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Th e Universit y o (  Texas ,  Austin ,  T X 7871 2 

Risto Miikkulainen (risto@cs.utexas.edu) 

Departmen t  o f  Compute r  Science s 

Th e Universit y o f  Texas ,  Austin ,  T X 7871 2 

Abstrac t 

Simple Recurrent Networks (SrNs) have been widely used in 
natura l  languag e processin g tasks .  However ,  thei r  abilit y t o 
handl e long-ter m dependencie s betwee n sentenc e constituent s 
i s somewha t  limited .  N a r x network s hav e recentl y bee n 
shown t o outperfor m Srn s b y preservin g pas t  informatio n i n 
explici t  delay s fro m th e network' s prio r  output .  However ,  i t  i s 
unclea r  ho w th e numbe r  o f  delay s shoul d b e determined .  I n 
thi s stud y o n a  shift-reduc e parsin g task ,  w e demonstrat e tha t 
comparabl e performanc e ca n b e derive d mor e elegantl y b y us -
in g a  SardNe t  self-organizin g map .  Th e resultin g architec -
tur e ca n represen t  arbitraril y  lon g sequence s an d i s cognitivel y 
more plausible . 

I n t roduc t io n 

The subsymboli c approac h (i.e .  neura l  network s wit h dis -
tribute d representations )  t o processin g languag e i s attractiv e 
fo r  severa l  reasons .  First ,  i t  i s  inherentl y robust :  th e dis -
tribute d representation s displa y gracefu l  degradatio n o f  per -
formance  i n th e presenc e o f  noise ,  damage ,  an d incomplet e o r 
conflictin g inpu t  (Miikkulainen ,  1993 ;  St .  Joh n an d McClel -
land ,  1990) .  Second ,  becaus e computatio n i n thes e network s 
i s constraint-based ,  th e subsymboli c approac h naturall y com -
bine s syntactic ,  semantic ,  an d themati c constraint s o n th e in -
terpretatio n o f  linguisti c dat a (McClellan d an d Kawamoto , 
1986) .  Third ,  subsymboli c system s ca n b e lesione d i n variou s 
ways an d th e resultin g behavio r  i s ofte n strikingl y simila r  t o 
human impairment s (Miikkulainen ,  1993 ,  1996;Plaut ,  1991) . 
Thes e propertie s o f  subsymboli c system s hav e attracte d man y 
researcher s i n th e hop e o f  accountin g fo r  interestin g cogni -
tiv e phenomena ,  suc h a s role-bindin g an d lexica l  error s re -
sultin g fro m memor y interferenc e an d overloading ,  aphasi c 
and dyslexi c impairment s resultin g fro m physica l  damage , 
and biases ,  default s an d expectation s emergin g fro m trainin g 
histor y (Miikkulainen ,  1997 ,  1993 ;  Plau t  an d Shallice ,  1992) . 

Sinc e it s introductio n i n 1990 ,  th e simpl e recurren t  networ k 
(Srn )  (Elman ,  1990 )  ha s becom e a  mainsta y i n connectionis t 
natura l  languag e processin g task s suc h a s lexica l  disambigua -
tion ,  prepositiona l  phras e attachment ,  active-passiv e trans -
formation ,  anaphor a resolution ,  an d translatio n (Allen ,  1987 ; 
Chalmers ,  1990 ;  Munroe t  al. ,  1991 ;  Touretzky ,  1991) .  H o w -
ever ,  thi s promisin g lin e o f  researc h ha s bee n hampere d b y 
th e Srn' s inabilit y  t o handl e long-ter m dependencies ,  whic h 
aboun d i n natura l  languag e tasks . 

Anothe r  clas s o f  recurren t  neura l  network s calle d Nonlin -
ear  AutoRegressiv e model s wit h eXogenou s input s (Narx ; 
Chen e t  al. ,  1990 ;  Li n e t  al. ,  1996 )  hav e bee n propose d a s a n 
alternativ e t o Srn s tha t  ca n bette r  dea l  wit h suc h long-ter m 

dependencies .  I n N a r x networks ,  previou s sequenc e con -
stituent s ar e explicitl y  represente d i n a  predetermine d numbe r 
of  outpu t  delays ,  thu s reducin g th e effect s o f  vanishin g gradi -
ents ,  whic h i s th e primar y sourc e o f  m e m o r y degradatio n i n 
recurren t  network s (Bengi o e t  al. ,  1994) .  Th e performanc e o f 
thes e network s i s strongl y dependen t  o n th e numbe r  o f  outpu t 
delays ,  an d ther e ar e n o guideline s o n h o w m a n y ar e needed . 

Thi s pape r  describe s a  metho d o f  extendin g recurren t  net -
work s suc h a s th e S r n an d N a r x wit h S a r d N e t  (Jame s 
and Miikkulainen ,  1995) ,  a  self-organizin g m a p algorith m 
designe d t o represen t  sequences .  S a r d N e t  permit s th e se -
quenc e informatio n t o remai n explicit ,  ye t  generalizabl e i n 
th e sens e tha t  simila r  sequence s resul t  i n simila r  pattern s o n 
th e map .  W h e n S a r d N e t  i s couple d wit h S r n o r  N a r x ,  th e 
resultin g network s perfor m bette r  i n th e shift-reduc e parsin g 
tas k take n u p i n thi s study .  Eve n wit h n o recurrenc y an d n o 
explici t  delays ,  th e performanc e i s almos t  a s good .  Thes e 
result s sho w tha t  S a r d N e t  ca n b e use d a s a n effective ,  con -
cise ,  an d elegan t  sequenc e m e m o r y i n natura l  languag e pro -
cessin g tasks ,  an d th e approac h shoul d als o scal e u p wel l  t o 
realisti c language . 

The Task: Shift-Reduce Parsing 

Shift-reduc e (SR )  parsin g i s on e o f  th e simples t  approache s t o 
sentenc e processin g tha t  ha s th e potentia l  t o handl e a  substan -
tia l  subse t  o f  Englis h (Tomita ,  1986) .  It s basi c formulatio n 
i s base d o n th e pushdow n automat a fo r  parsin g context-fre e 
grammars ,  bu t  i t  ca n b e extende d t o context-sensitiv e gram -
mars a s well . 

Th e parse r  consist s o f  tw o dat a structures :  th e inpu t  buffe r 
store s th e sequenc e o f  word s remainin g t o b e read ,  an d th e 
partia l  pars e result s ar e kep t  o n th e stac k (figur e 1) .  Ini -
tiall y  th e stac k i s empt y an d th e entir e sentenc e i s i n th e in -
put  buffer .  A t  eac h step ,  th e parse r  ha s t o decid e whethe r  t o 
shif t  a  wor d fro m th e buffe r  t o th e stack ,  o r  t o reduc e on e 
or  mor e o f  th e to p element s o f  th e stac k int o a  ne w elemen t 
representin g thei r  combination .  Fo r  example ,  i f  th e to p tw o 
element s ar e currentl y N P an d VP ,  th e parse r  reduce s the m 
int o 5 ,  correspondin g t o th e gramma r  rul e S  - > N P V P (ste p 
17 i n figur e 1) .  Th e proces s stop s whe n th e element s i n th e 
stac k hav e bee n reduce d t o S ,  an d n o mor e word s remai n i n 
th e input .  Th e reduc e action s performe d b y th e parse r  i n thi s 
proces s constitut e th e pars e result ,  suc h a s th e syntacti c pars e 
tre e (lin e 1 8 i n figur e 1) . 

The sequentia l  scannin g proces s an d incrementa l  formin g 
of  partia l  representation s i s a  plausibl e cognitiv e mode l  fo r 
languag e understanding .  S R parsin g i s als o ver y efficient . 
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Stac k 

the 
th e bo y 

NP[lhe,boy ] 
NP|the,boy ]  wh o 

NP[the,boy ]  wh o like d 
NP[the,boy ]  wh o like d th e 

NP[the,boy ]  wh o like d th e gir l 
NP[lhe,boy ]  wh o like d NP[the,girl ] 

NP[the,boy ]  wh o VP[liked,NP[the,girl] ] 
NP(the,boy)RC[who,VP[liked,NP[the,girl]] ] 

NP[NP[the,boy],RC[who,VPniked,NP[the,girl]]] ] 
NP[NP[the,boy],RC[who,VP[hked.NP[the,girl]]] ]  chase d 

NP[NP[the,boy],RC(who,VP[Uked,NP[the,girl]]] ]  chase d th e 
NP[NP[the,boy],RC[who,VP(liked,NP[the,girl]]] ]  chase d th e ca t 

NP[NP[the,boy),RC[who,VP[liked,NP[the,girl]]] ]  chase d NP[the,cat ] 
NP[NPtthe,boy],RC[who,VP[Uked.NP[the,girll]] ]  VP[chased,NP[the,cat] ] 

S(NP(NPtthe.boy],RC(who,VP[liked,NP[lhe,girl]]]],VP[chased,NP[the,cat]] ) 

Inpu t  Buffe r 
th e bo y wh o Uke d th e gir l  chase d th e cat . 
boy wh o like d th e gir l  chase d th e cat . 
who like d th e gir l  chase d th e cat . 
who like d th e gir l  chase d th e cat . 
like d th e gir l  chase d th e cat . 
th e gir l  chase d th e cat . 
gir l  chase d th e cat . 
chase d th e cat . 
chase d th e cat . 
chase d th e cat . 
chase d th e cat . 
chase d th e cat . 
th e ca t  . 
cat . 

Actio n 
1 Shif t 
2 Shif t 
3 Reduc e 
4 Shif t 
S Shif t 
6 Shif t 
7 Shif t 
g Reduc e 
9 Reduc e 

10 Reduc e 
11 Reduc e 
12 Shif t 
13 Shif t 
14 Shif t 
15 Reduc e 
16 Reduc e 
17 Reduc e 
18 Sto p 

F i g u r e 1 :  S h i f t - R e d u c e P a r s i n g a  S e n t e n c e .  E a c h ste p i n th e pars e i s represente d b y a  h n e f r o m to p t o bot tom .  T h e curren t  staci c i s a t  left , 
th e inpu t  buffe r  i n th e m i d d l e ,  a n d th e parsin g decisio n i n th e curren t  situatio n a t  right.  A t  eac h step ,  th e parse r  eithe r  shift s a  w o r d ont o th e 
stack ,  o r  reduce s th e to p e lemen t s o f  th e stac k int o a  higher-leve l  representation ,  suc h a s th e b o y - ^  N P [ t h e , b o y ]  (ste p 3 ) .  (Phras e label s suc h 
as " N P "  a n d " R C "  ar e onl y use d i n thi s figure  t o m a k e th e proces s clear ) 

and lend s itsel f  t o man y extensions .  Fo r  example ,  th e pars e 
rule s ca n b e mad e mor e contex t  sensitiv e b y takin g mor e o f 
th e stac k an d th e inpu t  buffe r  int o account .  Also ,  th e partia l 
pars e result s m a y consis t  o f  syntacti c o r  semanti c structures . 

Th e genera l  S R mode l  ca n b e implemente d i n man y ways . 
A se t  o f  symboli c shift-reduc e rule s ca n b e writte n b y han d o r 
learne d fro m inpu t  example s (Hermjaco b an d Mooney ,  1997 ; 
S i m m o ns an d Yu ,  1991 ;  Zell e an d Mooney ,  1996) .  I t  i s als o 
possibl e t o trai n a  neura l  networ k t o mak e parsin g decision s 
base d o n th e curren t  stac k an d th e inpu t  buffer .  I f  traine d 
properly ,  th e neura l  networ k ca n generaliz e wel l  t o ne w sen -
tence s (Simmon s an d Yu ,  1992) .  Whateve r  correlation s ther e 
exis t  betwee n th e wor d representation s an d th e appropriat e 
shift/reduc e decisions ,  th e networ k wil l  lear n t o utiliz e them . 

Anothe r  importan t  extensio n i s t o implemen t  th e stac k a s 
a neura l  network .  Thi s wa y th e parse r  ca n hav e acces s t o th e 
entir e stac k a t  once ,  an d interestin g cognitiv e phenomen a i n 
processin g comple x sentence s ca n b e modeled .  Th e SPE C 
syste m (Miikkulainen ,  1996 )  wa s a  first  ste p i n thi s direction . 
Th e stac k wa s represente d a s a  compresse d distribute d rep -
resentation ,  forme d b y a  R a a m (Recursiv e Auto-Associativ e 
M e m o r y )  auto-encodin g networ k (Pollack ,  1990) .  Th e SPE C 
architecture ,  however ,  wa s no t  a  complet e implementatio n o f 
SR parsing ;  i t  wa s designe d specificall y fo r  embedde d rela -
tiv e clauses .  Fo r  genera l  parsing ,  th e stac k need s t o b e en -
code d wit h neura l  network s t o mak e i t  possibl e t o pars e mor e 
varie d linguisti c structures .  W e believ e tha t  th e generaliza -
tio n an d robustnes s o f  subsymboli c neura l  network s wil l  re -
sul t  i n powerful ,  cognitivel y vali d performance .  However ,  th e 
mai n proble m o f  limite d m e m o r y accurac y o f  th e subsym -
boli c parsin g networ k mus t  first  b e solved . 

Parser architectures 

A subsymboli c parse r  i s a  recurren t  networ k suc h a s S r n o r 
N a r x .  Th e networ k read s a  sequenc e o f  inpu t  wor d repre -
sentation s int o outpu t  pattern s representin g th e pars e results , 
suc h a s syntacti c o r  cjise-rol e assignment s fo r  th e words .  A t 
eac h tim e step ,  a  cop y o f  th e hidde n laye r  (Srn )  o r  prio r  out -
put s ( N a r x )  i s save d an d use d a s inpu t  durin g th e nex t  step , 
togethe r  wit h th e nex t  word .  I n thi s wa y eac h ne w wor d i s 
interprete d i n th e contex t  o f  th e entir e sequenc e s o far ,  an d 
th e pars e resul t  i s graduall y forme d a t  th e output . 

Recurren t  neura l  network s ca n b e use d t o implemen t  a 
shift-reduc e parse r  i n th e followin g wa y (figur e 2 :  th e net -
wor k i s traine d t o ste p throug h th e pars e (suc h a s tha t  i n fig-
ur e 1) ,  generatin g a  compresse d distribute d representatio n o f 
th e to p elemen t  o f  th e stac k a t  eac h ste p (forme d b y a  R a a m 
network) .  Th e networ k read s th e sequenc e o f  word s on e wor d 
at  a  time ,  an d eac h tim e eithe r  shift s th e wor d ont o th e stac k 
(b y passin g i t  throug h th e network ,  e.g .  ste p 1) ,  o r  perform s 
one o r  mor e reduc e operation s (b y generatin g a  sequenc e o f 
compresse d representation s correspondin g t o th e to p elemen t 
of  th e stack :  e.g .  step s 8-11) .  Afte r  th e whol e sequenc e i s 
input ,  th e final  stac k representatio n i s decode d int o a  pars e 
resul t  suc h a s a  pars e tree .  Suc h a n architectur e i s powerfu l 
fo r  tw o reasons :  (1 )  Durin g th e parse ,  th e networ k doe s no t 
hav e t o gues s wha t  i s comin g u p late r  i n th e sentence ,  a s i t 
woul d i f  i t  alway s ha d t o shoo t  fo r  th e final  pars e result ;  it s 
onl y tas k i s t o buil d a  representatio n o f  th e curren t  stac k i n it s 
hidde n laye r  an d th e to p elemen t  i n it s output .  (2 )  Instea d o f 
havin g t o generat e a  larg e numbe r  o f  differen t  stac k state s a t 
th e output ,  i t  onl y need s t o outpu t  representation s fo r  a  rela -
tivel y smal l  numbe r  o f  c o m m o n substructures .  Bot h o f  thes e 
feature s mak e learnin g an d generalizatio n easier .  Th e parse r 
ca n b e implemente d wit h variou s networ k architectures ;  th e 
S r n an d N a r x network s ar e compare d i n thi s study . 

Sr n 

I n th e simpl e recurren t  network ,  th e hidde n laye r  i s save d an d 
fe d bac k int o th e networ k a t  eac h ste p durin g sentenc e pro -
cessing .  Th e networ k i s typicall y traine d usin g th e standar d 
backpropagatio n algorith m (Rumelhar t  e t  al. ,  1986) .  A  well -
know n proble m wit h th e S r n mode l  i s it s lo w memor y ac -
curacy .  I t  i s  difficul t  fo r  i t  t o remembe r  item s tha t  occurre d 
severa l  step s earlie r  i n th e inpu t  sequence ,  especiall y i f  th e 
networ k i s no t  require d t o produc e the m i n th e outpu t  laye r 
durin g th e intervenin g step s (Stolcke ,  1990 ;  Miikkulainen , 
1996) .  Th e intervenin g item s ar e superimpose d i n th e hid -
de n layer ,  obscurin g th e trace s o f  earlie r  items .  A s a  result , 
parsin g wit h a n S R N ha s bee n limite d t o relativel y simpl e sen -
tence s wit h shallo w structure . 
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DM bo y wh o lllio d m o glr i  ctiooo d ch*«* d choso d 

j ^ s n m 
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Comiiresia l  RAAM 

Figur e 2 :  T h e Parse r  N e t w o r k .  Thi s snapsho t  s h o w s th e networ k 
durin g ste p 1 1 o f  figure  1 .  T h e representatio n fo r  th e curren t  inpu t 
word ,  chased ,  i s s h o w n a t  to p left .  E a c h w o r d i s inpu t  t o th e S a r d -
N ET m a p ,  whic h build s a  representatio n fo r  th e sequenc e w o r d b y 
word .  I n th e S r n implementatio n o f  th e parser ,  th e previou s acti -
vatio n o f  th e hidde n laye r  i s copie d (a s indicate d b y th e dotte d lin e 
labelle d S R N )  t o th e Contex t  assembl y a t  eac h step .  I n th e N a r x 
implementation ,  a  predetermine d n u m b e r  o f  previou s outpu t  repre -
sentatio n c o m p o s e th e Contex t  (indicate d b y th e dotte d lin e labelle d 
N a r x ) .  T h e Context ,  togethe r  wit h th e curren t  inpu t  w o r d an d th e 
curren t  S a r d N e t  pattern ,  i s  propagate d t o th e hidde n laye r  o f  th e 
network .  A s output ,  th e networ k generate s th e compresse d R a a m 
representatio n o f  th e to p elemen t  i n th e shift-reduc e stac k a t  thi s stat e 
of  th e pars e (i n thi s case ,  lin e 1 2 i n figure  1) .  S a r d N e t  i s a  m a p 
of  wor d representations ,  an d i s traine d throug h th e Self-Organizin g 
Map (SOM )  algorith m (Kohonen ,  1997 ,  1990) .  Al l  othe r  connec -
tion s ar e traine d throug h backpropagatio n (fo r  Srn )  o r  B P T T (fo r 
Narx )  (Rumelhar t  e t  al. .  1986 ;  Werbos ,  1974) . 

Narx 
Nonlinea r  AutoRegressiv e model s wit h eXogenou s in -
put s (Narx ;  Che n e t  al. ,  1990 ;  Li n e t  al. ,  1996 )  hav e bee n 
propose d a s a n alternativ e t o Srns .  The y ar e goo d a t  dealin g 
wit h long-ter m dependencie s tha t  typicall y aris e i n nonlinea r 
system s suc h a s syste m identificatio n (Che n e t  al. ,  1990) ,  tim e 
serie s predictio n (Conno r  e t  al. ,  1992) ,  an d grammatica l  in -
ferenc e (Hom e an d Giles ,  1995) .  N a r x i s a  feedforwar d net -
wor k wit h copie s o f  previou s output s calle d delay s fe d bac k 
int o th e networ k durin g sequenc e processing .  Th e networ k i s 
traine d vi a BackPropagatio n throug h Tim e (Rumelhar t  e t  al. , 
1986 ;  Werbos ,  1974) ,  whic h allow s "vanishin g gradient "  in -
formatio n t o influenc e late r  output s b y unfoldin g th e networ k 
i n time .  Th e performanc e o f  th e networ k improve s i n a n ex -
ponentiall y  decreasin g manne r  wit h th e numbe r  o f  outpu t  de -
lay s provided . 

SardNet 

The solutio n describe d i n thi s pape r  i s t o us e a n explici t  rep -
resentatio n o f  th e inpu t  sequenc e o n a  self-organizin g m a p 
as additiona l  inpu t  t o th e hidde n layer .  Thi s representatio n 
provide s mor e accurat e informatio n abou t  th e sequence ,  suc h 
as th e relativ e orderin g o f  th e incomin g words ,  an d i t  ca n b e 
combine d wit h th e wea k hidde n laye r  representatio n t o gen -
erat e accurat e outpu t  tha t  retain s al l  th e advantage s o f  dis -
tribute d representations .  Th e sequenc e representatio n i s als o 
not  limite d b y length . 

The S a r d N e t  (Sequentia l  Activatio n Retentio n an d De -
cay Network ;  Jame s an d Miikkulainen ,  1995 )  use d fo r  thi s 
purpos e i s base d o n th e Self-Organizin g M a p neura l  net -
wor k (Kohonen ,  1990 ,  1997) ,  an d organize d t o represen t  th e 
spac e o f  al l  possibl e wor d representations .  A s i n a  con -

ventiona l  self-organizin g m a p network ,  eac h inpu t  wor d i s 
mapped ont o a  particula r  m a p nod e calle d th e maximally -
respondin g unit ,  o r  winner .  Th e weight s o f  th e winnin g uni t 
and al l  th e node s i n it s neighborhoo d ar e update d accordin g t o 
th e standar d adaptatio n rul e t o bette r  approximat e th e curren t 
input .  Th e siz e o f  th e neighborhoo d i s se t  a t  th e beginnin g o f 
th e trainin g an d reduce d a s th e m a p become s mor e organized . 

I n S a r d N e t ,  th e sentenc e i s represente d a s a  distribute d 
activatio n patter n o n th e m a p (figur e 2) .  Fo r  eac h word , 
th e maximall y respondin g uni t  i s  activate d t o a  m a x i m u m 
valu e o f  1.0 ,  an d th e activation s o f  unit s representin g previou s 
word s ar e decaye d accordin g t o a  specifie d deca y rat e (e.g . 
0.9) .  Onc e a  uni t  i s activated ,  i t  i s remove d fro m competitio n 
and canno t  represen t  late r  word s i n th e sequence .  Eac h uni t 
m ay the n represen t  differen t  word s dependin g o n th e context , 
whic h allow s fo r  a n efficien t  representatio n o f  sequences ,  an d 
als o generalize s wel l  t o ne w sequences . 

I n thi s parsin g task ,  a  S a r d N e t  representatio n o f  th e in -
put  sentenc e i s forme d a t  th e sam e tim e a s th e networ k hidde n 
laye r  representation ,  an d use d togethe r  wit h th e previou s hid -
den laye r  (i n th e S r n )  o r  outpu t  (i n N A R X )  representation s 
and th e nex t  wor d a s inpu t  t o th e hidde n laye r  (figur e 2) .  Thi s 
architectur e allow s thes e network s t o perfor m thei r  tas k wit h 
significantl y les s m e m o r y degradation .  Th e sequenc e infor -
matio n remain s accessibl e i n S a r d N e t ,  an d th e networ k i s 
abl e t o focu s o n capturin g correlation s relatin g t o sentenc e 
constituen t  structur e durin g parsing . 

Experiments 

Inpu t  D a t a 

Th e dat a use d t o trai n an d tes t  th e S R N an d S a r d S r n net -
work s wa s generate d fro m th e phras e structur e gramma r  i n 
figure  3 ,  adapte d fro m a  gramma r  tha t  ha s becom e c o m m o n 
i n th e literatur e (Elman ,  1991 ;  Miikkulainen ,  1996) ,  bu t  lim -
ite d t o a  m a x i m u m o f  on e relativ e claus e pe r  sentence .  Fro m 
thi s gramma r  trainin g target s correspondin g t o eac h ste p i n 
th e parsin g proces s wer e obtained .  Fo r  shifts ,  th e targe t 
i s simpl y th e curren t  input .  I n thes e cases ,  th e networ k i s 
traine d t o auto-associate ,  whic h thes e network s ar e goo d at . 
For  reductions ,  th e target s consis t  o f  representation s o f  th e 
partia l  pars e tree s tha t  resul t  fro m applyin g a  grammatica l 
rule .  Fo r  example ,  th e reductio n o f  th e sentenc e fragmen t 
w ho like d th e gir l  woul d produc e th e partia l  pars e resul t 
[who,[liked,[the,girl]]] .  T w o issue s arise :  h o w shoul d th e 
pars e tree s b e represented ,  an d h o w shoul d reduction s b e pro -
cesse d durin g sentenc e parsing ? 

The approac h take n i n thi s pape r  i s th e sam e a s i n SPEC,  a s 
wel l  a s i n othe r  connectionis t  parsin g system s (Miikkulainen , 
1996 ;  Berg ,  1992 ;  Sharke y an d Sharkey ,  1992) .  Compresse d 
representation s o f  th e syntacti c pars e tree s usin g R a a m ar e 
buil t  u p throug h auto-associatio n o f  th e constituents .  Thi s 
trainin g i s performe d beforehan d separatel y fro m th e parsin g 
task .  Onc e formed ,  th e compresse d representation s ca n b e 
decode d int o thei r  constituent s usin g jus t  th e decode r  portio n 
of  th e R a a m architecture . 

Word representation s wer e hand-code d t o provid e basi c 
part-of-speec h informatio n togethe r  wit h a  uniqu e I D ta g tha t 
identifie d th e wor d withi n th e syntacti c categor y (figur e 4) . 
The basi c encodin g o f  eigh t  unit s wa s repeate d eigh t  time s t o 
make a  redundan t  64-uni t  representation . 
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Rul e 
Schemat a 

Nouns 

Verb s 

. 

S - + NP(n )  VP(n,m ) 
RC(n)  - ^  wh o VP{n,m ) 

Noun{0 )  - > bo y 

Verb{0,0 )  - ^  liked ,  sa w 
Verb(0,3 )  - ¥ chase d 
VerbO, ! ) ^  like d 
Verb(2,\) ^  bi t 
Verb{3,0 )  - > sa w 

VP(n,m )  - f  Verb(n,m )  NP<,m ) 
NP(n )  - > th e Noun{n )  /?C(n ) 

AfoM/i C 1 )  - + gir l  N o u n i l ) 

Verb{0 , \ ) - ^  liked ,  s a w 
Verb( l ,0)- ^  l iked,sa w 
Verfc(l,3)- > chase d 

Verb{2,2 )  ̂  bi t 
Verfc(3,l) ^  sa w 

NP(n )  - ^  th e A^oM«(n ) 
RC(n)  - > w h o m A'P(ni )  Veri(m,n ) 

- > do g NounO )  - > ca t 

V̂ ri)(0,2 )  - ^  like d 
Verfcd.l) ^  liked ,  sa w 
Verfc(2.0 )  - ^  bi t 
Veri(2,3 )  - > bit ,  chase d 
Ve/-i(3,3 )  - > chase d 

Figur e 3 :  Grammar .  Thi s phras e structur e gramma r  generate s sentence s wit h subject -  an d object-extracte d relativ e clauses .  Th e rul e 
schemat a wit h nou n an d ver b restriction s ensur e semanti c agreemen t  betwee n subjec t  an d objec t  dependin g o n th e ver b i n th e clause .  Lexico n 
item s ar e give n i n bol d face . 

th e 

whom 
boy 
gir l 

chase d 

like d 

1000000 0 

0110000 0 

0010100 0 

OOIOOIOO 

0001100 0 

0001010 0 

who 

do g 

cat 

sa w 

bi t 

0101000 0 

1111111 1 

0010001 0 

0010000 1 

0001001 0 

0001000 1 

Figur e 4 :  Lexicon .  Eac h wor d representatio n i s pu t  togethe r  fro m 
a part-of-speec h identifie r  (firs t  fou r  components )  an d a  uniqu e I D 
ta g Oas t  four) .  Thi s encodin g i s the n repeate d eigh t  time s t o for m 
a 64-uni t  wor d representation .  Suc h redundanc y make s i t  easie r  t o 
identif y th e word . 

System Parameters and TVaining 

S a r d N e t  map s wer e adde d t o th e S r n an d N a r x network s 
t o yiel d S a r d S r n an d S a r d N a r x parsin g architectures . 
Additionally ,  a  S a r d N e t  m a p wa s adde d t o a  simpl e feed -
forwar d networ k (Ffn) .  Thi s ( S a r d F f n )  networ k provide s 
a baselin e fo r  evaluatin g th e m a p itsel f  i n th e parsin g task . 
Th e performance s o f  al l  th e architecture s wa s compare d i n 
th e shift-reduc e parsin g task .  Additionally ,  fo r  th e N a r x an d 
S a r d N a r x networks ,  delay s o f  0 ,  3 ,  6 ,  9 ,  12 ,  an d 1 5 prio r 
input s (coverin g almos t  th e entir e sentence )  wer e constructed . 
Th e siz e o f  th e hidde n laye r  fo r  eac h networ k wa s determine d 
so tha t  th e tota l  numbe r  o f  weight s wa s a s clos e t o 64,00 0 a s 
th e topolog y woul d permi t  (figur e 6) . 

Fou r  dat a set s o f  2 0 % ,  4 0 % ,  6 0 % ,  an d 8 0 % o f  th e 43 6 sen -
tence s generate d b y th e gramma r  wer e randoml y selecte d an d 
eac h parse r  wa s traine d o n eac h datase t  fou r  times .  Trainin g 
on al l  25 6 run s wa s stoppe d whe n th e erro r  o n a  22-sentenc e 
(5% )  validatio n se t  bega n t o leve l  off .  Th e sam e validatio n 
set  wa s use d fo r  al l  th e simulation s an d wa s randoml y draw n 
fro m a  poo l  o f  sentence s tha t  di d no t  appea r  i n an y o f  th e 
trainin g sets .  Testin g wa s the n performe d o n th e remainin g 
sentence s tha t  wer e neithe r  i n th e trainin g se t  no r  i n th e val -
idatio n set .  Al l  network s wer e traine d wit h a  learnin g rat e 
of  0.1 ,  an d th e map s ha d a  deca y rat e o f  0.9 .  A  m a p o f  10 0 
unit s wa s pretraine d wit h a  learnin g rat e o f  0.6 ,  an d the n use d 
fo r  al l  o f  th e S a r d N a r x networks .  A  slightl y large r  m a p 
wit h 14 4 unit s wa s use d fo r  th e S a r d F f n an d S a r d S r n 
network s sinc e thes e network s ha d otherwis e m u c h fewe r 
weights .  Trainin g too k abou t  on e da y o n a  40 0 M H z Pen -
tiu m Pr o workstatio n fo r  eac h network . 

Results 

Epoc h error ,  th e averag e erro r  pe r  outpu t  uni t  durin g eac h 
epoch ,  i s usuall y use d t o gaug e th e networks '  performanc e i n 
experimenta l  studie s lik e this .  I t  tell s  u s h o w closel y th e out -
put  representation s matche d th e targe t  representation s durin g 
parsing .  Presumably ,  i f  th e epoc h erro r  i s low ,  th e outpu t 

nan 3 

Mr*  R 

F igur e 5 :  S u m m a r y o f  Parsin g Per fo rmance .  Average s ove r  fou r 
simulation s eac h fo r  th e fifty  tw o network s teste d usin g th e stricte r 
averag e mismatche s pe r  sentenc e measur e o n th e tes t  data .  Mos t  o f 
th e difference s a m o n g th e S A R D network s an d N a r x network s wit h 
nin e o r  m o r e delay s wer e statisticall y insignificant .  S R N ,  N a r x -
3,  SardNarx-0 ,  an d Narx- 6 diffe r  i n som e o f  th e dat a point s 
as ca n b e see n i s thi s plot .  Th e Ff n an d Narx- 0 network s pro -
vid e baseline s o f  ho w simpl e feedforwar d network s woul d perfor m 
on thi s tas k (wit h regula r  B P an d wit h BPTT) ,  an d th e Sr n show s 
ho w muc h simpl e recurrenc y helps .  B y comparison ,  th e SardFfn , 
SardNarx-0 ,  an d SardSr n graph s demonstrat e tha t  storin g se -
quenc e informatio n o n S a r d N e t  ca n significantl y improv e per -
formance ,  whil e addin g delay s wil l  improv e tha t  performanc e onl y 
minimally . 
representations still permit accurate decoding into the correct 
pars e tree .  However ,  becaus e thi s measur e onl y report s th e 
averag e performanc e ove r  a n entir e epoch ,  i t  give s u s n o sens e 
of  th e network' s performanc e a t  eac h ste p i n th e parsin g pro -
cess .  Fo r  example ,  ther e remain s th e dange r  tha t  a  lo w epoc h 
erro r  coul d als o b e achieve d b y learnin g th e shif t  operation s 
ver y accurately ,  wit h lowe r  accurac y o n th e reductions ,  result -
in g i n incorrec t  decodin g o f  th e compresse d representation s 
of  th e pars e tree . 

A mor e informativ e measure ,  averag e mismatches ,  there -
fore ,  wa s use d i n th e comparisons .  Thi s measur e report s 
th e averag e numbe r  o f  lea f  representation s pe r  sentenc e tha t 
coul d no t  b e correctl y identifie d b y neares t  matc h i n Eu -
clidea n distanc e fro m th e lexicon .  A s a n example ,  i f  th e targe t 
i s [who,[liked,[the,girl]]] ]  (ste p 1 1 o f  figure  1) ,  bu t  th e out -
put  i s  [who,[saw,[the,girl]]]] ,  the n a  mismatc h woul d occu r 
at  th e lea f  labelle d sa w onc e th e R a a m representatio n wa s 
decoded .  Averag e mismatche s provide s a  measur e o f  th e cor -
rectnes s o f  th e informatio n i n th e R a a m representation ,  an d 
i s a  tru e measur e o f  th e utilit y  o f  th e network . 

Most  o f  th e sentence s i n th e trainin g an d tes t  dataset s wer e 
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networ k 

Ff n 
Sr n 
Nar x 
Nar x 
Nar x 
Nar x 
Nar x 
Nar x 

delay s 

0 
3 
6 
9 

12 
15 

hidde n laye r 

500 
197 
500 
200 
125 
91 
72 
59 

weight s 

6400 0 

6402 5 

6400 0 

6400 0 

6400 0 

6406 4 

6451 2 

6419 2 

networ k 

SardFf n 
SardSr n 
SardNar x 
SardNar x 
SardNar x 
SardNar x 
SardNar x 
SardNar x 

delay s 

0 
3 
6 
9 

12 
15 

hidde n laye r 

201 
134 
252 
137 
94 
71 
58 
48 

m ap siz e 

144 
144 
100 
100 
100 
100 
100 
100 

weight s 

6388 8 

6401 6 

6385 6 

6394 0 

6392 8 

6348 4 

6416 8 
6342 4 

Figur e 6 :  Networ k Parameters .  I n orde r  t o kee p th e networ k siz e a s consisten t  a s possible ,  th e numbe r  o f  unit s i n th e hidde n layer s siz e wa s 
varie d accordin g t o th e siz e o f  th e inputs .  Becaus e th e Sar d network s include d a  100-uni t  ma p (14 4 unit s i n th e SardFf n an d SardSrn ) 
tha t  wa s connecte d t o bot h th e inpu t  an d hidde n layers ,  th e siz e o f  th e hidde n laye r  wa s proportionall y mad e smaller . 

seventee n word s long .  Th e longes t  long-ter m dependenc y th e 
network s ha d t o overcom e wa s a t  ste p thre e i n th e parsin g 
proces s wher e th e first  reductio n occurred ,  whic h wa s par t 
of  th e final  compresse d R a a m pars e representatio n fo r  th e 
complet e sentence .  I t  wa s i n decodin g thi s final  pars e repre -
sentatio n tha t  eve n th e bes t  network s mad e errors .  Th e result s 
ar e summarize d i n figure  5 .  Th e mai n resul t  i s  tha t  th e perfor -
mance o f  al l  th e S a r d network s i s comparabl e t o N a r x wit h 
nin e o r  mor e delays ,  an d clearl y superio r  t o S r n an d N a r x 
wit h zer o t o si x delays .  Thes e result s demonstrat e tha t  addin g 
S a r d N E T t o a  recurren t  networ k result s i n ver y robus t  per -
formanc e withou t  th e expens e o f  restrictin g th e networ k t o 
a prespecifie d numbe r  o f  delays .  However ,  i f  th e domai n 
i s well-behave d enoug h tha t  thi s numbe r  ca n b e determined , 
addin g suc h delay s wil l  improv e performanc e somewhat . 

The S a r d F f n an d S a r d N a r x result s ar e slightl y weake r 
wit h th e 2 0 % dataset .  O n close r  inspectio n i t  turne d ou t  tha t 
th e ma p wa s no t  smoot h enoug h t o allo w a s goo d generaliza -
tio n a s i n th e large r  datasets ,  wher e ther e wa s sufficien t  dat a 
t o overcom e th e m a p irregularities .  I t  i s  als o interestin g t o 
not e tha t  addin g eve n a  singl e dela y completel y eliminate d 
thi s problem ,  bringin g th e performanc e i n lin e wit h th e oth -
ers .  W e pla n t o improv e generalizatio n o n th e m a p furthe r  i n 
futur e work . 

Discussion 

These results demonstrate a practicable solution to the mem-
or y degradatio n proble m o f  recurren t  networks .  W h e n prio r 
constituent s ar e explicitl y  represente d a t  th e input ,  th e recur -
ren t  networ k doe s no t  hav e t o maintai n specifi c  informatio n 
abou t  th e sequence ,  an d ca n instea d focu s o n wha t  i t  i s  bes t  at : 
capturin g structure .  Althoug h th e sentence s use d i n thes e ex -
periment s ar e stil l  relativel y uncomplicated ,  the y d o exhibi t 
enoug h structur e t o sugges t  tha t  muc h mor e comple x sen -
tence s coul d b e tackle d wit h recurren t  network s augmente d 
wit h S a r d N e t  o r  wit h delays . 

Thes e result s als o sho w tha t  network s wit h S a r d N e t  ca n 
perfor m a s wel l  a s N a r x network s wit h man y delays .  W h y i s 
thi s a  usefu l  result ? Th e poin t  i s  tha t  i t  wil l  alway s b e unclea r 
ho w man y delay s ar e neede d i n a  N a r x network ,  wherea s 
S a r d N e t  ca n accommodat e sequence s o f  indefinit e lengt h 
(limite d onl y b y th e numbe r  o f  node s i n th e network) .  Thi s 
relieve s th e designe r  fro m havin g t o specify ,  b y tria l  an d er -
ror ,  th e appropriat e numbe r  o f  delays .  I t  shoul d als o lea d t o 
more gracefu l  degradatio n wit h unexpectedl y lon g sequences , 
and therefor e woul d allo w th e syste m t o scal e u p bette r  an d 
exhibi t  mor e plausibl e cognitiv e behavior . 

The operatio n o f  th e recurren t  network s o n th e shift-reduc e 
parsin g tas k i s a  nic e demonstratio n o f  holisti c computation . 
The networ k i s abl e t o lear n ho w t o generat e eac h R a a m 
pars e representatio n durin g th e cours e o f  sentenc e process -
in g withou t  eve r  havin g t o decompos e an d recompos e th e 
constituen t  representations .  Partia l  pars e result s ca n b e buil t 
up incrementall y int o increasingl y complicate d structures , 
whic h suggest s tha t  trainin g coul d b e performe d incremen -
tally .  Suc h a  trainin g schem e i s especiall y attractiv e give n 
tha t  trainin g i n genera l  i s  stil l  relativel y costly . 

The S a r d N e t  ide a i s no t  jus t  a  wa y t o improv e th e per -
formanc e o f  subsymboli c networks ;  i t  i s a n explici t  imple -
mentatio n o f  th e ide a tha t  human s ca n kee p trac k o f  identitie s 
of  elements ,  no t  jus t  thei r  statistica l  propertie s (Miikkulai -
nen ,  1993) .  Th e subsymboli c network s ar e ver y goo d wit h 
statistica l  associations ,  bu t  canno t  distinguis h betwee n rep -
resentation s tha t  hav e simila r  statistica l  properties .  Peopl e 
can ;  whethe r  the y us e a  map-lik e representatio n o r  explici t 
delay s (an d ho w many )  i s a n ope n question ,  bu t  w e believ e 
th e S a r d N e t  representatio n suggest s a n elegan t  wa y t o cap -
tur e a  lo t  o f  th e resultin g behavior .  S a r d N e t  i s a  plausibl e 
cognitiv e approach ,  an d usefu l  fo r  buildin g powerfu l  subsym -
boli c languag e understandin g systems .  S a r d N e t  i s als o i n 
lin e wit h th e genera l  neurologica l  evidenc e fo r  topographica l 
maps i n th e brain . 

Conclusion 

We hav e show n ho w explici t  representatio n o f  constituent s o n 
a self-organizin g m a p allow s recurren t  network s t o proces s 
sequence s mor e effectively .  W e demonstrate d tha t  neura l  net -
work s equippe d wit h S a r d N e t  sequenc e m e m o r y achiev e 
comparabl e performanc e a s N A R X network s wit h man y de -
lay s i n a  nontrivia l  shift-reduc e parsin g task .  S a r d N e t , 
however ,  i s  mor e elegan t  an d cognitivel y plausibl e i n tha t  i t 
doe s no t  impos e limit s o n th e lengt h o f  th e sequence s i t  ca n 
process .  I n futur e work ,  w e wil l  examin e h o w exactl y th e net -
work s ar e usin g th e m a p informatio n t o improv e th e general -
izatio n abilit y  o f  S a r d N e t ,  a s wel l  a s extendin g th e metho d 
t o othe r  recurren t  neura l  networ k architectures . 
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