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Knowledg e representatio n wa s studie d fo r  simpl e recurren t 
network s whic h wer e traine d t o respon d t o th e semantic s o f 
entir e statements .  I n th e first  se t  o f  smdies ,  network s wer e 
traine d t o recal l  categor y membershi p fo r  objects .  Th e 
representation s showe d clea r  differentiatio n b y category . 
Moreover ,  simpl e inheritanc e o f  feature s wa s demonstrated . 
I n othe r  studies ,  network s wer e traine d t o respon d t o kinshi p 
relationship s eac h o f  whic h wa s presente d sequentially .  Th e 
network s wer e show n t o recogniz e indirec t  description s o f 
people .  A n analysi s o f  th e hidde n unit s showe d hig h 
correlation s fo r  relate d questions .  Moreover ,  analysi s o f 
individua l  bit s showe d tha t  som e see m t o detec t  feanires . 

Knowledge Representation with Neural Networks 
Whil e Simpl e Recurren t  Network s (SRNs )  hav e bee n 
show n t o lear n severa l  interestin g tempora l  integratio n 
tasks ,  includin g task s tha t  ar e relevan t  t o natura l 
languag e processing ,  littl e i s  k n o w n abou t  h o w the y 
perfor m thos e tasks .  Althoug h som e previou s wor k 
has explore d th e representation s o f  S R N s ,  i t  i s  unclea r 
what  part ,  i f  any ,  th e semantic s o f  th e entir e statemen t 
playe d i n thes e effects .  Specifically ,  E lma n (1990 ) 
has show n tha t  networic s predicte d successiv e term s i n 
pseudo-sentences ,  an d term s whic h wer e likel y t o 
occu r  togethe r  wer e clustere d together .  I n addition , 
Harri s an d E lma n (1989 )  studie d trajectorie s i n 
principl e component s spac e fo r  thi s task .  Furthermor e 
th e prediction s fo r  thes e task s ar e o f  a  lo w level ,  an d i t 
seems likel y tha t  th e computationa l  complexit y o f  th e 
prediction s woul d s w a m p an y practica l  us e o f  th e 
higher-leve l  effects .  O n th e othe r  hand ,  i t  seem s 
possibl e tha t  th e h u m a n languag e syste m incorporate s 
a variet y o f  source s o f  feedback ,  includin g successiv e 
words ,  an d i t  i s  possibl e tha t  som e combinatio n o f  th e 
differen t  type s o f  feedbac k wor k togethe r  i n h u m a n 
languag e performance . 

In this research, a variety of simple tasks were 
presente d t o modifie d S R N s an d th e activation s o f  th e 
hidde n unit s wer e examined .  I n al l  o f  th e studies , 
erro r  correctio n wa s m a d e fo r  th e entir e statement . 
T h e activation s wer e examine d directly ,  withou t 
possibl y obfuscatin g high-leve l  statistics . 

Network Architecture 
Figur e 1  illustrate s th e networ k employe d i n mos t  o f 
th e followin g research .  Thi s networ k i s differen t  fro m 
th e basi c S R N s i n a  numbe r  o f  ways .  First ,  a  m e m o r y 
ter m ha s bee n adde d t o th e stat e units .  Second ,  th e 
entir e questio n an d on e additiona l  cycl e wit h nul l 
input s ar e presente d (se e als o Sect .  9  o f  Alle n 1990 ) 
prio r  t o an y erro r  correction .  Furthermore ,  a s show n 
i n Figur e 1 ,  th e networ k i s connecte d wit h fixe d one -

to-on e weight s betwee n th e input s an d hidde n units . 
Thes e weight s wer e fixe d becaus e erro r  correctio n 
occurre d onl y afte r  al l  o f  th e inpu t  pattern s ha d bee n 
presente d an d th e input s wer e "off .  Parametri c pilo t 
studie s showe d tha t  fixed  weight s o f  6  wer e mos t 
effectiv e fo r  "on "  input s an d - 1 fo r  "off '  inputs .  Th e 
networ k parameter s were :  m o m e n t u m ,  a=0.9 ; 
learnin g rate ,  r|=0.01 ;  hidden-stat e copy ,  P=1.0 ;  an d 

stat e memory ,  |i.=0.5 . 

Figur e 1 .  Basi c Networ k Architectur e 

Simple Categorization and Inheritance 
O ne are a i n whic h a  hierarchica l  structur e migh t  b e 
expecte d t o develo p i n th e hidde n uni t  activation s i s 
wit h categorizatio n o f  objects .  Thus ,  a  corpu s wa s 
develope d o f  true/fals e question s wit h 4  categorie s 
identifie d an d 3  "objects "  assigne d t o each .  Moreover , 
eac h categor y wa s associate d wit h a  singl e "feature" . 
Altogethe r  ther e wer e 27 0 sentence s i n th e corpus . 
Th e fou r  o f  thes e describin g th e relationshi p betwee n 
objec t  1  an d categor y 0  wer e withhel d an d use d fo r 
th e transfe r  test .  Network s wit h 2 5 inpu t  units ,  4 0 
hidde n an d stat e units ,  an d 2  outpu t  units ,  25-40*-2 , 
learne d thi s tas k withou t  erro r  afte r  3 2 5 K patter n 
presentations . 

The networks correctly answered the transfer 
question s an d thu s appeare d t o sho w limite d 
'inheritance' .  Th e reaso n fo r  thi s effect ,  a s show n i n 
Tabl e 1 ,  i s  tha t  simila r  pattern s o f  weight s wer e 
generate d b y th e objec t  an d categor y questions .  Whil e 
thi s resul t  seem s simplisti c i t  ha s som e appeal ,  i n tha t 
th e effect s o f  categor y names ,  prototypica l  objects , 
bot h type s o f  question s produc e simila r 
transformation s o f  th e stat e vectors .  O n th e othe r 
hand ,  othe r  simpl e operation s ar e no t  supporte d b y thi s 
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model .  Fo r  instance ,  network s wer e no t  abl e t o 
transfe r  whe n trainin g sentence s linkin g th e categorie s 
t o feature s wer e withheld .  Th e network s showe d 
'inheritance '  bu t  no t  abstraction .  Th e additio n o f  a 
smal l  amoun t  o f  jitte r  (e.g. ,  0.000000 1 *  ne t  input )  t o 
th e hidde n uni t  activation s reduce d th e numbe r  o f 
cycle s t o reac h lo w erro r  (abou t  0.05 )  b y abou t  10% . 
As a  tes t  o f  th e importanc e o f  th e memor y term ,  |i. ,  o n 
th e stat e units ,  a  networ k wa s ru n withou t  a  memor y 
ter m (Elman ,  1990 )  an d n o learnin g wa s observed . 

Table 1. Roughly Orthogonal State-Unit Weights 

0 
1 
2 
3 

categor y 

bi t  2 8 bi t  2 9 

-3 6 4 7 

-1 6 -2 0 

16 -4 1 
11 3 3 

objec t 

bi t  2 8 bi t  2 9 

-2 7 3 7 

6 -1 4 

11 -2 7 

19 3 8 

Scalin g Feature s i n Categorie s 
SRNs hav e bee n appUe d onl y t o to y problems .  Th e 
issu e o f  whethe r  th e techniqu e w L U scal e t o larg e 
stimulu s set s i s crucia l  fo r  practica l  applications .  A s a 
proble m get s large r  w e w o u l d hop e find  tha t  eac h 
componen t  o f  th e prob le m get s easier .  T h u s ,  th e 
functio n o f  th e n u m b e r  o f  presentation s t o 
convergenc e fo r  larg e problem s shoul d b e subhnear . 
T h e categorizatio n tas k abov e m a y b e scale d b y 
increasin g th e n u m b e r  o f  object s pe r  categor y an d 
givin g th e networ k a  surplu s o f  hidde n units .  Figur e 2 
show s th e scalin g i s  S-shape d fo r  1 0 average d run s 
wit h firo m 2  t o 6  object s i n eac h o f  5  categories . 
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Figur e 2 .  Scalin g b y Object s pe r  Categor y 

Kinship 
T h e representatio n o f  kinshi p relationship s ca n b e a 
highl y structure d knowledge-representatio n task . 
Back-propagatio n trainin g ha s bee n appUe d t o th e 
learnin g o f  kinshi p relationship s (Hinto n 1986 )  bu t 
onl y wit h simpl e three-ter m relationship s wh ic h ha d 
n o tempora l  processin g o f  th e inputs .  Nonetheless , 
Hinto n demonstrate d tha t  feature s relevan t  t o th e 
kinshi p relationship s wer e observe d i n th e hidde n 
layer ,  a t  leas t  fo r  tfie  highl y constraine d architectur e 
h e employed .  I n compariso n t o Hinton' s approach , 
S R Ns hav e th e potentia l  fo r  arbitrar y lengt h 

descriptions .  Moreove r ,  th e S R N s m a y b e traine d t o 
answe r  question s abou t  kinshi p o r  t o respon d t o th e 
trut h o f  th e assertions . 

Procedure 
Question s wer e develope d base d o n th e kinshi p 
relationship s show n i n Figur e 3  whic h describ e 1 2 
peopl e i n on e family .  I n th e corpus ,  question s 
involvin g a  secon d family ,  wit h a n identica l  structure , 
wer e als o included .  Th e tota l  lexico n wa s 4 0 inpu t 
term s an d 2 7 outpu t  terms .  S o m e o f  th e term s wer e 
compresse d phrases ;  fo r  instance ,  th e phras e "th e 
fathe r  o f  wa s compresse d t o "fatherof' .  Th e kinshi p 
relation s wer e "motherof ,  "fatherof ,  "sonof , 
"daughterof ,  "sisterof ,  "brotherof ,  "wifeof ,  an d 
"husbandof . 

Table 2. Examples of Training Statements 

typ e 

whoi s 

kinre l 

agere l 

gende r 

tru e 

fals e 

number 

80 

40 

46 

24 

205 

205 

exampl e questio n answe r 

whoi s mothero f  niA 2 fA O 

kinre l  fB 2 fB 3 mothero f 

agere l  fA 3 fA 2 youngertha n 

gende r  m A 5 mal e 

daughtero f  fA 2 fA 3 tru e 

wifeo f  m A 5 fA 5 fals e 

Th e corpu s include d bot h question s an d tru e o r  fals e 
statements .  A s show n i n Tabl e 2 ,  fou r  type s o f  bas e 
question s wer e employed .  Thi s resulte d i n 19 0 bas e 
question s fo r  eac h o f  th e tw o families .  Moreover , 
individual s coul d b e specifie d indirectly .  Fo r  instance , 
" m A 2 "  (i.e. ,  mal e 2  i n famil y A )  coul d als o b e 
describe d a s "fathero f  fA3" .  Thus ,  th e question s 
"kinre l  mothero f  fA 3 m A 2 "  an d "kinre l  fA 2 fathero f 
fA3 "  ar e equivalen t  t o askin g fo r  th e kinshi p 
relationshi p betwee n fA 2 an d m A 2 ,  an d th e answe r  i s 
tha t  the y ar e married .  Th e expande d corpu s include d 
al l  possibl e indirec t  description s o f  th e individual s an d 
had a  tota l  o f  439 1 questions .  Presumabl y thi s i s 
becaus e th e feedbac k fro m th e true/fals e response s 
was inadequat e t o develo p th e relativel y comple x 
discrimination s required . 

A 40-80*-38 network (40 locally encoded input units, 
80 hidde n units ,  8 0 stat e units ,  an d 3 8 locall y encode d 
outpu t  units )  wa s traine d fo r  650 K pattern s o n th e 
basi c corpu s (withou t  variations) .  Indirec t 
specification s fo r  th e peopl e wer e introduce d an d th e 
networ k wa s traine d fo r  a n additiona l  1250 K patterns . 

Results 
T h e value s o f  hidde n unit s wer e inspecte d durin g th e 
response s t o individua l  questions .  Becaus e th e 
procedur e i n wh ic h hidden-uni t  value s we r e copie d i n 
a one-to-on e correspondenc e wit h individua l  stat e 
units ,  a  larg e positiv e weigh t  be twee n th e stat e uni t 
an d th e correspondin g hidde n uni t  effectivel y latche d 
thos e units .  T h e networ k ha d 3 2 . 0 % suc h weight s (3 7 
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Figur e 3 .  Templat e fo r  Kinshi p Relationship s 

out of a possible 116) which were above an arbitrary 
threshol d (2.5 )  whil e onl y 1.3 % o f  th e othe r  weight s 
(7 9 o f  6320 )  exceede d tha t  threshold . 

It is also of interest to compare the representations 
acros s relate d questions .  Th e Pearso n r  correlatio n 
statisti c wa s use d a s a  measur e o f  th e similarit y o f  set s 
of  hidde n units .  Correlation s wer e compute d betwee n 
hidde n uni t  vector s a t  th e poin t  whe n th e respons e wa s 
made.  Correlation s fo r  a  typica l  questio n ar e show n i n 
Tabl e 3 .  I t  ca n b e see n tha t  many ,  bu t  no t  al l  o f  th e 
most  highl y correlate d sentence s ar e semanticall y 
relate d t o th e targe t 

Table 3. Examples of Question Correlations with Targets 

correlatio n 

targe t 

0.9752 * 

0.965 2 

0.950 8 

0.943 2 

0.940 8 

0.936 5 

0.930 6 

0.926 4 

0.919 8 

0.9184 * 

questio n 

mA2husbandoffA 2 

sono f  m A O husbando f  fA 2 

m A4 husbando f  fA 4 

husbando f  fA 2 m A 2 

sono f  husbando f  fB l  m B 5 

sono f  m B l  husbando f  fB 5 

daughtero f  f B 1  sistero f  m B 5 

m B4 husbando f  daughtero f  m B O 

daughtero f  f B 1  daughtero f  f B 1 

daughtero f  f B 1  daughtero f  m B 1 

m A2 husbando f  daughtero f  f  A l 

answer 

tru e 

tru e 

tni e 

tru e 

tru e 

tru e 

tru e 

tru e 

tme 
tru e 

tru e 

Th e starre d correlation s ar e fo r  question s whic h ar e 
identica l  i n meanin g t o th e targe t  question .  Whil e th e 
starre d statement s sugges t  tha t  ther e i s som e similarit y 
betwee n th e targe t  an d it s variations ,  ther e ar e man y 
variation s an d i t  i s  wort h compilin g summar y 
statistics .  Th e mea n ran k acros s al l  variation s o f  th e 
targe t  statemen t  i s show n i n th e cente r  o f  Tabl e 4 .  I n 
addition ,  th e corpu s contain s othe r  statement s tha t  ar e 
essentiall y  identica l  i n meanin g wit h th e targe t 
sentence ,  an d th e mean s o f  th e variation s o f  thos e 
sentence s ar e als o show n i n th e cente r  colum n o f 
Tabl e 4 .  Becaus e th e tota l  numbe r  o f  tru e statement s 
i s 157 6 i t  ca n b e see n tha t  th e statemen t  form s ar e 

abov e th e mea n rank .  Becaus e th e S R N successivel y 
compound s th e inpu t  activations ,  i t  migh t  b e 
speculate d tha t  th e similarit y result s wer e no t  du e t o 
training ,  bu t  onl y t o compoundin g o f  th e inpu t 
patterns .  Thus ,  th e weight s o f  th e networ k wer e 
scramble d withi n layer s an d th e mea n ran k o f  sentenc e 
variation s ar e show n o n th e righ t  sid e o f  Tabl e 4 .  Th e 
rank s ar e generall y lower ;  henc e ther e i s mor e t o th e 
similarit y result s tha n simpl y compoundin g o f  initia l 
inputs .  However ,  th e effec t  i s  no t  overwhelming , 
especiall y fo r  th e las t  tw o statements ,  whic h begi n 
wit h th e femal e rathe r  tha n th e male . 

Table 4. Ranks of Variations of Question Set 

questio n templat e 

m A2 husban d fA 2 

husban d fA 2 m A 2 

f A 2 w i f e o f m A 2 

wifeo f  m A 2 fA 2 

traine d ran k 

191. 7 

160. 8 

731. 6 

592. 0 

scramble d ran k 

460. 3 

539. 3 

1065. 9 

357. 7 

Rathe r  tha n lookin g a t  a n entir e statement ,  i t  i s 
possibl e t o correlat e activation s fo r  partia l  statements . 
Th e activation s fo r  al l  perso n description s wer e 
obtained .  Th e hidde n uni t  vecto r  correlation s fo r  m A O 
wer e highes t  wit h othe r  member s o f  th e sam e 
generation ,  an d smalles t  wit h male s o f  lowe r 
generation s an d female s i n th e othe r  family . 

Figure 4 shows the hidden unit activations for a 
simplifie d stimulus .  I n th e uppe r  sectio n o f  th e figure 
ar e activation s average d acros s description s o f  male s 
an d female s i n familie s A  an d B .  Th e lowe r  portio n o f 
th e figure  show s activation s fo r  individua l  relationshi p 
tenn s (e.g. ,  fatherof) .  Examinatio n o f  th e figure 
suggest s tha t  bi t  2 6 (marke d wit h a  tick )  code s fo r 
gender .  Moreover ,  th e relationshi p operator s ar e 
differentiate d i n th e sam e positions .  Thus ,  th e 
statemen t  'fathero f  m A 2 '  woul d se t  th e generatio n bi t 
i n ' m A 2 '  t o produc e a  representatio n simila r  t o 
'mAl ' .  Beyon d individua l  terms ,  i t  i s  possibl e t o 
conside r  h o w th e trut h o f  a n entir e statemen t  i s 
determined . 

A simplified model of what the network is doing to 
proces s thes e statement s i s summatio n o f  activations . 
I f  th e sam e perso n i s bein g describe d a s bot h th e lef t 
and righ t  side s o f  th e statement s an d th e activation s 
sum,  the n th e veracit y o f  th e statemen t  ca n b e 
determine d b y checldn g th e threshol d o f  th e 
activations .  However ,  tha t  i s  no t  a n adequat e mode l 
sinc e th e networ k i s abl e t o tak e tempora l  orde r  int o 
accoun t  an d proces s statement s wit h th e sam e word s 
i n differen t  ways .  Fo r  instance ,  " m A 2 husbando f 
fA2 "  i s responde d t o a s "true "  whil e "fA 2 husbando f 
niA2 "  i s correctl y responde d t o a s "false" . 

Convergence of Kinship Representations 
A direc t  tes t  wa s devise d o f  whethe r  association s o f 
th e hidde n uni t  activation s reflec t  similarit y i n 
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semantic s o f  th e input .  Specifically ,  tw o inpu t  unit s 
wer e give n exactl y th e sam e meanin g an d th e 
representation s generate d b y thos e unit s wer e 
compared .  Th e procedur e wa s simila r  t o th e previou s 
experimen t  excep t  tha t  a  simple r  famil y networ k wa s 
employe d (wit h onl y 8  members )  an d onl y th e bas e 
question s wer e used .  Hence ,  th e networ k require d 3 3 
inpu t  unit s (3 2 unit s fo r  th e famil y relationship s an d 1 
extr a fo r  th e redundan t  input) .  Duplicat e "kinrel " 
question s wer e generated .  Th e network s wer e traine d 
fo r  6(X) K patter n presentations .  Acros s five  runs ,  th e 
averag e correlatio n o f  th e hidde n imit s fo r  th e tw o 
version s o f  kinre l  wa s 0.56 .  A s a  control ,  th e 
correlation s o f  th e activation s i n five  untraine d 
network s wer e obtained ;  th e averag e correlation s ha d 
a mea n o f  0.15 .  Clearly ,  th e trainin g o f  th e networ k 
has cause d th e activation s fo r  th e semanticall y relate d 
term s t o becom e mor e similar . 

Implications and Challenges 
S R Ns wer e show n t o b e abl e t o generat e response s fo r 
highl y structure d knowledg e representatio n tasks .  Th e 
developmen t  o f  bit s whic h cod e fo r  specifi c  feature s 
was striking .  Moreover ,  ther e i s considerabl e othe r 
evidenc e tha t  th e representation s reflecte d th e 
semantic s o f  th e question s an d statements .  I n 
addition ,  th e result s sho w clearl y th e state-lik e natur e 
of  recurren t  networ k processing .  Th e result s als o hav e 
implication s fo r  model s o f  th e semanti c space .  Hig h 
correlation s fo r  semanticall y relate d statement s m a y 
impl y tha t  surfac e feature s ar e los t  durin g processing . 

Bit Overlays 
Simila r  mechanism s o f  simpl e bi t  operation s wer e 
foun d i n bot h th e categorizatio n an d kinshi p studies . 

Figure 4. Hidden Unit Activations 
Hidde n Uni t  Vector s B y Gende r  wit h Operators . 
MA 0113020000226030000100101210510010000000210030011103001001000100000000271071002 6 
MB 0112110000226120000000010110410020000000320020001004011101000100110000162072101 6 
FA 0104010000166030000200011010200010000010100020001004011000000100200000181080003 6 
FB 0202010000226020000100021010400030000000210020000005012100000100400000172080103 7 

I  I 
f a 0000010000225020000000002610400041000000040040010004000000001000200000063081000 1 
mo 0003010000107020000400026110510320000030130040253102081000000100800000392080100 5 
br  0100030000148130000000100610000221000020040010000002030500001100000000083082303 6 
si  1212010000207020000001001210000010000000051020001005006000000000100000092080103 7 
hu 0119030000237020000000001700110130000010070020011014020003000100000000481082102 6 
wi  0102010000136030000100011000400020000000100030000004001000000100000000182080102 6 
so 0001000000267030000000020010000021000010250030000103000200000100910000353081200 5 
da 0111000000387020000001110040020010000000373020001003004000000100000000302070001 7 
Hidde n Uni t  Vector s B y Ag e witl i  Operators . 
oA 0004000000137020000100000300300000000001030040000004020000000000100010142070000 2 
oB 0003000000118020001000000200300000000002120030000004010000000000100020042070001 2 
mA 0003000000157020000000000100000000000000120030000006011100000000000000031070000 3 
lu B 0002000000137010000000000100100010000000130020000006012100000000200010022070000 3 
yA 0002000010168020000000000000000000000000130020000006002100000000100010031070000 5 
yB 00000000001270100010000001100010002000002 4 0010001007012400000000210000012080000 5 

I  I  I 
f a 0000010000225020000000002610400041000000040040010004000000001000200000063081000 1 
mo 0003010000107020000400026110510320000030130040253102081000000100800000392080100 5 
br  0100030000148130000000100610000221000020040010000002030500001100000000083082303 6 
si  1212010000207020000001001210000010000000051020001005006000000000100000092080103 7 
hu 0119030000237020000000001700110130000010070020011014020003000100000000481082102 6 
wi  0102010000136030000100011000400020000000100030000004001000000100000000182080102 6 
so 0001000000267030000000020010000021000010250030000103000200000100910000353081200 5 
da 0111000000387020000001110040020010000000373020001003004000000100000000302070001 7 

Whil e th e representation s identifie d i n thi s wor k wer e 
not  alway s clear ,  th e mos t  c o m m o n mechanis m 
appeare d t o b e operation s o n bi t  vectors .  Th e proces s 
i s unlik e th e usua l  slot s o f  frame-base d approache s t o 
representation ;  howeve r  i t  i s  consisten t  wit h m a n y 
psychologica l  models .  Fo r  instance ,  th e vector s 
show n i n Tabl e 1  ar e reminiscen t  o f  psychologica l 
space s derive d fro m multivariat e statistica l  methods . 

Analogy 
Th e vie w o f  cognitiv e processin g a s featur e bi t 
activatio n an d maskin g i s consisten t  wit h model s o f 
analog y (se e Rumelhar t  an d Abramson ,  1973) .  Thu s 
an analog y m a y b e see n a s applyin g simila r  operator s 
t o similar ,  thoug h meaningfull y different ,  vectors . 

Information Retrieval 
Informatio n retrieva l  (IR )  ha s receive d onl y cursor y 
attentio n wit h neura l  network s (Mozer ,  1984) . 
However ,  i t  migh t  b e expecte d tha t  network s woul d b e 
effectiv e fo r  ER.  becaus e m a n y o f  thos e procedure s ar e 
statisticall y based ,  an d ther e ar e similaritie s betwee n 
severa l  o f  thes e E R model s an d neura l  models . 
Moreover ,  ther e i s a  variet y o f  way s i n whic h neura l 
network s m a y b e applie d t o IR .  Fo r  instance , 
judgment s abou t  th e relevanc e o f  a  documen t  m a y b e 
use d a s a  sourc e o f  feedbac k fo r  erro r  correctio n o f  a 
neura l  network .  However ,  i t  i s  difficul t  t o obtai n 
enoug h relevanc e judgment s t o m a k e thi s practical . 
F e w o f  th e existin g statistica l  I R technique s tak e 
advantag e o f  th e tempora l  integratio n o f  term s an d 
S R Ns hav e tha t  potential .  Indeed ,  sinc e S R N s hav e 
bee n show n t o b e abl e t o handl e simpl e grammar s 
(Alle n 1990 ;  Servan-Schreiber ,  e t  al. ,  1989) ,  i t  i s 
possibl e tha t  the y coul d proces s som e aspect s o f 
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natura l  languag e syntax .  I n addition ,  S R N s als o see m 
wel l  suite d fo r  I R becaus e o f  thei r  abilit y  t o mode l 

user s (AUe n 1990) . 

A compact and efficient knowledge representation 
coul d b e usefu l  fo r  IR .  Thus ,  i t  i s  possibl e t o imagin e 
tha t  a  representatio n fo r  a  quer y coul d b e develope d 
an d thi s coul d b e matche d wit h representation s fo r 
statement s fro m a  document .  I f  S R N s ar e traine d t o 
m a ke response s base d o n th e meaning ,  the y m a y hav e 
tha t  potentia l  (Alle n 1990) .  Fo r  th e generatio n o f 
response s t o questions ,  (a s i s th e cas e wit h th e studie s 
reporte d i n thi s paper )  th e activation s woul d ten d t o 
converge .  Declarativ e statement s woul d simpl y 
generat e activation s withou t  resolution ;  thu s a t  th e en d 
of  a  statemen t  o r  document ,  th e residua l  featur e 
activation s migh t  reflec t  th e overal l  meanin g o f  th e 
document . 

Unfortunately, the results in these studies do not 
provid e m u c h encouragement .  Fo r  instanc e i n th e 
kinshi p studies ,  no t  al l  o f  th e semanticall y relate d 
statement s showe d hig h correlation s wit h th e targets . 
Of  course ,  i t  woul d b e desirabl e t o find  way s t o 
improv e th e qualit y o f  th e performance .  Clearly ,  fo r  a 
practica l  applications ,  suc h a s IR ,  a  m u c h large r 
lexico n woul d b e require d an d i n those ,  fact s wil l  b e 
sparse r  tha n i n th e trainin g set s use d here .  O n on e 
han d tha t  woul d requir e greate r  trainin g time ; 
however ,  i t  migh t  als o m a k e retrieva l  m u c h easie r 
sinc e ther e woul d b e fewe r  easil y confuse d cases .  O f 
course ,  ther e i s stil l  th e proble m o f  gettin g a  corpu s o f 
statement s whic h ha d a n appropriat e leve l  o f  feedbac k 
(e.g. ,  true/false )  fo r  th e typ e o f  trainin g employe d 
here . 

Massive Knowledge Bases 
I f  clear-cu t  representation s ar e no t  abl e t o b e 
identified ,  i t  m a y b e mor e usefu l  t o thin k o f 
developin g massiv e question-answerin g system s 
(Allen ,  1990) .  O f  course ,  ther e ar e als o substantia l 
difficultie s i n tha t  direction .  Fo r  instance ,  bette r 
technique s ar e neede d fo r  integratin g sequentia l  outpu t 
wit h sequentia l  inputs .  Anothe r  proble m i s finding a 
corpu s wit h sufficien t  feedbac k fo r  training . 

Architectural and Procedural Issues 
Th e studie s her e demonstrat e th e advantag e o f  th e 
modification s t o th e standar d S R N s .  Indee d S R N s 
withou t  stat e memorie s wer e no t  abl e t o complet e th e 
categorizatio n task .  Furthermore ,  additiona l  variation s 
of  th e basi c networ k prove d advantageou s i n som e 
cases .  I n addition ,  smal l  amount s o f  nois e apparentl y 
helpe d th e networ k i n th e categorizatio n tas k avoi d 
tempora l  loca l  minima . 

Extensions 
Previou s wor k an d th e presen t  result s sugges t  tha t 
ther e i s a  grea t  dea l  tha t  i s  right  wit h thi s mode l  fo r 
languag e processing .  Fo r  instance ,  representation s 

wer e foun d whic h wer e simila r  t o thos e propose d fo r 
othe r  model s o f  psychologica l  space ;  scaling ,  a t  leas t 
i n on e case ,  wa s foun d t o b e sublinear ;  limite d 
inheritanc e wa s demonstrated ;  an d feature-detectin g 
bit s wer e identifie d i n th e representations .  Howeve r 

ther e ar e als o substantia l  limitations ,  th e 
representation s ofte n seeme d contorte d an d th e 
processin g mechanism s seeme d to o simpl e fo r 
comple x language .  Ther e ar e tw o direction s t o 
conside r  fo r  movin g t o practica l  model s o f  languag e 
processin g wit h neura l  networks .  O n on e hand ,  w e 
coul d chang e expectation s a s t o wha t  i s require d fo r  a 
languag e processin g syste m an d attemp t  t o ge t 
network s t o lear n wit h fairl y  simpl e modification s t o 
th e existin g mechanisms .  O n Ui e othe r  han d th e 
networ k mechanism s m a y b e embellished .  Fo r 
instanc e way s migh t  b e sough t  t o integrat e the m wit h 
perceptua l  processe s (se e A U e n 1990) ,  o r  t o trai n the m 
t o develo p mor e comple x structure s suc h a s stack s an d 
variabl e bindings .  Th e presen t  result s sugges t  tha t  th e 
latte r  strateg y wil l  probabl y b e mor e successfu l  tha t 
th e former . 
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