
how P D S network s hav e bee n expande d t o creat e gen -
eralization s an d t o generat e dynami c inferences .  I n 
orde r  t o generat e dynami c inferences ,  P D S networks : 
(1 )  stor e eac h hierarch y i n th e appropriat e networ k b y 
presentin g trainin g instance s an d havin g th e networ k 
automaticall y generat e th e prope r  generalizations ,  (2 ) 
classif y ne w inpu t  accordin g t o th e prope r  leve l  o f  th e 
hierarch y fro m th e generalization s mad e durin g train -
ing ,  an d (3 )  propagat e pattern s fo r  th e rol e binding s t o 
th e proper ,  relate d networks .  Fo r  example ,  t o under -
stan d Tex t  2  usin g P D S networks :  (1 )  th e HI T hierar -
chy i s store d b y trainin g th e HI T networ k o n a  num -
ber  o f  instance s o f  human s hittin g on e anothe r  an d 
boxer s hittin g boxers .  Th e networ k the n generalize s 
th e trainin g dat a t o lear n pattern s fo r  H U M A N - H I T -
H U M AN an d BOXER-HIT-BOXER ,  (2 )  a  ne w pat -
tern ,  Dougla s hi t  Tyson ,  i s presente d an d classifie d a s 
th e B O X E R - H I T - B O X E R leve l  o f  th e hierarch y tha t 
was generalize d fro m th e trainin g instances ,  an d (3 ) 
th e Dougla s an d Tyso n pattern s ar e propagate d t o th e 
COMPETIT IVE-ACTIV IT Y network . 

Storing Information in PDS Networks 

Hierarchica l  informatio n i s store d i n a  P D S networ k 
by generatin g a  uniqu e patter n (fo r  eac h trainin g in -
stance )  tha t  represent s a  reduce d descriptio n o f  th e in -
put .  Th e networ k automaticall y generalize s fro m thes e 
trainin g pattern s t o generat e a  patter n tha t  represent s 
a leve l  o f  th e hierarchy .  Fo r  example ,  t o represen t  th e 
BOXER-H IT -BOXER leve l  fro m Figur e 1 ,  a  numbe r 
of  instance s o f  boxer s hittin g on e anothe r  ar e presente d 
t o th e network ,  a  uniqu e patter n i s generate d fo r  each , 
and th e networ k generalize s fro m thes e pattern s t o gen -
erat e th e patter n fo r  BOXER-HIT-BOXER .  A  reduce d 
descriptio n o f  th e inpu t  i s generate d b y usin g a  slightl y 
modifie d versio n o f  th e standar d encode r  network .  I n a 
standar d encode r  network ,  th e inpu t  an d outpu t  layer s 
have th e sam e numbe r  o f  unit s an d ar e presente d wit h 
exactl y sam e pattern .  Th e weight s ar e modifie d s o tha t 
th e inpu t  pattern s ar e traine d t o recreat e themselve s 
as output .  Th e resultin g patter n ove r  th e hidde n unit s 
i s take n t o represen t  th e reduce d description .  I n th e 
modifie d networ k tha t  w e use ,  th e sam e se t  o f  unit s i s 
used fo r  bot h th e inpu t  an d outpu t  layers .  Th e net -
wor k ca n b e viewe d a s a n encode r  ne t  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  connections :  fro m th e singl e input/outpu t  laye r 
t o th e hidde n laye r  an d fro m th e hidde n laye r  bac k t o 
th e input/outpu t  layer . 

As a n example ,  conside r  th e simplifie d figure  o f  th e 
H U M AN ensembl e show n i n Figur e 3 .  Th e networ k 
relate s th e representatio n o f  a  huma n wit h th e fea -
ture s o f  tha t  person .  Th e sex ,  height ,  an d occupatio n 
rol e group s cumulativel y represen t  th e input/outpu t 
laye r  an d th e H U M AN grou p represent s th e hidde n 

units .  Th e blac k arrow s indicat e connection s fro m th e 
input/outpu t  laye r  t o th e hidde n layer ,  an d th e gre y 
arrow s indicat e connection s fro m th e hidde n laye r  bac k 
t o th e input/outpu t  layer .  Th e thic k line s i n th e figure 
connec t  a  rol e grou p t o a n ensembl e whic h ca n fill  i t 
and indicat e link s whic h propagat e a  patter n withou t 
changin g it .  Th e jagge d line s i n th e figure  ar e sug -
gestiv e o f  th e pattern s o f  activatio n tha t  ar e presente d 
t o th e network .  Suppos e tha t  w e wan t  t o trai n th e 
networ k o f  Figur e 3  o n a  tall ,  mal e boxer .  W e nee d 
t o generat e a  uniqu e patter n i n th e H U M AN ensembl e 
tha t  i s a  reduce d descriptio n o f  th e inpu t  an d tha t  rep -
resent s th e boxer .  Th e patter n i s generate d b y placin g 
th e feature s fo r  th e boxe r  int o th e appropriat e ensem -
ble s (mal e int o th e SE X ensemble ,  tal l  int o th e SIZ E 
ensemble ,  an d boxe r  int o th e J O B ensemble) ,  propa -
gatin g th e pattern s int o th e input/outpu t  rol e ensem -
ble s (mal e fro m SE X t o se x role ,  tal l  fro m SIZ E t o 
heigh t  role ,  an d boxe r  fro m J O B t o occupatio n role , 
as indicate d b y th e singl e dotte d arrow s i n th e figure), 
and trainin g th e networ k b y alterin g th e connection s 
betwee n th e rol e group s an d th e H U M AN unit s tha t 
for m th e hidde n laye r  (th e doubl e dotte d arrow s indi -
cat e th e trainin g process) .  Th e resultin g patter n ove r 
th e H U M AN unit s (Boxerl )  represent s th e boxer . 

HUMAN 

Boxer  1 

m 
occupatio n M w ( ^ ^  / J t \ ( ^ f ^ 

5EX SIZ E I JOB 

/W\aC°°5 )  /vJf\(°°I° )  aW\c°£°H > 
= inal e 

O O OO 
= tall = boxer 

Figur e 3 :  Representin g a  boxe r  i n th e H U M AN net -
work . 

Suppose that we now want to represent a proposition 
fo r  on e boxe r  hittin g another ,  specifically ,  (Boxerl -
HIT-Boxer2) .  Th e ide a i s t o us e exactl y th e sam e 
metho d describe d abov e fo r  representin g a  human ,  bu t 
thi s tim e applie d t o th e HI T networ k o f  Figur e 4 .  Thus , 
th e Boxer l  patter n i s propagate d fro m H U M AN t o th e 
acto r  rol e o f  HIT ,  th e Boxer 2 patter n i s generate d i n 
th e sam e manne r  describe d abov e an d the n propagate d 
fro m H U M AN t o th e objec t  rol e o f  HIT ,  an d th e net -
wor k i s traine d s o tha t  th e input/outpu t  patter n (th e 
conjunctio n o f  Boxer l  an d Boxer2 )  wil l  recreat e itsel f 
as output .  Th e resultin g patter n ove r  th e hidde n HI T 
unit s i s th e representatio n an d reduce d descriptio n fo r 
th e propositio n (BOXER1-HIT-BOXER2) . 

The othe r  trainin g instance s ar e create d i n exactl y 
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HIT 
BOXERl-
HIT-B0XER2 - m 

^ ( ^ )  l ^ c ^ 

Boxe r  1 M a -
Boxer  2 

HUMAN 

Figur e 4 :  Representin g on e boxe r  hittin g anothe r  i n 
th e HI T network . 

th e sam e manner .  Variou s human s ar e represente d i n 
th e H U M AN networ k b y presentin g thei r  feature s an d 
generatin g a  reduce d description .  Variou s hi t  act s ar e 
represente d i n th e HI T networ k b y presentin g th e acto r 
and objec t  an d agai n generatin g a  reduce d description . 

Classifying the Input and Propagating 

Ro l e Binding s 

As a  resul t  o f  th e trainin g process ,  th e hidde n unit s 
lear n t o classif y th e inpu t  b y respondin g t o commo n 
feature s o f  th e trainin g patterns .  Particula r  hidde n 
unit s develo p pattern s tha t  generaliz e fro m th e feature s 
shown durin g trainin g an d thu s represen t  a  leve l  o f  th e 
hierarchy .  Fo r  example ,  i n th e simulation s describe d 
i n th e nex t  section ,  tw o o f  th e HI T unit s respon d wit h 
a patter n o f  "01 "  whe n tw o boxe r  pattern s ar e pre -
sented .  Th e hidde n unit s allo w th e networ k t o classif y 
a ne w concep t  base d o n it s similarit y t o one s see n dur -
in g training .  W h e n th e patter n fo r  th e ne w concep t  i s 
presented ,  th e hidde n unit s tha t  ar e sensitiv e t o it s fea -
ture s becom e activated .  Th e patter n ove r  thes e unit s 
serve s t o classif y th e input .  Th e hidde n unit s als o hel p 
th e networ k perfor m patter n completio n fro m partia l 
or  nois y input ,  s o tha t  whe n a n unfamilia r  patter n i s 
presente d tha t  i s simila r  t o a  know n one ,  th e hidde n 
unit s wil l  respon d t o th e simila r  feature s an d recreat e 
th e know n pattern . 

The subse t  o f  hidde n unit s tha t  classifie s th e in -
put  act s a s a  Propagatio n Filte r  tha t  direct s wher e 
rol e binding s ar e propagated .  Propagatio n filters  ar e 
base d o n th e ide a o f  skeleto n filters  [Sejnowski ,  1981 , 
Hinton ,  198l ]  whic h us e a  patter n ove r  on e grou p o f 
unit s t o enabl e a  restricte d subse t  o f  a  grou p o f  fil-
te r  units .  Propagatio n filters  consis t  of :  (1 )  group s o f 
filter  units ,  eac h o f  whic h gat e th e connectio n fro m a 
sourc e t o a  destinatio n an d (2 )  a  se t  o f  selecto r  unit s 
tha t  choos e whic h filter  grou p t o enable .  Th e patter n 
over  th e selecto r  unit s open s u p th e prope r  filter  grou p 
by drivin g it s unit s abov e threshold .  Fo r  example ,  i n 

Figur e 5 ,  th e "01 "  patter n ove r  unit s 2  an d 3  o f  th e 
selecto r  open s u p group l  o f  th e filter,  whic h allow s th e 
patter n t o b e passe d fromsource l  t o destinationl .  Th e 
patter n i n source 2 i s no t  propagate d becaus e th e unit s 
i n group 2 remai n wel l  belo w threshold . 

selecto r 
A J l A < i ^ ^ 

^ o o o V 

source l fille r  group l 

-^ooocT ) 
destinatio n 1 

(jJOOtT ) 

source2 fille r  group 2 

O O  O  O 

destination! 

Figur e 5 :  A  Propagat io n Filte r  wit h g roup l  enable d 
a n d g roup 2 disabled . 

T o illustrat e h o w propagatio n filters  ar e applie d t o 
propagatin g rol e bindings ,  suppos e tha t  w e trai n th e 
networ k o n n u m e r o u s examp le s o f  boxer s hittin g on e 
anothe r  a n d o f  peopl e hittin g othe r  people .  A s w e m e n -
tione d earlier ,  on e resul t  o f  th e trainin g i s tha t  t w o o f 
th e H I T unit s lear n t o respon d wit h " 0 1 "  w h e n tw o 
boxe r  pattern s ar e presente d an d wit h " 1 0 "  o r  " 0 0 " 
w h e n t w o non-boxer s ar e presented .  Thes e t w o unit s 
constitut e a  selecto r  tha t  enable s th e filters  connectin g 
th e role s o f  HI T wit h th e role s o f  COMPETIT IVE -
ACTIVITY ,  provide d tha t  th e patter n ove r  th e tw o 
unit s  i s "01" .  Similarly ,  th e tw o unit s enabl e th e filters 
connectin g th e role s o f  HI T wit h th e role s o f  A N G ER i f 
th e patter n i s "10 "  o r  "00" .  Fo r  example ,  suppos e tha t 
we tes t  th e networ k o n [Dougla s HI T Tyson ]  b y gener -
atin g th e patter n fo r  Dougla s i n th e H U M AN networ k 
(b y th e procedur e show n i n Figur e 3) ,  propagatin g th e 
Dougla s patter n t o th e acto r  rol e o f  HIT ,  an d gener -
atin g th e Tyso n patter n i n H U M AN an d propagatin g 
i t  t o th e objec t  rol e o f  HIT .  A s illustrate d i n Figur e 6 , 
th e networ k classifie s i t  a s B O X E R - H I T - B O X E R b y 
generatin g th e "01 "  patter n ove r  th e tw o HI T units . 
The "01 "  patter n enable s th e filter  grou p tha t  con -
nect s th e acto r  o f  HI T wit h th e first  participan t  rol e 
of  C O M P E T I T I V E - A C T I V I T Y an d th e objec t  o f  HI T 
wit h th e secon d participan t  rol e o f  C O M P E T I T I V E -
ACTIVITY .  Thus ,  th e Dougla s patter n i s propagate d 
t o th e participant l  rol e an d Tyso n t o participant2 . 
The filters  tha t  connec t  th e acto r  an d objec t  role s o f 
HI T wit h th e role s o f  A N G ER (no t  show n i n th e fig-
ure )  ar e no t  enabled ,  sinc e the y requir e tha t  th e tw o 
selecto r  unit s hav e a  patter n o f  "10 "  o r  "00" .  A s a 
result ,  th e Dougla s an d Tyso n pattern s ar e no t  prop -
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agate d t o A N G E R.  Not e tha t  i f  th e inpu t  ha d lu-ei i 
[Joh n H I T Mary ]  a s i n Tex t  1 ,  the n th e tw o HI T unit s 
woul d respon d wit h "10" ,  whic h woul d instea d ope n 
th e filters  fro m H I T t o A N G E R an d resul t  i n Joh n be -
in g propagate d t o th e acto r  rol e o f  A N G E R an d Mar y 
t o th e objec t  role . 

HIT 
COMPETmVE-
ACriVIT Y 

Douglas -
Hrr-iyson : 

acto r 
^O O  O  O^ 

Douglas=/yvi/---*Aw\- -
I f 

object ^ 
>̂ oo O ^ 

- — / M 

pait 2 
o o o o 

•  •  •  • 

T y s o n = / ^  A W \ -  A W \ 

Figur e 6 :  Testin g th e HI T networ k o n [Dougla s 
HI T Tyson] .  Th e "01 "  patter n ove r  th e tw o 
unit s o f  H I T open s th e filters  connectin g H I T wit h 
C O M P E T I T I V E - A C T I V I T Y ,  an d allow s th e Dougla s 
and Tyso n pattern s t o b e propagated . 

I m p l e m e n t a t i o n De ta i l s a n d S i m u l a t i o n 

R e s u l t s 

P DS Network s ar e implemente d i n a  natura l  languag e 
understandin g syste m calle d D C A I N whic h i s writte n 
i n th e C  programmin g languag e an d i s  full y  imple -
mente d o n th e example s show n above .  I n ou r  sim -
ulations ,  th e H U M AN networ k wei s divide d int o th e 
followin g 8  rol e groups :  occupatio n (boxer ,  business -
man,  caree r  w o m a n o r  teacher) ,  strengt h (strong ,  aver -
age,  o r  weak) ,  heigh t  (tall ,  medium ,  o r  short) ,  weigh t 
(heavy ,  average ,  o r  light) ,  se x (mal e o r  female) ,  hai r 
colo r  (blond ,  brown ,  red ,  o r  black )  an d lengt h (short , 
medium,  o r  long) ,  eye-colo r  (blu e o r  brown) ,  an d skin -
colo r  (dar k o r  light) . 

The followin g i s a  lis t  o f  th e task s o n whic h P D S 
network s wer e tested .  I n ever y case ,  th e networ k per -
forme d successfully :  (1 )  Retrievin g th e correc t  (i.e. , 
consisten t  wit h th e trainin g data )  feature s give n a  sin -
gl e characteristic .  Fo r  example ,  give n th e boxe r  occu -
pation ,  th e networ k correctl y filled  i n th e strong ,  tal l 
and heav y features .  (2 )  Retrievin g th e correc t  huma n 
give n enoug h distinguishin g characteristics .  (3 )  Cate -
gorizin g familia r  H I T act s (i.e. ,  thos e see n durin g train -
ing )  an d generatin g th e prope r  inferences .  (4 )  Cate -
gorizin g neu )  H I T act s involvin g familia r  human s an d 
generatin g th e prope r  inferences .  N e w hi t  ax:t s wer e 
create d b y selectin g a  pai r  o f  familia r  human s w h o m 
th e networ k ha d no t  see n hi t  on e another .  (5 )  Catego -
rizin g ne w H I T act s involvin g ne w human s an d gener -

atin g th e prope r  inferences .  N e w human s wer e create d 
by varyin g irrelevan t  feature s (suc h a s hai r  an d eye -
color )  o f  th e human s tha t  th e networ k ha d see n durin g 
training . 

Future Work 

DCAIN need s t o b e expande d to :  (1 )  dynamicall y 
for m th e overal l  PD S networ k structure .  DCAI N ca n 
add ne w informatio n an d for m generalization s withi n a 
singl e networ k whil e avoidin g th e problem s o f  localis t 
systems .  However ,  D C A I N doe s no t  currentl y lear n 
th e overal l  structur e o f  th e system ,  an d mus t  b e ex -
pande d t o d o so .  (2 )  includ e structura l  languag e infor -
matio n an d incorporat e mor e conceptua l  knowledge , 
(3 )  addres s th e issu e o f  ambiguity ,  (4 )  addres s timin g 
and sequencin g issues ,  an d (5 )  incorporat e element s o f 
explanation-base d generalization . 

Conclusions 

Paralle l  Distribute d Semanti c (PDS )  Network s stor e 
th e conten t  o f  symboli c hierarchie s i n ensemble s o f 
P DP networks ,  connec t  th e network s i n th e manne r 
of  a  semanti c network ,  an d us e propagatio n filters  t o 
perfor m dynami c inferencing .  P D S Network s ar e im -
plemente d i n D C A I N ,  a  natura l  languag e understand -
in g syste m that :  (1 )  use s a  simpl e procedur e fo r  de -
terminin g lin k weigh t  values ,  (2 )  exploit s automati c 
generalization ,  (3 )  represent s structure ,  (4 )  provide s 
knowledge-leve l  parallelism ,  an d (5 )  drasticall y reduce s 
trainin g time .  Thus ,  D C A I N ha s a  numbe r  o f  ad -
vantage s ove r  previou s connectionis t  systems ,  an d in -
tegrate s th e bes t  feature s o f  symboli c an d P D P ap) -
proache s whil e avoidin g thei r  associate d problems . 
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