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L e a r n i n g t h e p a s t  t e n s e i n a  r e c u r r e n t  n e t w o r k : 

A c q u i r i n g t h e m a p p i n g f r o m m e a n i n g t o s o u n d s 

Garrison W. Cottrell* Kim Plunkett 

Depaxtmen t  o f  Compute r  Scienc e an d Engineerin g Institut e o f  Psycholog y 

Universit y o f  California ,  Sa n Dieg o Universit y o f  Aarhus ,  Denmar k 

Abstrac t 

The performance of a recurrent neural network in 
mappin g a  se t  o f  pla n vectors ,  representin g ver b 
semantics ,  t o associate d sequence s o f  phonemes , 
representin g th e phonologica l  structur e o f  ver b 
morphology ,  i s  investigated .  Severa l  semanti c rep -
resentation s ar e explore d i n attemp t  t o evaluat e 
th e rol e o f  ver b synonym y an d homophon y i n de -
terimin g th e pattern s o f  erro r  observe d i n th e net' s 
outpu t  performance .  Th e model' s performanc e 
offer s severa l  unexplore d prediction s fo r  develop n 
menta l  profile s o f  youn g childre n acquirin g Englis h 
ver b morphology . 

Introduction 

Prio r  attempt s t o mode l  th e acquisitio n o f  Englis h ver b 
morpholog y i n connectionis t  net s (Plunket t  i c  March -
man [1991] ;  Plunkett ,  Marchma n &  Knudse n [1990] ; 
Rumelhar t  &  McClellan d [1986] )  hav e focuse d o n th e 
proble m o f  Iceirnin g th e relationship s betwee n phono -
logica l  representation s o f  variou s form s o f  th e verb . 
Phonologica l  informatio n i s exploite d b y childre n an d 
adult s whe n prompte d fo r  th e pas t  tens e for m o f  a 
nove l  ste m (Bybe e &  Slobi n [1982] ;  Marchma n [1988]) . 
Nevertheless ,  th e phonologica l  for m o f  th e ver b doe s 
not  uniquel y determin e it s pas t  tens e form .  Althoug h 
al l  verb s whic h hav e identica l  ste m an d pas t  tens e 
form s posses s a  denta l  final  consonan t  (e.g .  hi t  —» hit) , 
not  al l  verb s tha t  en d i n a  denta l  consonan t  hav e identi -
cal  ste m an d pas t  tens e form s (Pinke r  &  Princ e [1988]) . 
Furthermore ,  connectionis t  model s tha t  lear n purel y 
xTifro-leve l  phonologica l  mapping s canno t  distinguis h 
verb-ste m homophone s tha t  tak e differen t  pas t  tens e 
forms .  Fo r  example ,  t o brak e an d t o brea k tak e pas t 
tens e form s brake d an d brok e respectively .  Sinc e th e 
input s t o th e networ k i n thes e case s ar e identical ,  s o 
wil l  thei r  output s remai n identical . 

I n thi s paper ,  w e presen t  a  connectionis t  mode l  o f 
th e acquisitio n o f  Englis h ver b morpholog y i n whic h a 
networ k i s traine d t o m a p a  semanti c representatio n 

*We than k Stee n Ladegaar d Knudse n fo r  hi s assistanc e 
i n programming ,  analysi s an d runnin g o f  simulations . 

of  verb s t o phonologica l  representation s o f  thei r  stem s 
and/o r  pas t  tens e form s (cf .  Gasse r  &  Le e [1990]) . 
The mappin g functio n t o b e learn t  ma y b e consid -
ere d analogou s t o aspect s o f  th e productio n proces s 
i n whic h meanin g i s mappe d t o soun d representations . 
Phonologica l  regularitie s betwee n ver b classe s mus t  b e 
capture d b y th e hidde n uni t  representation s generate d 
throug h training .  Homophone s i n thi s formulatio n 
ar e unproblematic ,  a s the y consitut e a  many-to-on e 
mapping .  However ,  tw o ne w potentia l  problem s arise . 
First ,  a s Pinke r  &  Princ e [1988 ]  poin t  out ,  th e seman -
tic s o f  a  ver b i s no t  a  goo d predicto r  o f  th e typ e o f 
inflectiona l  mappin g tha t  i t  mus t  undergo .  Th e thre e 
verb s hit ,  strik e an d sla p ar e closel y relate d semanti -
call y bu t  the y hav e differen t  mappin g type s relatin g 
thei r  ste m an d pas t  tens e form s {hi t  —» hit ,  strik e —» 
struck ,  sla p —> slapped) .  Th e networ k mus t  lear n t o ig -
nor e thi s similarit y i n learnin g th e mapping .  Second , 
thi s sam e proble m arise s i n genera l  fo r  th e network ,  in -
sofa r  a s ther e i s a n arbitrar y relationshi p betwee n th e 
meanin g o f  th e ver b an d it s phonologica l  form .  Simila r 
input s d o no t  lea d t o simila r  outputs .  I n particular , 
highl y simila r  inputs ,  modelin g synonyms ,  provid e a 
potentia l  sourc e o f  erro r  i n thes e networks . 

Our  goal s i n thi s wor k ar e twofold : 

1. To examine the performance of the network in solv-
in g a  mappin g proble m tha t  i s  analogou s t o tha t  o f 
mappin g meanin g t o soun d an d determin e it s gener -
alizatio n characteristics . 

2. To evaluate the pattern of outputs and errors pro-
duce d b y th e networ k durin g th e cours e o f  trainin g 
and us e thes e error s t o predic t  thos e produce d b y 
childre n acquirin g Englis h ver b morphology . 

We report on three sets of simulations that differ either 
i n th e natur e o f  th e semanti c representation s use d t o 
encod e ver b meaning s and/o r  i n th e numbe r  o f  mean -
ing/for m pair s tha t  th e networ k i s require d t o learn .  I n 
each C£ise ,  w e provid e a n evaluatio n o f  th e performanc e 
of  th e networ k o n traine d verb s an d o f  th e abilit y  o f 
th e networ k t o generaliz e t o ver b form s o n whic h i t  ha s 
not  bee n trained .  I n on e se t  o f  simulations ,  w e provid e 
a detaile d erro r  analysis . 
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Methodolog y 
Al l  simulation s utiliz e a  simpl e recurren t  networ k o f 
th e typ e develope d b y E l m a n [1990 ]  (se e Figur e 1) . 
I n al l  simulation s th e outpu t  p h o n e m e consist s o f  a 

Phoneme 

2.  Hidde n 

1.  Hidde n 
Contex t 

Ver b Pla n 

Figur e 1 :  Genera l  Networ k Architectur e 

15 bit vector that reflects standard phonological con-
trasts .  A  noteworth y characteristi c o f  thi s phonemi c 
representatio n lie s i n it s at temp t  captur e th e sonor -
it y relationship s betwee n vowel s an d consonant s (se e 
feature s 0 1 - 7 i n Tabl e 1). ^  T h e tas k o f  th e networ k 
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Tabl e 1 :  Phonologica l  representatio n 

is to output a sequence of phonemes that correspond 
t o th e ste m o r  pas t  tens e o f  th e ver b whos e seman -
ti c representatio n i s presente d a t  th e input .  Th e dis -
tinctio n betwee n ste m an d pas t  tens e form s i s encode d 

'Th e phonologica l  representatio n presente d her e wa s 
originall y designe d b y Ala n Princ e an d Ki m Plunkett . 

by a  2-bi t  vecto r  a t  th e inpu t  level .  Th e inventor y 
of  verb s (bot h stem s an d pas t  tens e forms )  tha t  th e 
networ k i s require d t o produc e a t  th e outpu t  i s take n 
directl y fro m previou s simulation s conducte d b y Plun -
kett ,  Marchma n &  Knudse n [1990] .  I n thi s wor k 50 0 
stem/pas t  tens e pairing s ar e used .  Eac h ste m consist s 
of  a  Consonant-Vowel-Consonan t  (CVC )  string ,  a  C C V 
strin g o r  a  V C C string .  Eac h strin g i s phonologicall y 
well-formed ,  eve n thoug h i t  ma y no t  correspon d t o a n 
actua l  Englis h word .  Verb s ar e assigne d t o on e o f  fou r 
classes .  Eac h clas s correspond s t o a  differen t  typ e o f 
transformatio n analogou s t o a  distinc t  pas t  tens e for m 
i n Englis h a s i n (Plunket t  &  Marchma n [1991]) .  Th e 
firs t  clas s follow s th e regula r  rul e i n English .  Th e thre e 
irregula r  clfisse s are :  (1 )  arbitrar y verb a hav e n o sys -
temati c relationshi p betwee n th e ste m an d pas t  tens e 
for m {g o —> went) ,  (2 )  identit y verb s ar e unchange d 
betwee n form s {hi t  —» hit) ,  an d (3 )  vowe l  chang e verb s 
underg o a  chang e i n vowe l  i n C V C form s [strik e —> 
struck) .  Verb s ar e assigne d randoml y t o eac h o f  th e 
fou r  classes ,  wit h th e constrain t  tha t  stem s posses s th e 
appropriat e characteristic s o f  a  give n class . 

Semanti c representation s o f  verb s ar e o f  tw o types . 
I n th e firs t  se t  o f  simulations ,  eac h ver b i s represente d 
i n a  localis t  manne r  i n a  500-bi t  vector .  A n additiona l 
tw o unit s encod e whethe r  th e networ k i s t o produc e 
a sequenc e o f  phoneme s correspondin g t o th e ste m o f 
th e ver b o r  th e pas t  tens e o f  th e ver b a t  th e output . 
I n th e secon d an d thir d se t  o f  simulation s a  similar -
it y structur e i s impose d o n th e semanti c representa -
tion s b y usin g distortion s o f  severa l  prototyp e vector s 
(Chauvi n [1988]) .  Distortion s ma y var y i n thei r  dis -
tanc e fro m th e prototype .  W e us e 9  o r  5 0 prototyp e 
vector s (an d thu s ci s man y categories )  dependin g o n 
vocabular y size .  T w o extr a input s specif y th e ste m o r 
th e pas t  tens e form .  Fo r  th e larg e simulations ,  1 0 dis -
tortion s eac h o f  th e 5 0 prototype s ar e generate d a t  3 
level s o f  distortion . 

Trainin g proceed s b y randoml y selectin g a  pla n vec -
to r  (th e verb' s semanti c representation )  an d a  tens e 
bi t  (ste m o r  pas t  tense) .  Thi s composit e vecto r  i s the n 
presente d a t  th e inpu t  unit s ove r  a  numbe r  o f  tim e 
step s tha t  correspon d t o th e numbe r  o f  phoneme s i n 
th e outpu t  form .  A t  eac h tim e step ,  th e discrepanc y 
betwee n th e actua l  outpu t  o f  th e networ k an d th e tar -
get  phonem e i s use d ci s th e erro r  signa l  t o a  bac k prop> -
agatio n learnin g algorithm .  W e us e th e Tlear n sim -
ulato r  develope d b y Jef f  Elma n a t  U C S D.  A s par t  o f 
th e teachin g signal ,  th e ver b pla n i s traine d t o pro -
duc e a n end-of-for m signa l  (correspondin g t o th e si -
lenc e phonem e i n Tabl e 1) .  Th e "contex t  units "  ar e 
rese t  betwee n forms . 

Analysis 

The performanc e o f  th e networ k i s analyse d a t  regu -
la r  interval s i n training .  I n thi s pape r  w e presen t  tw o 
type s o f  analysis .  First ,  w e determin e th e hi t  rat e fo r 
stem s an d pas t  tens e form ,  bot h o n th e entir e trainin g 
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set  an d o n a  class-by-clas s basis .  Hi t  rat e i s evaluate d 
by determinin g whic h o f  th e p h o n e m e vector s (a s de -
fined  i n Tabl e 1 )  i s closes t  t o th e outpu t  vecto r  usin g 
a leas t  square s measur e a t  eac h tim e step .  Thi s yield s 
a sequenc e o f  outpu t  phoneme s fo r  eac h ver b plan .  I n 
th e first  tw o set s o f  simulation s w e repor t  o n whethe r 
th e outpu t  sequenc e i s a  hi t  o r  a  miss . 

We analys e th e generalizatio n characteristic s o f  th e 
networ k b y first  trainin g th e networ k wit h 2 5 ver b 
plan s t o produc e onl y th e ste m for m o f  th e ver b an d 
wit h anothe r  2 5 ver b plan s t o produc e onl y th e pas t 
tens e for m o f  th e verb .  Eac h ver b pla n i s the n teste d 
o n th e phonologica l  for m o f  th e ver b t o whic h i t  hei s 
no t  bee n traine d i.e .  2 5 ste m form s an d 2 5 pas t  tens e 
forms .  T h e outpu t  o f  th e networ k o n thes e nove l  input s 
i s use d t o evaluat e th e net' s generalizatio n properties . 

Fincilly ,  i n th e thir d se t  o f  simulation s w e provid e a 
detaile d analysi s o f  th e outpu t  o f  th e networ k w h e n 
traine d o n jus t  5 0 ver b plan s i.e .  10 0 p h o n e m e se -
quences .  Thes e analyse s relat e th e rol e o f  seman -
ti c simileirit y t o th e similarit y o f  th e p h o n e m e se -
quence s acros s differen t  verbs ,  an d th e syllabi c struc -
tur e tha t  th e networ k extract s ove r  th e sequenc e o f 
outpu t  phonemes . 

Experiment One 

Thi s experimen t  report s th e result s o f  simulation s us -
in g a  50 0 wor d vocabular y an d orthogona l  representa -
tion s o f  th e ver b plan .  Figur e 2  (a )  provide s a  summar y 
of  th e networ k performanc e o n al l  pas t  tens e form s an d 
al l  ste m form s whil e Figur e 2  (b )  compare s th e gener -
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Figur e 2 :  Overal l  Orthogona l  Result s 

alization characteristics of the network in predicting 
th e pas t  tens e form s o f  th e ver b whe n i t  ha s onl y b e 
traine d o n th e ste m an d vic e versa .  Figur e 2  (a )  show s 
tha t  th e networ k i s equall y fas t  a t  learnin g bot h ste m 
and pfis t  tens e form s an d tha t  learnin g undergoe s a 
spur t  i n growt h aroun d th e 2 0 epoc h mark .  I n con -
trast ,  th e tes t  verb s diffe r  wit h respec t  t o thei r  perfor -
mance o n stem s an d pas t  tens e forms .  Figur e 2  (b ) 
shows tha t  whe n a  ver b pla n i s traine d t o a  pas t  tens e 
form ,  th e networ k i s quit e accurat e i n predictin g th e 
correc t  ste m ( > 9 0 % afte r  7 0 epoch s o f  training) .  O n 

th e othe r  hand ,  generalizatio n fro m ste m t o pas t  tens e 
neve r  exceed s 55% .  I t  shoul d b e note d tha t  w e us e a 
ver y stric t  criteri a fo r  generalization :  Al l  pas t  tense s 
ar e assume d t o b e regular .  Ove r  severa l  simulations , 
we find  tha t  performanc e o n pas t  t o ste m generaliza -
tion s i s alway s good ,  whil e ste m t o pas t  varies .  Thi s 
resul t  i s t o b e expecte d give n tha t  th e for m whic h th e 
p&si  tens e take s i s a  bette r  predicto r  o f  th e ste m tha n 
th e ste m i s o f  th e pas t  tens e for m (e.g .  i f  th e peis t  tens e 
of  a  ver b i s talke d the n it s ste m for m i s unambiguous , 
but  i f  th e ste m i s hi t  then ,  i n principle ,  it s  pas t  tens e 
for m i s underdetermined) .  Indee d th e discrepanc y be -
twee n th e generalizatio n curve s i n Figur e 2  (b )  ca n b e 
accounte d fo r  i n thi s fashion . 
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Figure 3: Stem Forms by Class (Orthogonal) 

Figure 3 provides a class-by-clciss breakdown of net-
w o r k per formanc e o n stems .  Thes e resul t  indicat e tha t 
th e regular ,  identit y m a p p i n g a n d vowe l  chang e clcisse s 
ar e learne d first,  whil e arbitrar y m a p p i n g s ar e delayed . 
Figur e 4  reveal s a  simila r  ran k orderin g o f  classe s wit h 
pas t  tens e forms . 

Experiment Two 

Thi s exper imen t  report s th e result s o f  simulation s us -
in g a  50 0 w o r d vocabular y a n d semanticall y structure d 
representation s o f  th e ver b plan .  Figur e 5  (a )  pro -
vide s a  s u m m a r y o f  th e networ k per formanc e o n al l 
pas t  tens e fo rm s a n d al l  s te m form s whil e Figur e 5 
(b )  compa re s th e generalizatio n characteristic s o f  th e 
networ k i n predictin g th e pas t  tens e fo rm s o f  th e ver b 
w h e n i t  ha s onl y b e traine d o n th e s te m a n d vic e versa . 
A s wit h Expe r imen t  O n e ,  Figur e 5  (a )  show s tha t  th e 
networ k i s  equall y fas t  a t  learnin g bot h s te m a n d pas t 
tens e forms .  Learnin g undergoe s a  spur t  i n growt h 
a roun d th e 2 5 epoc h m a r k .  Similarly ,  ther e i s a  con -
tras t  betwee n th e tes t  s tem s a n d th e tes t  pas t  tens e 
forms .  Howeve r ,  th e generalizatio n characteristic s fo r 
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Figure 4: Past Forms by Class (Orthogonal) 
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Figur e 5 :  Overal l  Orthogona l  Result s 

thi s networ k ar e mor e restricte d tha n i n th e simula -
tion s wher e a n orthogona l  ver b pla n i s used .  A n ex -
aminatio n o f  th e outpu t  fo r  tes t  stem s indicate s tha t 
th e networ k ha s difBcult y generatin g th e epenthisize d 
for m o f  th e e d suffix . 

A cleiss-by-clas s analysi s o f  pcis t  tens e form s an d 
ste m form s revea l  result s simila r  t o th e class-by-clcis s 
analysi s  i n Experimen t  On e an d s o wil l  no t  b e reporte d 
here . 

Experiment Three 

Thi s experimen t  report s th e result s o f  analysi s o f  th e 
effect s o f  inpu t  an d targe t  similarit y structur e o n th e 
form s th e networ k learns .  Th e semanti c cljisse s i n thi s 
experimen t  ar e designe d t o highligh t  thes e effects .  I n 
thi s experiment ,  w e us e a  54-ste m subse t  (wit h on e ne w 
arbitrary )  o f  th e large r  set ,  wit h 3 1 regula r  forms ,  3  ar -
bitraries ,  8  identitie s an d 1 2 vowel-chang e verbs .  W e 
use 9  prototyp e vectors ,  wher e eac h exempla r  withi n a 
clas s ha s th e sam e amoun t  o f  distortio n fro m th e pro -
totype .  Thre e o f  th e classe s us e hig h distortion ,  thre e 
mediu m distortion ,  an d thre e lo w distortion .  T w o ou t 

of  thre e o f  thes e classe s ha s on e lexica l  ite m mor e fre -
quentl y represente d tha n th e rest ,  a  regula r  i n one ,  an d 
an arbitrar y i n th e other . 

We perfor m tw o kind s o f  analyse s o n thi s network : 

1.  W e mecisur e th e change s i n th e ste m outpu t  string s 
durin g learnin g fro m th e poin t  o f  vie w o f  th e syllabi c 
structur e o f  th e targe t  language . 

2.  W e mecisur e th e change s i n similarit y o f  ste m an d 
past  outpu t  string s durin g learnin g wit h respec t  t o 
th e semanti c clusters . 

Syllabic structure changes 

I n orde r  t o asses s th e vocabular y developmen t  o f  th e 
network ,  w e divid e th e ste m outpu t  string s o f  th e net -
wor k int o thre e classes : 

Words :  String s tha t  belon g t o th e targe t  vocabulary . 

Pseudo-words :  String s tha t  ar e no t  i n th e targe t  vo -
cabular y bu t  confor m t o th e syllabi c structur e o f  th e 
languag e — C Y C ,  V C C ,  o r  C C V . 

Non-words :  String s tha t  d o no t  fi t  th e abov e criteri a 
— CCC,  CVV ,  VCV ,  V V C an d VVV . 

A grap h o f  th e number s o f  uniqu e form s o f  eac h kin d 
over  learning ,  alon g wit h th e tota l  numbe r  o f  uniqu e 
forms ,  i s s h o w n i n Figur e 6 .  Interestingl y ,  lon g befor e 
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Figure 6: Vocabulary Structure 

it has acquired any words in the language, the net-
w o r k ha s capture d th e syllabi c structure ,  €i s evidence d 
b y th e hig h proportio n o f  pseudoword s i n th e se t  o f 
uniqu e forms .  O v e r  learning ,  ther e i s  a n invers e re -
lationshi p betwee n thes e fo rm s a n d th e correc t  form s 
as th e pseudo-word s migrat e int o th e targe t  vocabu -
lary .  Th i s se t  o f  curve s i s reminiscen t  o f  a  simila r  se t 
of  curve s foun d b y Plunket t  [1990 ]  i n a  cas e stud y o f 
languag e acquisitio n i n t w o Dan is h childre n betwee n 
th e age s o f  1 2 an d 2 6 months .  Th e tota l  numbe r  o f 
consistentl y produce d an d applie d non-(adult )  Danis h 
phonologica l  form s wei s inversel y relate d t o th e num -
ber  o f  Danis h word s ove r  th e perio d studied .  Tha t  is , 
th e childre n ha d thei r  ow n vocabular y earl y i n devel -
opment  tha t  wci s eventuall y replace d b y targe t  forms . 
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Not e tha t  i n th e simulation ,  th e numbe r  o f  non -
word s actuall y increase s durin g th e acquisitio n o f  th e 
targe t  vocabulary .  Furthe r  analysi s reveal s a  simpl e 
explanatio n fo r  thi s effect .  W e assig n eac h strin g o f 
th e network' s ste m output s t o on e o f  8  clcisse s give n 
by th e possibl e combination s o f  {CVV} ,  { C V V }  an d 
{CvV} .  Thre e o f  thes e classe s characteriz e th e targe t 
language' s syllabi c structur e whic h consist s  o f  4 1 C V C , 
7 C C V ,  an d 5  V C C string s (ther e i s on e les s tha n 5 4 
due t o a  homophone) .  A  plo t  o f  th e numbe r  o f  networ k 
output s tha t  belon g t o eac h o f  thes e classe s ove r  train -
in g i s show n i n Figur e 7 .  Th e networ k quickl y learn s 
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Figure 7: Syllabic Structures 

the dominant CVC form of the language, overgener-
atin g string s i n thi s clas s initially .  I n orde r  t o exten d 
t o th e targe t  languag e syllabi c structur e thes e string s 
hav e t o mutat e fro m C V C t o C C V an d V C C durin g 
epoch s 3 0 throug h 120 .  String s changin g fro m C V C 
t o C C V hav e t o chang e th e mid-vowe l  t o a  consonan t 
and th e cod a consonan t  t o a  vowel .  Th e possibl e inter -
mediat e form s ar e C C C an d C V V .  Similarl y fo r  C V C 
t o V C C ,  th e possibl e intermediat e form s ar e C C C an d 
V V C.  Indeed ,  a  grap h o f  th e numbe r  o f  thes e form s 
produce d b y th e networ k show s tha t  the y occu r  onl y 
durin g th e cross-ove r  fro m pseudo-word s t o words .  Th e 
(logicall y possible )  form s V V V an d V C V neve r  occur . 

Similarity EfTects 

We hypothesize d tha t  th e synony m group s woul d pro -
duc e output s tha t  wer e mor e simila r  t o on e anothe r 
tha n th e non-synony m group s an d th e vocabular y a s 
a whole .  I n orde r  t o tes t  thi s hypothesis ,  w e us e th e 
followin g measur e o f  within-grou p similarity : 

Similarity(̂ )  =  1  -
N { N -  1 ) E ^̂ .̂ > 

i, 3 e g 

wher e i ,  j  rang e ove r  th e m e m b e r s o f  Q ,  an d G  i s o f  siz e 
N .  T^'Di j  i s a  relativ e distanc e meeisur e give n by : 

'̂ '̂• '  =  * < ,  + 1 

Thi s i s th e distanc e betwee n th e outpu t  phoneme s i n 
a strin g relativ e t o th e distanc e the y shoul d b e afte r 
learning .  TlVi j  shoul d ten d t o 1  ci s th e networ k learns , 
so Similarity(̂ )  shoul d ten d t o 0 . 

We appl y thi s similarit y measur e t o th e string s pro -
duce d b y th e networ k fo r  eac h o f  th e 9  prototyp e 
classes .  Fo r  compariso n purposes ,  w e subtrac t  th e 
within-grou p similarit y o f  th e tota l  outpu t  o f  th e net -
wor k fro m eac h score .  Figur e 8  (a )  show s th e averag e 
of  thi s meMur e acros s th e low-distortio n (synonym ) 
classe s an d th e averag e acros s th e high -  an d medium -
distortio n classes .  Th e curve s sho w that ,  i n general . 
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Figur e 8 :  Synony m Analyse s 

semantic classes produce surface forms that are more 
cohesiv e tha n th e form s o f  th e networ k ar e a s a  whole . 
However ,  thi s effec t  disappear s ove r  training .  Thi s 
i s th e resul t  o f  th e networ k overcomin g th e fals e cu e 
of  inpu t  similarity .  A s expected ,  th e synony m classe s 
hav e highe r  within-grou p similarit y throughou t  train -
in g tha n non-synony m classes .  I t  i s  noteworth y tha t 
durin g th e perio d tha t  th e networ k i s actuall y acquir -
in g th e targe t  vocabulary ,  i.e .  fro m 70-12 0 epoch s (cf . 
Figur e 6) ,  th e within-grou p similarit y o f  th e synonym s 
increase s compare d t o th e res t  o f  th e classes .  Tha t  is , 
synonym s ar e force d t o b e near-homonyms . 

Thi s "squeezing "  effec t  i s  greatl y magnifie d whe n 
ther e i s onl y on e synony m (Lo w distortion )  cluste r  ou t 
of  th e nin e clzisse s (Figur e 8  (b)) .  Th e explanatio n 
i n term s o f  th e network' s organizatio n i s tha t  pattern s 
tha t  ar e mor e ecisil y  learne d (becaus e the y hav e les s in -
put  similarity )  ar e dominatin g th e erro r  gradient .  Th e 
pattern s ma y b e characterize d a s competin g fo r  repre -
sentationa l  resource s a t  th e firs t  hidde n layer . 

Examinatio n o f  th e networ k output s ove r  th e train -
in g perio d reveal s tha t  th e outpu t  string s fo r  synony m 
classe s durin g th e steepes t  rat e o f  targe t  acquisitio n 
ar e withi n 2  o r  3  feature s o f  on e another .  A n interest -
in g questio n her e is :  W h a t  i s  th e strin g th e output s 
of  a  s y n o n y m clas s ar e pushe d towards ? I s  i t  a  blen d 
of  al l  o f  th e string s o f  th e class ,  o r  doe s on e strin g i n 
th e clas s "capture "  th e outpu t  fo r  tha t  cleiss ? W e ten -
tativel y fin d tha t  w h e n ther e i s on e lexica l  ite m tha t 
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i s  mor e frequen t  tha n th e others ,  i t  capture s th e class . 
Interestingly ,  thi s i s no t  th e cas e i f  th e mor e frequen t 
ite m i n a  synony m clas s i s a n arbitrar y verb ,  probabl y 
due t o th e fac t  tha t  the y m a p simila r  input s t o ver y 
differen t  output s (se e Bartell ,  Cottrel l  &  Elman ,  thi s 
volum e fo r  a  thoroug h discussio n o f  thi s issue) .  I n th e 
cas e tha t  al l  ar e equall y frequent ,  a  blen d o f  al l  o f  th e 
output s fo r  th e clas s i s produced . 

Take n i n combination ,  thes e result s sugges t  a n un -
orthodo x accoun t  o f  th e sourc e o f  th e non-wor d form s 
foun d i n Plunkett' s  subjects .  Thes e consistently-use d 
pseudo-word s ar e th e resul t  o f  tw o constraint s o r  pres -
sure s o n th e child' s languag e production :  (l )  A  pres -
sur e t o produc e form s tha t  ar e i n keepin g wit h th e 
syllabi c structur e o f  th e languag e a t  th e outpu t  level , 
and (2 )  a  pressur e t o produc e simila r  form s base d o n 
inpu t  similarity .  Th e chil d i s thu s producin g th e bes t 
approximatio n t o a  wor d i n th e languag e tha t  i s  a  blen d 
of  al l  o f  th e word s fo r  tha t  semanti c clciss ,  wit h a  ten -
denc y fo r  thi s blen d t o b e simila r  t o th e mos t  frequen t 
elemen t  o f  tha t  class .  A  secon d counter-intuitiv e pre -
dictio n o f  thi s wor k i s that ,  durin g acquisitio n o f  th e 
correc t  forms ,  th e chil d wil l  produc e string s tha t  m a y 
be inappropriat e fo r  th e targe t  languag e becaus e the y 
ar e betwee n a  c o m m o n (over-acquired )  for m an d a  les s 
c o m m on form . 

Conclusions 

We hav e describe d a  connectionis t  mode l  o f  morphol -
ogy acquisitio n i n whic h inpu t  form s representin g th e 
semantic s o f  word s ar e mappe d t o sequence s o f  out -
put s representin g thei r  phonologica l  forms .  Th e net -
wor k i s successfu l  i n producin g appropriat e forms ,  eve n 
i n th e cas e wher e th e inpu t  form s hav e a  similarit y 
stuctur e tha t  i s independen t  o f  th e outpu t  similarit y 
structure .  Furthermore ,  th e learnin g curve s indicat e a 
spurt-lik e acquisitio n profile .  Ther e i s ampl e evidenc e 
fo r  th e spurt-lik e natur e o f  vocabular y growt h (Mc -
Shane [1979]) .  I t  i s  unclea r  whethe r  th e acquisitio n 
of  inflectiona l  morpholog y i n childre n show s a  simila r 
non-linea r  growt h t o tha t  observe d i n th e network . 

Th e networ k experience s difficult y i n generalizin g 
fro m th e stem s t o pas t  tens e forms .  Th e mode l  pre -
dict s tha t  childre n ar e bette r  a t  generalisin g fro m pas t 
tens e form s t o stem s tha n vic e versa .  Furthe r  analy -
si s i s neede d t o investigat e wha t  modification s mus t  b e 
made t o th e mode l  i n orde r  t o achiev e goo d general -
izatio n i n th e structure d inpu t  case . 

The analysi s o f  th e influenc e o f  inpu t  an d targe t  sim -
ilarit y o n th e acquisitio n o f  phonologica l  for m suggest s 
some radica l  predictions .  Children' s non-adul t  form s 
may b e a  resul t  o f  blendin g word s fo r  th e sam e cat -
egory .  Looke d a t  anothe r  way ,  word s ar e distorte d 
by thei r  neighbor s i n a  semanti c class .  Th e effect s o f 
similarit y a t  th e phonologica l  leve l  sugges t  tha t  chil -
dre n wil l  produc e form s tha t  d o no t  belon g t o th e 
syllabi c structur e o f  thei r  languag e i f  thes e form s ar e 
betwee n th e mos t  c o m m o n for m i n th e languag e an d 

othe r  forms .  Finally ,  th e mode l  suggest s tha t  durin g 
th e vocabular y burst ,  synonym s wil l  b e force d t o b e 
homonyms. 

O ne proble m tha t  w e hav e avoide d addressin g i n thi s 
work ,  an d suggeste d b y othe r  researc h (McClelland , 
persona l  communication )  i s tha t  suc h model s hav e dif -
ficulty  learnin g uneve n lengt h strings .  W e pla n t o in -
vestigat e way s t o overcom e thi s limitatio n i n futur e 
research . 
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