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Abstract. A challenging problem for connectionist models is the representation of varying-length sequences, e.g., 
th e sequenc e o f  phoneme s tha t  compos e a  word .  On e representatio n tha t  ha s bee n propose d involve s encodin g eac h 
sequenc e elemen t  wit h respec t  t o it s loca l  context ;  thi s i s know n a s a  Wickelfeatur e representation .  Handcrafte d 
Wickelfeatur e representation s suffe r  fro m a  numbe r  o f  limitations ,  a s pointe d ou t  b y Pinke r  an d Princ e (1988) . 
However ,  thes e limitation s ca n b e avoide d i f  th e representatio n i s constructe d wit h a  prior i  knowledg e o f  th e se t  o f 
possibl e sequences .  Thi s pape r  propose s a  specialize d connectionis t  networ k architectur e an d learnin g algorith m fo r 
th e discover y o f  faithfu l  Wickelfeatur e representation s — one s tha t  d o no t  los e critica l  informatio n abou t  th e 
sequenc e t o b e encoded .  Th e architectur e i s applie d t o a  simplifie d versio n o f  Rumclhar t  an d McCleiland' s (1986 ) 
ver b past-tens e model . 

A challenging problem for connectionist models is the manipulation and representation of varying-length 

sequences .  Conside r  th e proble m o f  representin g a  sequenc e o f  symbols ,  sa y letters .  Usin g symbolic ,  LISP-lik e 

structures ,  thi s i s straighforward :  A  shor t  strin g lik e A R M ca n b e represente d a s ( A R  M ) ,  an d a  longe r  strin g lik e 

F I R E A R M ca n b e represente d b y concatenatin g extr a symbol s ont o th e lis t  — ( F I R E A R M ) .  However ,  usin g con -

nectionis t  activit y pattern s t o represen t  thes e string s i s a  mor e comple x matter .  Th e activit y patter n mus t  indicat e 

not  onl y wha t  th e symbol s are ,  bu t  thei r  position s i n th e string .  Thi s suggest s th e straightforwar d ide a o f  reservin g a 

processin g uni t  fo r  fo r  ever y possibl e symbo l  i n ever y position ,  bu t  thi s schem e require s knowin g th e m a x i m u m 

lengt h o f  th e sequenc e i n advance .  I t  als o suffer s fro m th e seriou s difficult y tha t  tw o sequence s containin g c o m m o n 

subsequence s m a y appea r  quit e different .  Fo r  example ,  usin g th e notatio n xi n t o refe r  t o a  uni t  tha t  i s  activate d b y 

th e symbo l  x  i n positio n n ,  activit y pattern s correspondin g t o {  A/l ,  R/2 ,  M/ 3 }  an d {  F/1,1/2 ,  R/3 ,  E/4 ,  A/5 ,  R/6 ,  M/ 7 } 

hav e n o overlap .  T h e c o m m o n subsequenc e A R M i s no t  represente d b y a n overla p i n th e activit y pattern s becaus e 

A R M appear s i n a  differen t  positio n i n eac h string .  Overla p betwee n simila r  activit y pattern s i s critica l  i n connec -

tionis t  representation s becaus e i t  determine s h o w a  connectionis t  networ k wil l  generaliz e t o nove l  instances :  i f  a 

networ k respond s a  certai n w a y t o A R M ,  on e migh t  lik e i t  t o respon d similarl y l o F I R E A R M ,  ye t  th e position -

specifi c  lette r  encodin g wil l  no t  facilitat e this . 

A n y representatio n o f  sequence s shoul d satisf y fou r  criteria . 

• The representation must he faithful (Smolensky, 1987), meaning that a one-to-one mapping exists between 

sequence s an d activit y patterns .  Thi s requiremen t  m a y b e relaxe d somewha t  i n th e contex t  o f  a  particula r 

task :  T h e representatio n nee d onl y b e sufficien t  t o perfor m th e desire d input-outpu t  mapping .  I f  tw o 

sequence s hav e exactl y th e sam e consequence s i n al l  situations ,  ther e i s n o nee d t o encod e the m distinctly . 

Task-irrelevan t  feature s d o no t  hav e t o b e capture d i n th e representation . 

• The representation must be capable of encoding sequences of varying lengths with a fixed number of units. 

•  T h e representatio n mus t  b e capabl e o f  encodin g relationship s betwee n element s o f  a  sequence . 

• The representation should provide a natural basis for generalization. It is on this ground that the position-

specifi c  encodin g fails . 

Wickelgren (1969) has suggested a representational scheme that seems to satisfy these criteria and has been 

applie d successfull y i n severa l  connectionis t  model s (Mozer ,  1990 ;  Rumelhar t  &  McClelland ,  1986 ;  Seidenberg , 

1990) .  T h e basi c ide a i s t o encod e eac h elemen t  o f  a  sequenc e wit h respec t  t o it s loca l  context .  Fo r  example ,  con -

side r  th e phoneti c encodin g o f  a  word .  Wickelgre n propose d context-sensitiv e phonem e units ,  eac h respondin g t o a 

particula r  p h o n e m e i n th e contex t  o f  a  particula r  predecesso r  an d successor .  1  wil l  cal l  thes e unit s Wickelphoiies , 
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afte r  th e terminolog y o f  Rumelhar t  an d McClelland .  I f  th e wor d explai n ha d th e phoneti c spellin g /eksplAn/ ,  i t 

woul d b e compose d o f  th e Wickelphone s .e|j ,  gkj ,  |̂ Sp ,  sP| ,  - l^ ,  |A„ ,  an d ^ n .  (wher e th e das h indicate s a  wor d 

boundary) .  Assumin g on e Wickclphon e uni t  fo r  ever y suc h triple ,  activatio n o f  a  wor d woul d correspon d t o a  distri -

bute d patter n o f  activit y ove r  th e Wickelphon e units .  Wit h a  fixe d numbe r  o f  Wickelphon e units ,  i t  i s  possibl e t o 

represen t  arbitrar y string s o f  varyin g length .  Generally ,  thi s representatio n i s faithful .  I n suc h cases ,  th e unordere d 

set  o f  Wickelphone s i s sufficien t  t o allo w fo r  th e unambiguou s reconstructio n o f  th e ordere d string . 

Rumelhart and McClelland devised a more compact and distributed encoding of phoneme sequences that 

depende d o n feature s o f  th e phoneme s rathe r  tha n th e phoneme s themselves .  Unit s i n thi s Wickelfeaiur e representa -

tio n encod e triple s o f  phonemi c feature s (suc h a  '"voiced "  o r  "dental") .  Smolensk y (1987 )  provide s a  formalis m tha t 

allow s th e Wickelphon e an d Wickelfeatur e encoding s t o b e viewe d i n a  unifor m representationa l  framework ,  a s ten -

sor  product s o f  featur e vectors .  I n th e remainde r  o f  thi s paper ,  I  us e th e ter m "Wickelfeature "  t o denot e a  context -

sensitiv e encodin g o f  feature s o f  sequenc e element s o r  o f  th e element s themselves ,  thereb y subsumin g th e ter m 

"Wickelphone "  an d allowin g th e representatio n t o b e applie d t o arbitrar y sequences . 

Pinker and Prince (1988; Prince & Pinker, 1988) point to several serious limitations of handcrafted Wickel-

featur e representations ,  i n particula r  th e representatio n use d b y Rumelhar t  an d McClellan d i n thei r  mode l  o f  learn -

in g pas t  tense s o f  Englis h verbs .  On e critica l  limitatio n i s tha t  i f  th e clas s o f  sequence s t o b e represente d contai n 

repeate d subsequence s o f  lengt h tw o o r  more ,  th e resultin g representatio n i s ambiguous .  Fo r  example ,  th e se t  o f 

Wickelfeature s {  Ji^ ,  ̂ B^^ ,  gAg ,  ̂ B .  }  coul d correspon d t o th e sequenc e A B A B o r  t o A B A B A B o r  a n infinit e 

number  o f  othe r  suc h strings .  Similarly ,  th e se t  {  .Ag ,  ̂ B ^ ,  b^a .  x^b -  A ^ y B^A -  Y^B '  a'̂ -  }  coul d correspon d 
eithe r  t o sequenc e A B X A B Y AB o r  A B Y A B X A B.  Thus ,  th e Wickelfeatur e representatio n ca n los e orde r  information . 

There are potential ways around these problems. One quick solution is to represent more contextual informa-

tio n i n th e Wickelfeatures .  I f  a  Wickelfeatur e consist s o f  v  sequenc e element s rathe r  tha n jus t  three ,  confusion s 
aris e onl y i f  th e string s contai n repeate d subsequence s o f  lengt h v - 1 o r  greater .  A s v  grows ,  however ,  th e represen -

tatio n become s mor e an d mor e localis t  an d lose s th e advantage s tha t  w e se t  ou t  t o attain .  Anothe r  solutio n i s t o hav e 

th e Wickelfeatur e unit s b e activate d i n a  grade d fashion ,  no t  all-or-nothing .  Thi s woul d allo w a  uni t  t o signa l  th e 

number  o f  instance s o f  tha t  Wickelfeatur e i n a  sequence ,  whic h handle s th e A B A B problem .  Alternatively ,  th e 

amount  o f  activit y coul d correspon d t o th e positio n i n a  sequence ;  i n th e A B X A B Y AB example ,  th e ̂ B x uni t  coul d 

be les s activ e tha n th e ̂ B y unit ,  indicatin g it s primac y i n th e sequence . 

Hand coding Wickelfeature representations of this sort gets quite tricky. In this paper, I report on an alterna-

tiv e approac h usin g connectionis t  learnin g algorithm s t o discove r  Wickelfcature-Iik e representations .  Th e advan -

tag e o f  leavin g th e jo b t o learnin g i s tha t  whateve r  representation s th e syste m develops ,  the y ar e assure d o f  bein g 

sufficien t  fo r  th e domai n a t  hand ,  i.e. ,  the y wil l  satisf y th e faithfulnes s criterio n mentione d above .  A  furthe r  advan -

tag e o f  usin g learnin g i s tha t  b y discoverin g onl y domain-relevan t  Wickelfeatures ,  th e overal l  representatio n ca n b e 

mor e compact .  Fo r  instance ,  a  syste m whos e tas k i s t o encod e Englis h lette r  string s a s Wickelfeature s wil l  no t 

develo p a  p K j  unit . 

A network architecture to learn Wickelfeatures 

The approach I have taken involves training a network to map input sequences to target output patterns 

throug h a  laye r  o f  unit s tha t  lear n t o respon d a s Wickelfeatures .  I t  doe s no t  muc h matte r  wha t  th e outpu t  pattern s 

are ;  the y coul d b e localis t  representation s o f  th e sequences ,  response s t o th e sequence ,  o r  perhap s sequence s them -

selves .  Figur e 1  show s a  schemati c drawin g o f  a n architectur e tha t  perform s thi s mapping .  Th e inpu t  laye r 

represent s a  smal l  w indo w o n th e sequence .  A t  an y time ,  th e inpu t  laye r  view s severa l  consecutiv e element s o f  th e 

sequenc e — thre e element s i n th e Figure .  Presentin g a  complet e sequenc e t o th e networ k involve s slidin g th e 

sequenc e throug h th e window .  Mor e concretely ,  tim e i s quantize d int o discret e steps ,  an d a t  eac h tim e step ,  th e 

sequenc e i s advance d b y on e positio n i n th e inpu t  window .  Onc e th e entir e sequenc e ha s bee n presented ,  th e outpu t 

unit s shoul d respon d appropriately .  Th e outpu t  laye r  i s activate d b y th e contex t  layer ,  th e purpos e o f  whic h i s t o 

remember  thos e element s o f  th e inpu t  sequenc e tha t  ar e critica l  fo r  performin g th e input-outpu t  mapping .  A t  eac h 

tim e step ,  unit s i n th e contex t  laye r  integrat e thei r  curren t  value s wit h th e ne w inpu t  t o for m a  ne w contex t  represen -

tation . 
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Figur e 1 .  A  three-layere d recurren t  networ k consistin g o f  input ,  context ,  an d outpu t  units .  Eac h labele d bo x indicate s a  se t  o f  processin g units . 
The arrow s indicat e complet e connectivit y fro m on e laye r  t o another . 

The context layer thus forms a static internal representation of the dynamic input sequence. The goal of 

learning ,  o f  course ,  i s fo r  thi s t o becom e a  Wickelfeatur e representation .  Th e us e o f  a  slidin g inpu t  w indo w doe s 

par t  o f  th e job :  A t  eac h time ,  th e contex t  unit s ca n onl y se e a  loca l  "chunk "  o f  th e sequence .  Thi s allow s th e con -

tex t  unit s t o detec t  loca l  conjunction s o f  sequenc e elements ,  o r  conjunction s o f  feature s o f  sequenc e elements .  Onc e 

activate d b y a  patter n i n th e input ,  th e contex t  unit s shoul d remai n on .  Thus ,  i t  seem s sensibl e t o hav e self -

connecte d contex t  units ,  bu t  no t  t o connec t  eac h contex t  uni t  t o eac h other ,  usin g a n activatio n functio n like : 

q( t+ l ) 'd iCi ( t )  +  s[neti(t)] , 

where Ci(t) is the activity level of context unit / at time t, dj is a decay weight associated with the unit, 5 is a sig-

moi d squashin g function ,  an d neti{t )  i s  th e ne t  inpu t  t o th e unit : 

i 

Xj(t )  bein g th e activit y o f  inpu t  uni t  ; '  a t  tim e t ,  Wy th e connectio n strengt h fro m inpu t  uni t  ;  t o contex t  uni t  / . 

Thus ,  a  contex t  uni t  add s it s curren t  activity ,  weighte d b y th e deca y factor ,  t o th e n e w inpu t  a t  eac h time .  Th e deca y 

facto r  allow s ol d informatio n t o fad e ove r  tim e i f  ̂ ^  i s les s tha n one . 

To summarize, the Wickelfeature-learning architecture differs from a generic recurrent architecture for tcm-

f>ora l  sequenc e recognitio n i n thre e respects :  (1 )  th e inpu t  laye r  consist s o f  a  smal l  tempora l  w indo w holdin g severa l 

element s o f  th e inpu t  sequence ;  (2 )  connectivit y i n th e contex t  laye r  i s restricte d t o one-to-on e recurren t  connec -

tions ;  an d (3 )  integratio n ove r  tim e i n th e contex t  laye r  i s linear . 

A training algorithm for the Wickelfeature architecture 

Th e standar d procedur e fo r  trainin g a  recurren t  networ k wit h temporally-varyin g input s usin g th e back -

propagatio n algorith m i s t o "unfold "  th e networ k i n tim e (Rumelhart ,  Hinton ,  &  Williams ,  1986) ,  transformin g th e 

recurren t  networ k int o a  feedforwar d network .  Th e unfoldin g procedur e require s tha t  eac h uni t  remembe r  a  tem -

pora l  histor y o f  it s  activatio n value s an d i s computatio n intensive .  Fo r  th e Wickelfeatur e architecture ,  however ,  th e 

unfoldin g procedur e ca n b e avoided ,  a s describe d b y Moze r  (1989) .  T o summariz e th e result ,  conside r  a  sequenc e 

wit h s  element s an d a n architectur e wit h a  v-elemen t  w indow .  Th e numbe r  o f  tim e steps ,  I ,  require d t o slid e th e 

sequenc e throug h th e w i n d o w i s simpl y 5 -v+ l .  Consequently ,  a t  tim e t  th e networ k receive s a  targe t  vecto r  ove r 

th e outpu t  unit s an d a n erro r  £  ca n b e computed .  Usin g th e ordinar y bac k propagatio n procedure ,  th e erro r  deriva -

tiv e wit h respec t  t o eac h contex t  uni t  / , 

can be computed. The weight update rule for the recurrent connections, d,, is then: 

358 



Arf,--e6,(r)a,(/) . 

where a,(/) is defined by the recurrence relation 

a,(T)-c,(T-l) + ^,a,(t-l) 

with boundary value a,(0) - 0. Similarly, the weight update rule for the input-context connections, Wy,-, is: 

Awy,--e8,(r)Py,(/), 

where Py,(0)-0 and 

Py. (T) - S'[neti (T)]Xj (T) + di py, (T-1) . 

Thus, explicit back propagation in time is not necessary. Bachrach (1988), Gori, Bengio, and De Mori (1989), and 

William s an d Zipse r  (1989 )  hav e independentl y discovere d th e ide a o f  computin g a n activit y trac e durin g th e for -

war d pas s a s a n alternativ e t o bac k propagatio n i n time .  However ,  thi s i s th e first  us e o f  th e architectur e fo r  th e pur -

pos e o f  learnin g Wickelfeature-lik e representations . 

Simulatio n result s 

Implementatio n detail s 

I n th e simulation s t o b e reported ,  a n additiona l  paramete r  2 ,  — calle d th e zer o point ,  wa s adde d t o th e 

context-uni t  activatio n function ,  fo r  reason s describe d b y Moze r  (1989) .  Th e complet e activatio n functio n is : 

c,(r+l) - rf,c,(r) + s[neti(t)] + 2, , 

where the value of 2, is determined by gradient descent as for the other parameters. 

The initial input-context and context-output connection strengths were randomly picked from a zero-mean 

gaussia n distributio n an d normalize d suc h tha t  th e L I  nor m o f  th e fan-i n (incoming )  weigh t  vecto r  wa s 2.0 .  Th e 2 , 

wer e initiall y  se t  t o -0.5 ,  an d th e d j  picke d fro m a  unifor m distributio n ove r  th e interva l  .99-1.01 .  Th e weight s wer e 

update d onl y afte r  a  complet e presentatio n o f  th e trainin g se t  (a n epoch) .  M o m e n t u m wa s no t  used .  Learnin g rate s 

wer e adjuste d dynamicall y fo r  eac h se t  o f  connection s accordin g t o a  heuristi c describe d b y Moze r  (1989) . 

Learning Wickelfeatures 

Starting with a simple example, the network was trained to identify four sequences: _DEAR_, _DEAN_, 

_BEAR_,  an d _ B E A N _ .  Eac h symbo l  correspond s t o a  singl e sequenc e elemen t  an d wa s represente d b y a  rando m 

binar y activit y patter n ove r  thre e units .  Th e inpu t  laye r  wa s a  two-elemen t  buffe r  throug h whic h th e sequenc e wa s 

passed .  Fo r  _ D E A R _ ,  th e inpu t  o n successiv e tim e step s consiste d o f  _D ,  D E ,  EA ,  A R ,  R_ .  Th e inpu t  laye r  ha d si x 

units ,  th e contex t  laye r  two ,  an d th e outpu t  laye r  four .  Th e network' s tas k wa s t o associat e eac h sequenc e wit h a 

correspondin g outpu t  unit .  T o perfor m thi s task ,  th e networ k mus t  lear n t o discriminat e D  fro m B  i n th e first  lette r 

positio n an d N  fro m R  i n th e fourt h lette r  position .  Thi s ca n b e achieve d i f  th e contex t  unit s lear n t o behav e a s 

Wickelfeatur e detectors .  Fo r  example ,  a  contex t  uni t  tha t  respond s t o th e Wickelfeature s _ D o r  D E serve s a s a  B- D 

discriminator ;  a  uni t  tha t  respond s t o R _ o r  A R serve s a s a n N- R discriminator .  Thus ,  a  solutio n ca n b e obtaine d 

wit h tw o contex t  units . 

Fifty replications of the simulation were run with different initial weights. The task was learned in a median 

of  48 8 trainin g epochs ,  th e criterio n fo r  a  correc t  respons e bein g tha t  th e outpu t  uni t  wit h th e larges t  valu e wa s th e 

appropriat e one .  Figur e 2  show s th e resul t  o f  on e run .  Th e weight s ar e groupe d b y connectio n type ,  wit h th e input -

contex t  connection s i n th e upper-lef t  array ,  followe d b y th e deca y connection s (dj) ,  zer o point s (2,) ,  an d context -

outpu t  connections .  Eac h connectio n i s depicte d a s a  squar e whos e are a indicate s th e relativ e weigh t  magnitude , 

and shadin g th e weigh t  sig n — blac k i s positive ,  whit e i s negative .  Th e size s o f  th e square s ar e normalize d withi n 

eac h arra y suc h tha t  th e larges t  squar e ha s side s whos e lengt h i s equa l  t o tha t  o f  th e vertica l  bar s o n th e righ t  edg e o f 

th e array .  Th e absolut e magnitud e o f  th e larges t  weigh t  i s indicate d b y th e numbe r  i n th e upper-righ t  corner . 

Becaus e normalizatio n i s performe d withi n eac h array ,  weigh t  magnitude s o f  differen t  connectio n type s mus t  b e 
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Figur e Z  Th e DEAR/DEAN/BEAR/BEAN problem .  Th e uppe r  hal f  o f  th e figur e show s learne d weight s i n th e network ,  th e lowe r  hal f  activit y lev -
el s i n respons e t o eac h o f  th e fou r  inpu t  sequences . 

compared with reference to the normalization factors. The units within each layer are numbered. The weights feed-

in g int o an d ou t  o f  contex t  uni t  1  hav e bee n arrange d alon g a  singl e row ,  an d th e weight s o f  contex t  uni t  2  i n th e ro w 

above .  Bia s term s (i.e. ,  weigh t  line s wit h a  fixed  inpu t  o f  1.0 )  ar e als o show n fo r  th e contex t  an d outpu t  units . 

For the activity levels in the lower half of the figure, there are four columns of values, one for each sequence. 

T h e inpu t  patter n itsel f  i s  s h o w n i n th e lowes t  array .  T i m e i s represente d alon g th e vertica l  dimension ,  wit h th e first 

tim e ste p a t  th e botto m an d eac h succeedin g on e abov e th e previous .  Th e inpu t  a t  eac h tim e reflect s th e buffe r  con -

tents .  Becaus e th e buffe r  hold s tw o sequenc e elements ,  not e tha t  th e secon d elemen t  i n th e buffe r  a t  on e tim e ste p 

(th e activit y patter n i n inpu t  unit s 4-6 )  i s th e sam e a s th e first  elemen t  o f  th e buffe r  a t  th e nex t  (inpu t  unit s 1-3) . 

A b o v e th e inpu t  patter n are ,  respectively ,  th e contex t  uni t  activit y level s afte r  presentatio n o f  th e final  sequenc e ele -

ment ,  th e outpu t  uni t  activit y level s a t  thi s time ,  an d th e targe t  outpu t  values .  T h e activit y leve l  o f  a  uni t  i s  propor -

tiona l  t o th e are a o f  it s  correspondin g square .  I f  a  uni t  ha s a n activit y leve l  o f  0 ,  it s  squar e ha s n o are a — a n empt y 

space .  T h e square s ar e normalize d suc h tha t  a  "uni t  square "  — a  squar e whos e edg e i s th e lengt h o f  on e o f  th e verti -

cal  bar s — correspond s t o a n activit y leve l  o f  1 .  Whil e th e input ,  output ,  an d targe t  activit y level s rang e fro m 0  t o 1 , 

th e contex t  activit y level s ca n li e outsid e thes e bounds ,  an d are ,  i n fact ,  occasionall y greate r  tha n 1 . 

With these preliminaries out of the way, consider what the network has learned. At the completion of each 

sequence ,  th e contex t  uni t  activit y patter n i s essentiall y  binary .  Contex t  uni t  1  i s of f  fo r  _ B E A N _ an d _ B E A R _ ,  an d 

o n fo r  _ D E A N _ an d _ D E A R j  thus ,  i t  discriminate s B  an d D .  Contex t  uni t  2  i s of f  fo r  _ B E A N _ an d _ D E A N _ ,  an d o n 

fo r  _ B E A R _ an d _DEL\R_ ;  thu s i t  discriminate s N  an d R .  However ,  th e contex t  unit s d o no t  behav e i n a  straightfor -

war d w a y a s Wickelfeatures .  I f  contex t  uni t  1  wer e sharpl y tune d to ,  say ,  _ D ,  th e input-contex t  weight s shoul d 

serv e a s a  matche d filter  t o th e inpu t  patter n _ D .  Thi s i s no t  th e case :  th e weight s hav e sign s - + - + -  bu t  th e _ D inpu t 

patter n i s 110011 .  N o r  i s contex t  uni t  1  tune d t o th e D E ,  whos e inpu t  patter n i s 011010 .  Instead ,  th e uni t  appear s t o 

be tune d equall y t o bot h patterns .  B y examinin g th e activit y o f  th e uni t  ove r  time ,  i t  ca n b e determine d tha t  th e uni t 
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i s  activate d partl y b y _ D an d partl y b y D E bu t  b y n o othe r  inpu t  pattern .  Thi s mai(c s sense :  _ D an d D E ar e equall y 

vali d cue s t o th e sequenc e identity ,  an d a s such ,  evidenc e fro m eac h shoul d contribut e t o th e response .  T o ge t  a  fee l 

fo r  w h y th e detecto r  respond s a s i t  docs ,  not e tha t  _ D (110011 )  i s distinguishe d fro m _ B (110001 )  b y activit y i n uni t 

5;  D E (011010 )  fro m B E (001010 )  b y activit y i n uni t  2 .  Th e weight s fro m input s 2  an d 5  t o contex t  uni t  1  ar e posi -

tive ,  allowin g th e uni t  t o detec t  D  i n eithe r  context .  Th e othe r  weight s ar e se t  s o a s t o preven t  th e uni t  fro m respond -

in g t o othe r  possibl e inputs .  Thus ,  th e uni t  select s ou t  ke y feature s o f  th e Wickelfeature s _ D an d D E tha t  ar e no t 

foun d i n othe r  Wickelfeatures .  A s such ,  i t  behave s a s a  _ D E Wickelfeatur e detector ,  an d contex t  uni t  2  similarl y a s 

a A R _ detector . 

Generalization testing supports the notion that the context units have become sensitive to these Wickel-

features .  I f  th e inpu t  element s ar e permute d t o produc e sequence s lik e A R _ B E ,  whic h preserve s th e Wickelfeature s 

A R_ an d _ B E ,  contex t  uni t  response s ar e simila r  t o thos e o f  th e origina l  sequences .  However ,  wit h permutation s 

lik e _RB_ ,  _ D A E R _ ,  an d D E A R (withou t  th e en d delimiters) ,  whic h destro y th e Wickelfeature s A R _ an d _BE ,  con -

tex t  uni t  response s ar e no t  contingen t  upo n th e D ,  B ,  N ,  an d R .  Thus ,  th e contex t  unit s ar e respondin g t o thes e ke y 

letters ,  bu t  i n a  context-dependen t  manner . 

Learning the regularities of verb past tense 

In English, the past tense of many verbs is formed according to a simple rule. Regular verbs can be divided 

int o thre e classes ,  dependin g o n whethe r  th e pas t  tens e i s forme d b y addin g /*d /  (a n "ud "  sound) ,  /t/ ,  o r  /d/ .  Exam -

ple s o f  th e classe s ar e /dEpend /  (depend) ,  /fAs /  (face) ,  an d /dEscrIb /  (describe) ,  respectively .  Eac h strin g denote s 

th e phoneti c encodin g o f  th e ver b i n italics ,  an d eac h symbo l  a  singl e phoneme .  Th e phonem e notatio n an d th e 

example s hav e bee n borrowe d fro m Rumelhar t  an d McClellan d (1986) .  Th e rul e fo r  determinin g th e clas s o f  a  reg -

ula r  ver b i s a s follows . 

If the final phoneme is dental (/d/ or A/), add Td/; 

els e i f  th e fina l  phonem e i s a n unvoice d consonant ,  ad d /t/ ; 

els e (th e final  phonem e i s voiced) ,  ad d /d/ . 

A network was trained to classify the twenty examples of each class. Each phoneme was encoded by a set of 
fou r  trinar y acousti c feature s (se e Rumelhar t  &  McClelland ,  1986 ,  Tabl e 5) .  Th e inpu t  laye r  o f  th e networ k wa s a 

two-elemen t  buffer ,  s o a  ver b lik e /kamp /  appeare d i n th e buffe r  ove r  tim e a s _k ,  ka ,  a m ,  m p ,  p_ .  Th e underscor e 

i s a  delimite r  symbo l  place d a t  th e beginnin g an d en d o f  eac h string .  Th e networ k ha d eigh t  inpu t  unit s (tw o tim e 

slice s eac h consistin g o f  fou r  features) ,  tw o contex t  units ,  an d thre e outpu t  unit s — on e fo r  eac h ver b class . 

In fifteen replications of the simulation, the network performed at 90% within 100 epochs, learned the train-

in g se t  perfectl y i n unde r  100 0 epochs .  A  ver b wa s considere d t o hav e bee n categorize d correctl y i f  th e mos t  activ e 

outpu t  uni t  specifie d th e verb' s class .  Th e networ k ha s learne d th e underlyin g rule ,  a s evidence d b y perfec t  general -

izatio n t o nove l  verbs .  Typica l  weight s learne d b y th e networ k ar e presente d i n Figur e 3 ,  alon g wit h th e outpu t  lev -

el s o f  th e tw o contex t  unit s i n respons e t o twent y verbs .  Thes e verbs ,  thoug h no t  par t  o f  th e trainin g set ,  wer e al l 

classifie d correctly . 

The response of the context units is straightforward. Context unit 1 has a positive activity level if the final 

phoneme i s a  denta l  (/d /  o r  /t/) ,  negativ e otherwise .  Contex t  uni t  2  ha s positiv e activit y i f  th e fina l  phonem e i s 

unvoiced ,  nea r  zer o otherwise .  Thes e ar e precisel y th e feature s require d t o discriminat e a m o n g th e thre e regula r 

ver b classes .  I n fact ,  th e classificatio n rul e fo r  regula r  verb s ca n b e observe d i n th e context-outpu t  weight s (th e 
rightmos t  weigh t  matri x i n Figur e 3) .  Connection s ar e suc h tha t  outpu t  uni t  1 ,  whic h represent s th e "ad d /'d/ "  class , 

i s  activate d b y a  final  denta l  phoneme ;  outpu t  uni t  2 ,  whic h represent s th e "ad d /t/ "  class ,  i s  activate d b y a  final 

non-denta l  unvoice d phoneme ;  an d outpu t  uni t  3 ,  whic h represent s "ad d /d/ "  class ,  i s  activate d b y a  fina l  non-denta l 

voice d phoneme . 

Note that the decay weights in this simulation are small in magnitude; the largest is .02. Consequently, con-

tex t  unit s retai n n o histor y o f  pas t  events ,  whic h i s quit e sensibl e becaus e onl y th e final  phonem e determine s th e 

ver b class .  Thi s fac t  make s ver b classificatio n a  simpl e task :  i t  i s  no t  necessar y fo r  th e contex t  unit s t o hol d o n t o 

informatio n ove r  time .  Simulation s wer e als o conducte d givin g th e networ k th e sam e ver b classificatio n task ,  bu t 

reversin g th e orde r  o f  th e phonemes ;  instea d o f  /dEpend/ ,  /dnepEd /  wa s presented .  I n thi s problem ,  th e relevan t 
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Figur e 3 .  Th e regula r  ver b problem .  Th e uppe r  hal f  show s learne d weight s i n th e network ,  th e lowe r  hal f  show s th e fina l  activit y level s o f  th e 
contex t  unit s i n respons e t o a  variet y o f  verbs .  Verb s i n th e firs t  colum n al l  en d wit h /t/ ,  i n th e secon d colum n wit h /d/ ,  i n th e thir d colum n wid i 
an unvoice d consonant ,  an d th e fourt h colum n wit h a  voice d consonan t  o r  vowel . 

information comes at the start of the sequence and must be retained until the sequence is completed. Nonetheless, 

th e nerwor k i s abl e t o lear n th e task .  Interestingly ,  a  mor e standar d networ k architectur e wa s unsuccessfu l  a t  learn -

in g th e task . 

Large verb simulation 

To study a more difflcuit task, the regular-verb categorization problem was extended to a larger corpus of 

verbs .  A s before ,  th e tas k wa s t o classif y eac h ver b accordin g t o th e manne r  i n whic h it s pas t  tens e i s formed .  Th e 

complexit y o f  th e tas k wa s increase d b y includin g bot h regula r  an d irregula r  verbs ,  13 6 trainin g instance s alto -

gether ,  an d a  tota l  o f  thirtee n respons e categorie s — thre e fo r  regula r  form s an d te n fo r  irregula r  (se e Mozer ,  1989 , 

fo r  example s o f  thes e categories) .  Th e categorie s ar e base d loosel y o n a  se t  suggeste d b y Bybe e an d Slobi n (1982) . 

Th e corpu s o f  verb s wa s borrowe d fro m th e Rumelhar t  an d McClellan d (1986 )  model .  Th e model ,  designe d 

t o accoun t  fo r  children' s acquisitio n o f  ver b pas t  tenses ,  produce s th e pas t  tens e o f  a  ver b give n it s infinitiv e for m a s 

input .  Th e representatio n use d a t  bot h inpu t  an d outpu t  end s i s a  handcrafte d Wickelfeatur e encodin g o f  th e verb , 

buil t  int o th e model .  Th e purpos e o f  thi s simulatio n i s t o demonstrat e tha t  a  network ,  give n a  sequenc e o f 

phonemes ,  ca n lear n a  representatio n lik e tha t  presuppose d b y Rumelhar t  an d McClelland' s model . 

The task is difficult. The verb classes contain some internal regularities, but these regularities are too weak to 

be use d t o uniquel y classif y a  verb .  Fo r  instance ,  al l  verb s i n categor y 3  en d i n a  /d /  o r  /t/ ,  bu t  s o d o verb s i n 

categorie s 4 ,  5 ,  an d 11 .  Whethe r  a  ver b endin g i n /d /  o r  A /  belong s i n categor y 3  o r  on e o f  th e othe r  categorie s 

depend s o n whethe r  i t  i s  regular ,  bu t  ther e ar e n o simpl e feature s signalin g thi s fact .  Further ,  fine  discrimination s 

ar e necessar y becaus e tw o outwardl y simila r  verb s ca n b e classifie d int o differen t  categories .  Sw i m an d sin g belon g 

t o categor y 10 ,  bu t  swin g t o categor y 12 ;  rin g belong s t o categor y 10 ,  bu t  brin g t o categor y 8 ;  se t  belong s t o 
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categor y 4 ,  bu t  ge t  t o categor y 11 .  Becaus e th e categor y t o whic h a  ver b belong s i s somewha t  arbitrary ,  th e networ k 

must  memoriz e a  larg e numbe r  o f  specia l  cases . 

Th e networ k architectur e wa s simila r  t o tha t  use d i n th e regula r  ver b example .  Th e inpu t  laye r  w a s a  two -

phoneme buffer ,  an d th e encodin g o f  phoneme s wa s th e sam e a s before .  Th e outpu t  laye r  consiste d o f  thirtee n 

units ,  on e fo r  eac h ver b class ,  an d th e contex t  laye r  containe d 2 5 units . 

In ten replications of the simulation, the network learned to select the correct category in about 500 epochs. 

At  intermediat e stage s o f  learning ,  verb s ar e sometime s "overregularized" ,  a s w h e n th e pas t  tens e o f  ea t  w a s con -

sidere d t o b e eated .  Overgeneralizatio n occur s i n othe r  respects ,  a s whe n si t  wa s misclassifie d i n th e categor y o f 

verb s whos e pas t  tens e i s th e sam e a s th e roo t  — presumabl y b y analog y t o hi t  an d fit  an d set .  Interpretatio n o f  th e 

behavio r  o f  individua l  contex t  unit s i s difficult ,  bu t  b y examinin g simila r  inpu t  sequence s tha t  ar e classifie d dif -

ferently ,  e.g. ,  /riN /  an d /briN/ ,  on e ca n pinpoin t  contex t  unit s responsibl e fo r  certai n behaviors . 

These simulations demonstrate the feasibility of constructing faithful Wickelfeature-like representations using 

connectionis t  learnin g procedures ,  instea d o f  havin g t o craf t  th e representation s b y hand .  Further ,  th e simulation s 

sho w tha t  intrinsicall y tempora l  o r  sequentia l  inpu t  ca n b e deal t  wit h a s such ,  instea d o f  a s stati c patterns .  Thi s i s a 

necessar y firs t  ste p i n th e modelin g o f  languag e an d speec h processes . 
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