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A b s t r a c t 

Research on connectionist mapping from written to spoken 
form s i n natura l  languag e i s presented .  Fo r  thi s task ,  th e mor e 
plausibl e Simpl e Recurren t  Network s wer e use d instea d o f 
stati c Neura l  Networks .  Th e mode l  wa s traine d o n a  Dutc h 
monosyllabi c corpus .  Th e effect s o f  frequency ,  lengt h an d 
consistenc y wer e examine d an d wer e foun d simila r  t o 
reporte d dat a i n psycholinguisti c experiments . 

In t roduc t io n 

A m o ng a  numbe r  o f  linguisti c problem s attractin g attentio n 
i n cognitiv e scienc e i s th e wor d readin g task ,  i n particula r 

th e mappin g fro m writte n t o spoke n form s i n natura l 
language .  Connectionis t  models ,  i f  successfull y traine d o n 
thi s proble m an d i f  thei r  performanc e correlate s t o huma n 
performanc e i n reading ,  ca n suppl y a  framewor k fo r  lexica l 
processing .  Fo r  example ,  Seidenber g &  McClellan d (1989 , 

henc e S M 8 9 )  an d Plaut ,  McClelland ,  Seidenber g & 
Patterso n (1996 )  sugges t  tha t  a  single-rout e distribute d 
proces s perform s thi s transformation ,  a s oppose d t o th e 
symboli c dual-rout e mode l  whic h claim s tha t  th e reade r 
must  als o hav e a  lexica l  rout e tha t  handle s exceptions ,  o r 
irregula r  words(Coltheart ,  1980 ,  1993) .  Th e dual-rout e 

model  ha s a  connectionis t  implementatio n too :  Zorz i  (1998 ) 
propose d a  Multilayere d Perceptro n ( M L P )  wit h a n 
alternativ e structur e t o handl e bot h easie r  rule-base d 

mapping s an d th e mor e difficult ,  exceptiona l  words . 
Althoug h thes e connectionis t  model s ar e reporte d t o 

perfor m well ,  the y emplo y stati c lexica l  encoding ,  whic h 
impose s constraint s an d migh t  b e considere d a  theoretica l 
drawback .  A  bette r  accoun t  fo r  th e variabl e an d sequentia l 
natur e o f  word s woul d b e sequentia l  processing ,  whic h 

produce s singl e phonem e a t  a  time ,  a s i n th e Sejnowsk i  & 
Rosenberg' s NETtal k mode l  (1987) .  Simpl e Recurren t 
Network s (SRN )  b y Elma n (1990 )  fit  eve n bette r  i n thi s 
lexica l  representatio n scheme ,  wit h th e advantag e o f  gradua l 
lef t  contex t  dependence ,  a s oppose d t o th e windo w contex t 
dependenc e i n th e NETtal k model .  This  capacit y i s du e t o 

th e distribute d contextua l  memor y i n SRNs ,  graduall y 

evolvin g i n time ,  whil e i n th e NETtal k th e tempora l 
informatio n i s encode d i n a  fixed-siz e window . 

S R Ns ar e reporte d t o b e successfu l  i n othe r  difficul t 
lexica l  tasks ,  e.g. ,  learnin g th e phonotactic s o f  monosyllabi c 

Dutc h corpu s (Stoianov ,  Nerbonn e &  Bouma ,  1998 ,  henc e 

SNB98) ,  whic h raise s hope s fo r  succes s i n th e readin g task . 
Also ,  Plau t  (i n press )  employ s a n extende d S R N mode l  fo r 
thi s task .  I n th e curren t  pape r  w e propos e furthe r 
exploitatio n o f  th e S R N mode l  o n thi s challengin g problem . 

To accomplis h this ,  w e traine d a  S R N t o ma p th e 

orthographi c t o phonologi c representation s o f  al l  610 0 
Dutc h monosyllables ,  a s foun d i n th e C E L E X lexica l 
database .  Thi s difficul t  dat a contai n als o rar e an d foreig n 
words .  Th e lexica l  encodin g tha t  wa s use d i n phonotactic s 
learnin g (SNB98) ,  i n whic h th e lef t  contex t  onl y i s 

presented ,  i s  no t  enoug h fo r  thi s task ,  becaus e onl y th e 
prope r  outpu t  phonem e shoul d b e activated ,  a s oppose d t o 

predictin g al l  successor s i n th e phonotactic s problem . 
Therefore ,  a  mor e specifi c  dat a presentatio n wa s applied . 
The learnin g wa s successfu l  an d th e networ k generalize d 
wel l  too .  I n additio n t o learning ,  w e examine d th e SRN' s 
error s fo r  variou s effect s foun d i n previou s psycholinguisti c 
experiments ,  suc h a s wor d frequenc y an d grapheme-to -
phoneme mappin g consistency .  Th e sequentia l  dat a 
representatio n allowe d u s t o observ e othe r  effect s too ,  suc h 
as wor d lengt h an d erro r  positioning .  Th e S R N erro r  profil e 
matche d closel y t o th e huma n performanc e i n reading , 
whic h support s th e suggestio n tha t  S R N model s ca n b e use d 
as a  basi c sequentia l  processin g modul e i n a  large r  cognitiv e 

framework ,  explainin g ou r  cognitiv e linguisti c capacity . 

Mapping from orthography to phonology & 

th e evolutio n o f  connec t ion ism . 

The readin g proces s i s complex .  I t  involve s acquirin g visua l 
input ;  transformatio n t o abstrac t  graphemi c representations ; 
furthe r  mappin g t o abstrac t  auditor y representation s an d 
finally,  productio n o f  moto r  command s tha t  caus e sounds .  I f 
th e visua l  dat a ha s semanti c meaning ,  i t  i s  accesse d too . 
Simultaneou s modelin g o f  al l  thes e stage s i s  difficult ,  s o 

assumin g tha t  th e inpu t  an d outpu t  step s ar e done ,  on e ca n 
wor k o n th e intermediat e level .  Ou r  wor k involve s onl y th e 
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mappin g fro m abstrac t  graphemi c representation s t o abstrac t 

phoneti c representations .  Therefore ,  hereafte r  b y 'reading' , 
we wil l  mea n thi s mapping . 

Sinc e th e firs t  successfu l  connectionis t  syste m (hu l 
transforme d tex t  t o phoneme s -  th e NETtal k (Sejnowsk i  & 
Rosenberg ,  1987 )  -  a  numbe r  o f  othe r  connectionis t 

architecture s tha t  mode l  th e huma n readin g proces s hav e 
been suggested .  A m o n g these ,  Seidenber g &  McClellan d 
(1989 )  an d Plaut ,  McClelland ,  Seidenber g &  Patterso n 

(1996) ,  hav e bee n influentia l  o n connectionis t  N L P researc h 
(e.g. ,  Milosta n &  Cottrell ,  1998 ;  Harm ,  1998) .  A 
connectionis t  mode l  tha t  take s th e opposit e sid e o f  th e 
singl e rout e I  dual-rout e controvers y wa s propose d b y Zorz i 

(1998) ,  wh o suggest s tha t  th e M L P migh t  benefi t  from  a n 
extr a se t  o f  connections ,  from  th e inpu t  t o th e outpu t  layer . 

Thi s extr a se t  o f  connection s i s interprete d a s a  secon d 
"route" ,  simila r  t o th e Grapheme-to-Phoneme-Conversio n 
(GPC)  rule s (Coltheart ,  1978) .  Th e informatio n flo w 
throug h th e standar d hidde n laye r  i s expecte d t o represen t 

th e mor e comple x mapping s (exceptiona l  words) . 
Al l  thes e model s ar e base d o n th e genera l  P D P postulate s 

of  usin g distribute d representation s an d distribute d 
knowledge ,  principle s tha t  ste m from  ou r  neura l  system . 
Connectionis t  model s benefi t  othe r  usefu l  propertie s to o -
generalizatio n fo r  unsee n data ,  nois e resistance ,  etc .  -  whic h 
ar e considere d har d fo r  symboli c systems . 

An importan t  divergenc e betwee n NETtal k an d th e latte r 

model s i s th e employe d lexica l  representation .  I n NETtalk , 
whic h i s a  stati c feedforwar d M L P ,  word s ar e represente d 
sequentiall y  t o th e network ,  on e lette r  a t  a  time ,  togethe r 
wit h a  contex t  o f  a  fe w letter s surroundin g th e lette r  t o b e 
pronounced .  Th e networ k i s traine d t o produc e th e phonem e 
tha t  correspond s t o th e curren t  lette r  an d context .  I n 
contrast ,  th e model s i n S M 8 9 ,  Plau t  e t  al .  (1996 )  an d Zorz i 
(1998 )  explor e stati c lexica l  representations ,  wher e word s 
ar e presente d t o th e N N a t  onc e an d th e correspondin g 
phonologi c representation s ar e produce s a t  once ,  too . 

The S M 8 9 mode l  use s representatio n base d o n triple s o f 
grapheme s an d phonemes :  "Wickelfeatures" .  I n th e inpu t 
patter n corresponden t  t o a  give n word ,  activ e orthographi c 
Wickelfeature s wil l  b e those ,  whic h ar e part s o f  th e inpu t 
word .  Th e outpu t  phoneti c encodin g i s similar .  Th e mode l 
used 40 0 inpu t  orthographi c unit s an d 46 0 outpu t  phoneti c 
units .  Thi s representatio n raise s th e necessit y o f  a  comple x 
featur e encode r  an d decoder . 

The connectionis t  model s propose d i n Plau t  e t  al .  (1996 ) 
ar e a  feedforwar d M L P an d a n attracto r  N N (a n extensio n o f 
M LP wit h a  recurren t  laye r  a t  th e output ,  whic h aime d a t 
more precis e targe t  identification) .  The y explor e a n 
alternativ e stati c dat a representation ,  whic h account s fo r  th e 
spelling-to-soun d regularitie s o f  Englis h monosyllabi c 
words .  I n thi s representation ,  ther e ar e slot s fo r  th e onse t 
and cod a consonant s an d th e vowel s o f  th e nucleus .  B y 
observin g th e existin g graphotacti c an d phonotacti c 
restriction s i n th e orthographi c an d phoneti c onset ,  nucleu s 
and cod a representations ,  th e author s manuall y constructe d 
reduce d inpu t  an d outpu t  representation s wit h 10 5 inpu t 

graphem e an d 6 1 outpu t  phonem e units .  Thes e unit s stan d 

fo r  a  limite d numbe r  o f  orthographi c an d phoneti c onsets , 
nucle i  an d codas .  Afte r  a  numbe r  o f  successfu l  experiment s 

on learnin g a  orthograph y t o phonolog y mapping ,  thei r 
clai m i s tha t  thi s connectionis t  mode l  an d lexica l 

representatio n ca n accoun t  fo r  th e basi c abilitie s o f  skille d 

reader s t o pronounc e correctl y bot h regula r  an d exceptiona l 
items ,  whil e stil l  generalizin g t o nove l  items . 

I n addition ,  networ k erro r  profil e wit h respec t  t o wor d 

frequenc y an d grapheme-to-phonem e mappin g consistenc y 
wer e teste d agains t  huma n performanc e i n reading .  Fo r  thi s 

purpose ,  readin g latencie s wer e considere d t o correspon d t o 
networ k erro r  (i n M L P )  o r  t o th e tim e require d fo r  th e 

networ k t o settl e t o a  stabl e outpu t  patter n (i n attracto r  N N 
model) .  Th e experiment s an d mathematica l  analysi s explai n 

ho w th e network s succeede d i n handlin g quasi-regula r 
domain s (bot h regula r  an d exceptio n words )  an d producin g 
frequenc y an d consistenc y interaction s exhibite d b y 
humans.  I n spit e o f  this ,  i n natura l  language s languag e 

object s ar e dynamic ,  includin g th e word s i n thei r 
orthographi c an d phoneti c representations ,  whic h ha s bee n 
dismisse d b y unjustifie d applicatio n o f  on e o f  th e Hinton' s 
principle s abou t  connectionis t  models : 

For  processin g t o b e fast ,  th e majo r  constituent s o f  a n 
ite m shoul d b e processe d i n parallel .  (Hinton ,  1990 ) 

Words hav e constituent s (grapheme s o r  phonemes )  tha t 
ar e inevitabl y encountere d i n a  strictl y sequentia l  fashion , 
therefore ,  word s shoul d b e processe d sequentially . 
Phonemes spa n tim e too ,  bu t  dealin g wit h words ,  w e ca n 
conside r  th e phoneme s a s stati c object s an d proces s the m i n 
parallel .  A s fa r  a s th e grapheme s ar e concerned ,  on e migh t 
argu e tha t  i n readin g w e perceiv e visua l  object s large r  tha n 
singl e graphemes ,  e.g. ,  words .  Bu t  thi s i s don e b y skille d 
readers ,  possibl y b y us e o f  som e extr a mechanisms . 
Beginner s initiall y  rea d on e lette r  a t  a  tim e (o r  grou p o f 
letters )  therefor e th e model s shoul d accoun t  fo r  this . 

Give n thi s fact ,  ther e i s nothin g wron g wit h th e NETtal k 
model ,  whic h wa s criticize d i n Plau t  e t  al .  (1996 )  becaus e o f 
th e Hinton' s principle .  Nevertheless ,  NETtal k ha s anothe r 
problem ,  base d o n th e fixe d limite d context .  Th e networ k 
woul d no t  ma p correctl y tw o word s wit h differen t  phoneti c 
representations ,  whic h diffe r  somewher e beyon d th e 
temporall y shiftin g graphemi c contex t  scope .  A  mode l  tha t 
i s  theoreticall y abl e t o handl e suc h dependencie s i s Simpl e 
Recurren t  Network s (Elman ,  1990) ,  wher e th e outpu t  o f  th e 
networ k depend s o n th e whol e lef t  context ,  an d whic h w e 
explor e i n th e followin g section . 

Learning to Read Aloud with SRN 

The experimenta l  settin g i n ou r  researc h i s base d o n a 
standar d S R N ,  traine d t o lear n sequentia l  associatio n i n 
orthography-to-phonolog y conversio n (Fig.l) .  Th e networ k 
performanc e wa s measure d o n th e trainin g an d unsee n 
words .  Further ,  th e performanc e wa s analyze d fo r  differen t 
variables ,  suc h a s wor d frequency,  length ,  grapheme-to -
phoneme mappin g consistenc y an d erro r  positioning ,  from 
whic h w e dre w som e conclusion s abou t  th e syllabi c 
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structur e i n Dutch .  Preliminar y analysi s o f  a  damage d 

networ k i s provided ,  too . 

# I  #  I  #  I  n  I  c  11 1 s  I  #  I 

Outpu t  Layer :  4 5 

Inpu t  Layer :  2 7 ^ ^ y j 

...NIEITISI#I#I#I# I  .. . 

Fig. l  Simpl e Recurren t  Network s an d mappin g fro m 

orthograph y t o phonology . 

Method 

A Simpl e Recurren t  Networ k (Elman ,  1990 )  wa s traine d t o 
lear n a  sequentia l  mapping :  th e orthography-to-phonolog y 
conversio n o f  al l  610 0 monosyllabi c Dutc h words ,  a s 

extracte d fro m C E L E X lexica l  database .  Th e sam e corpu s 
was use d i n ou r  previou s studie s o n graphotactic s an d 

phonotactic s (SNB98) .  Th e dat a se t  contain s orthographi c 
and phoneti c wor d representation s an d th e frequencie s o f 
wor d occurrenc e i n th e Dutc h language .  Thi s corpu s wa s 

spli t  int o a  trainin g se t  (510 0 words )  an d a  tes t  se t  (100 0 
words) .  Th e orthographi c an d phoneti c wor d representation s 

hav e mea n lengt h 4.5 3 (cy=1.08 ,  min=3 ,  max=9) ,  an d 3.9 2 

( a =  0.94 ,  min=2 ,  max=S )  respectively .  Th e wor d 
representation s ar e buil t  o f  2 6 grapheme s an d 4 4 phonemes , 
plu s on e extr a symbo l  representin g spac e ('#') ,  use d a s a 
fille r  specifm g end-of-word.  Th e grapheme s an d phoneme s 
wer e encode d orthogonally ,  tha t  is ,  fo r  eac h graphem e an d 
phoneme,  ther e i s on e inpu t  o r  outpu t  neuro n respectively . 
O ne migh t  speculat e tha t  wit h regar d t o th e networ k 
associativ e capacity ,  thi s representatio n i s  equivalen t  t o a 

distributed ,  feature-base d representation ,  becaus e w e ca n 
alway s ad d tw o mor e stati c layer s tha t  decod e an d encod e 
suc h feature-base d representation s t o th e orthogona l  ones . 
Durin g trainin g an d testing ,  th e orthographi c an d phoneti c 

wor d representation s wer e give n t o th e networ k 
sequentially ,  on e symbo l  a t  a  time .  I n orde r  fo r  th e networ k 

t o b e abl e t o correctl y reproduc e differen t  phonologica l 
representation s fo r  word s wit h identica l  beginning s (lef t 
context) ,  phonologica l  productio n i s delaye d fo r  thre e steps . 
I n thi s manner ,  th e networ k receive s partia l  righ t  contex t  a s 

well .  Therefore ,  th e networ k decisio n a t  eac h moment  i s 
base d o n th e ful l  lef t  an d partia l  righ t  contex t  (initiall y 
3 graphemes) ,  simultaneousl y an d distributivel y encode d i n 
th e contex t  layer . 

Experiment s wer e conducte d wit h differen t  numbe r  o f 

hidde n neurons ,  rangin g fro m 10 0 t o 4(X) .  Bes t  performanc e 
was foun d wit h th e larges t  network .  I n thi s report ,  w e 
presen t  result s fo r  a  networ k wit h 20 0 hidde n neurons , 
resultin g i n abou t  55,00 0 weights .  Th e networ k architectur e 

i s give n i n Fig.l ,  wher e a n exampl e mappin g from  th e 

orthographi c t o th e phoneti c representatio n o f  th e wor d 

nets '  i s  show n a s well .  Th e dela y i s  implemente d 

technicall y b y targetin g 3  startin g filling  symbol s (end-of -

wor d -  '#' )  a t  th e outpu t  layer .  Th e inpu t  sequenc e i s 

complete d wit h th e sam e symbo l  unti l  th e ful l  phoneti c 

representatio n i s generate d a t  th e outpu t  laye r  (Fig.l) . 

Training 

The trainin g proces s i s organize d i n epochs ,  i n th e cours e o f 

whic h th e whol e trainin g dat a se t  (510 0 words )  i s presente d 

t o th e networ k i n accordanc e wit h wor d distribution ,  tha t  is , 
wor d frequencie s (SNB98) .  I n orde r  t o reduc e th e learnin g 

time ,  th e actua l  wor d frequencies  wer e shrun k b y applyin g a 
logarith m function ,  resultin g i n abou t  12,50 0 trainin g 

sequence s pe r  session .  Suc h a n approac h ha s bee n use d b y 

othe r  author s a s wel l  (e.g. ,  Plau t  e t  al. ,  1996 ;  Zorzi ,  1998) . 

Next ,  fo r  eac h word ,  th e sequenc e o f  grapheme s i s 

presente d t o th e input ,  on e b y one ,  followe d b y end-of-wor d 
symbols .  Eac h tim e ste p i s complete d b y copyin g th e hidde n 
laye r  activation s t o th e contex t  layer ,  whic h ar e use d i n th e 
nex t  ste p (Elman ,  1990) .  A t  th e sam e time ,  afte r  th e networ k 
generate s it s expectation s fo r  th e phoneme s a t  th e outpu t 

layer ,  th e representatio n o f  th e tru e phonem e i s  use d t o 

comput e a n erro r  fo r  th e curren t  tim e step .  Thi s erro r  i s  use d 
by th e Backpropagatio n Throug h Tim e (BPTT )  learnin g 
algorith m (se e fo r  detail s Haykin ,  1994 ;  S N B 9 8 ) ,  whic h 
include s a  forwar d mov e wher e error s ar e collecte d an d a 

backwar d move ,  durin g whic h globa l  erro r  i s  back -
propagate d throug h tim e unti l  th e beginnin g o f  th e curren t 

trainin g sequence .  Thi s proces s i s  complete d b y updatin g 
th e networ k weight s wit h values ,  accumulate d durin g th e 

backwar d move .  Th e stat e o f  th e networ k (i.e. ,  th e contex t 
memory)  i s  rese t  afte r  processin g on e word . 

The networ k wa s traine d o n 1 8 epochs ,  resultin g i n 
approximatel y 200,00 0 wor d presentations .  Th e tota l 
number  o f  individua l  wor d presentation s range d from  1 8 t o 
200 ,  accordin g t o th e individua l  wor d frequencies.  Th e 
networ k starte d wit h a  shar p erro r  dro p t o abou t  4 % ,  slowl y 
decreasin g dow n t o 1.2 % (se e Tabl e 1) . 

Tabl e 1 .  Dynamic s o f  th e S R N erro r  durin g th e training . 

Epoc h 

Erro r  (% ) 

1 
4.1 % 

2- 4 1  4-1 0 

2% 1.6 % 
10-1 7 

1.4 % 
18 

1.2 % 

We expec t  furthe r  erro r  decreas e wit h longe r  training , 
althoug h thi s woul d nee d m u c h mor e trainin g time ,  becaus e 

th e learnin g coefficien t  r j  decrease s b y 3 0 % afte r  eac h 
epoch ,  startin g from  0. 3 an d restricte d wit h a  botto m limi t  a t 
0.001 .  Learnin g graphem e t o phonem e conversio n i s quit e a 
difficul t  task ,  s o w e ha d t o appl y som e othe r  specia l 
technique s t o improv e it .  First ,  instea d o f  th e standar d 

Backpropagatio n algorithm ,  w e use d a  B P T T learnin g 
schem e a s describe d above .  Next ,  standar d m o m e n t u m 

0=0. 5 ter m wa s applied .  Further ,  th e trainin g proces s wa s 
supervise d b y a n evolutionar y algorith m tha t  train s a  poo l  o f 
network s o n th e sam e proble m an d afte r  eac h trainin g 
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epoch ,  i t  eliminate s th e neura l  networ k wit h th e wors t 

performance ,  keepin g clone s o f  th e network s tha t  perform s 
better .  Thi s trainin g metho d wa s develope d i n ou r  previou s 
studie s o n phonotactic s (SNB98 )  an d wa s foun d t o perfor m 

bette r  tha n th e standar d single-networ k training . 

Performance 

A procedur e tha t  examine d al l  trainin g example s followe d 

each trainin g epoch ,  i n whic h w e distinguishe d phonemi c 
and networ k errors .  Phonemi c erro r  occurre d i f  durin g th e 
networ k processing ,  th e mos t  activ e neuro n didn' t 
correspon d t o th e expecte d phoneme .  Networ k erro r 
estimate d th e percen t  o f  al l  mispronounce d phonemes , 

weighte d b y th e frequency  o f  th e wor d th e phoneme s belon g 
to .  Thi s procedur e result s i n fai r  estimatio n o f  th e networ k 
performance ,  accountin g fo r  th e distributio n o f  th e word s i n 

natura l  language .  A s w e mentione d earlier ,  th e final 

networ k erro r  estimate d durin g th e trainin g wa s 1.2% .  W e 
analyze d th e typ e o f  th e incorrec t  production s th e networ k 
has mad e an d foun d tha t  7 5 % o f  the m wer e substitution s 
betwee n clos e phonemes ,  mainl y vowels ,  whic h migh t  b e 
used a s a n argumen t  t o reduc e error . 

The generalizatio n capabilitie s o f  th e networ k wer e teste d 
on a  tes t  set ,  whic h containe d th e orthographi c an d phoneti c 
representation s o f  100 0 unsee n durin g trainin g words .  Fo r 
th e sak e o f  compariso n t o Plau t  e t  al .  (1996) ,  w e shoul d 
note ,  tha t  th e tes t  word s shoul d b e interprete d a s nonword s 
becaus e the y hav e no t  bee n use d fo r  training .  W e coul d us e 
the m fo r  testing ,  becaus e w e ha d thei r  correc t  phoneti c 
representations .  Still ,  ther e migh t  b e word s tha t  ar e 

exceptiona l  wit h regar d t o th e reading ,  therefor e w e 
expecte d highe r  error .  Th e performanc e o n thi s tes t  se t  wa s 
1.4%,  whic h confirme d tha t  th e networ k learne d th e Dutc h 
G PC rule s fo r  monosyllables .  A s w e predicted ,  erro r 
increas e wa s primar y du e t o th e exceptiona l  words . 

The overal l  performanc e i s  simila r  t o Zorz i  (1998 )  an d 
wors e tha n S M 8 9 ,  an d Plau t  e t  al .  (1996) ,  whic h w e 
attribut e t o th e twic e large r  dat a se t  an d incomplet e training . 
Obviously ,  th e 1 8 trainin g epoch s resultin g i n 1 8 u p t o 20 0 
exposure s fo r  a  singl e wor d wer e no t  enoug h t o achiev e 
perfec t  performance ,  especiall y fo r  th e exceptiona l  words . 
Also ,  network s wit h large r  hidde n layer s ten d t o lear n 
better ,  howeve r  a t  th e cos t  o f  longe r  trainin g time . 

Error proflle analysis 

I n additio n t o overal l  networ k accuracy ,  connectionis t 
system s tha t  mode l  lexica l  task s als o ai m a t  approximatin g 
th e corresponden t  huma n performanc e wit h regar d t o 
differen t  variable s suc h a s wor d frequency.  Thi s aspec t  i n 
connectionis t  modelin g i s important ,  becaus e i t  contribute s 
t o verifyin g whethe r  th e suggeste d model s ca n b e use d fo r 
modelin g th e corresponden t  huma n processes .  Fo r  thi s 
purpose ,  th e mode l  performanc e i s compare d wit h reactio n 
tim e o r  erro r  i n reading . 

The variable s w e examine d wer e wor d frequency ,  wor d 
length ,  consistenc y o f  th e grapheme-to-phonem e mappin g 
and erro r  positioning .  Previou s report s (Plau t  e t  al. ,  1996 ; 

Zorzi ,  1998 )  dea l  mainl y wit h wor d frequency  an d 

consistency ,  unabl e t o exhibi t  significan t  lengt h effects .  Th e 

sequentia l  natur e o f  S R N s an d structur e o f  th e trainin g 
proces s naturall y involv e thes e characteristics ,  s o w e wer e 

abl e t o tes t  them ,  a s doe s Plau t  (i n press) . 

Consistenc y i n orthograph y t o phonolog y conversio n 

measure s ho w muc h th e pronunciatio n o f  a  give n ite m i s 
coheren t  t o th e pronunciatio n o f  orthographicall y simila r 

items .  A n interestin g issu e i s ho w t o measur e consistency . 
Plau t  e t  al .  (1996 )  use d th e similarit y i n spellin g o f  rhyme s 

(se e below )  i n orde r  t o estimat e it .  W e adopte d anothe r 
definition ,  suggeste d b y Jare d e t  al .  (1990) ,  accordin g t o 
whic h consistenc y depend s o n th e summe d frequenc y o f  th e 

word' s friend s an d word' s enemies .  "Friends "  ar e word s 
wit h simila r  spellin g an d simila r  pronunciation ,  whil e 
"enemies "  ar e word s wit h simila r  spelling ,  bu t  distinc t 

pronunciation .  W e categorize d consistenc y int o fou r 
categorie s (similarl y t o Plau t  e t  al. ,  1996) .  Word s wit h man y 
more friends  tha n enemie s ar e name d regular ,  a s oppose d t o 
word s wit h man y mor e enemie s tha n fiiends,  whic h ar e 
named exceptions .  Ther e ar e tw o intermediat e categorie s -
ambiguou s -  wit h a s man y friends  a s enemie s -  an d semi -
regula r  -  wit h somewha t  mor e friends  tha n enemies .  Erro r 
wit h regar d t o consistenc y i s give n i n Tabl e 2 .  Th e stron g 
interactio n betwee n erro r  an d consistenc y i s i n paralle l  t o 
th e observe d effec t  o f  reduce d namin g latencie s an d greate r 
accurac y i n pronunciatio n fo r  regula r  word s an d increase d 
latencie s an d lowe r  pronunciatio n accurac y fo r  irregula r 
ones (Coltheart ,  1978 ;  Glusko ,  1979) .  Still ,  w e se e i n Tabl e 
2 muc h highe r  erro r  fo r  excepfiona l  words ,  whic h w e 
atfribut e t o th e insufficien t  fraining. 

Table 2. SRN performance against word consistency. 

Consistenc y 
Erro r  (% ) 

Entrop y 

Exceptio n 

3 0 % 
1.4 

Ambiguou s 

5 % 
1.2 

Semi-Regula i 

0 . 8 % 

1.0 5 

Regula r 

0 . 1 % 

1. 0 

The nex t  importan t  effec t  w e verifie d wa s th e networ k 
performanc e fo r  differen t  wor d frequencies  (Tabl e 3) .  Thi s 
effec t  wa s observe d i n mos t  o f  th e model s (Plau t  e t  al. , 
1996 ;  Plaut ,  1998 ;  Zorzi ,  1998 )  an d psycholinguisti c 
studies ;  Th e S R N als o exhibite d goo d frequency  effect s 
wit h u p t o five  time s bette r  performanc e fo r  high-frequenc y 
word s a s compare d t o th e low-frequenc y items . 

Table 3. SRN performance against word frequency. 

Frequenc y 
Erro r  (% ) 

Low 
4.1 % 

Mid-Lo w 

1.5 % 
Mid 
1.0 % 

Mid-Hig h 
0.7 % 

Hig h 
0.8 % 

I n previou s studie s (Plau t  e t  al. ,  199 6 fo r  review ) 
importan t  frequency-consistency  interactio n wa s found , 
wher e th e frequency  effec t  almos t  disappear s fo r  consisten t 
words .  T o tes t  fo r  thi s effect ,  w e studie d th e neura l  networ k 
performanc e varyin g bot h consistenc y an d frequency  (Fig.2 ) 
and foun d th e patter n exhibite d i n huma n readin g studies . 
Frequenc y i s  unimportan t  fo r  consisten t  words ,  somewha t 
importan t  fo r  ambiguou s word s an d crucia l  fo r  exceptiona l 
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words .  W e shoul d not e tha t  th e significan t  erro r  fo r  ver y 

exceptiona l  word s doesn' t  influenc e muc h th e overal l  error , 

du e t o th e ver y smal l  numbe r  o f  word s fro m tha t  category . 

Erro r 

40% 

30 

20 -\ 

10 - Exception s 
Consistenc y 

Low Frequenc y W/g/ 7 
Regula r 

Fig. 2 Networ k erro r  fo r  variou s degree s o f  grapheme-to -

phoneme consistenc y a s a  functio n o f  frequenc y & 
consistency .  Th e frequenc y influenc e o n erro r  almos t 

disappear s fo r  regula r  words ,  wher e erro r  i s  ver y small . 

Further, we analyzed the network performance with regard 
t o wor d length .  Connectionis t  model s base d o n stati c wor d 

representation s didn' t  sho w apparen t  interactio n betwee n 

erro r  an d length ,  becaus e stati c wor d processin g ca n no t  b e 
affecte d b y wor d length .  Thi s wa s th e reaso n Plau t  t o tur n t o 
a sequentia l  connectionis t  mode l  i n hi s recen t  pape r  {i n 

press) .  A s w e se e i n Tabl e 4 ,  ther e i s a  specifi c  U-shape d 
dependenc y betwee n erro r  an d wor d length .  Fo r  shor t  an d 
lon g words ,  erro r  i s highe r  tha n fo r  word s o f  siz e 4  t o 7 .  Ou r 
explanatio n fo r  th e highe r  erro r  o f  th e shor t  word s i s tha t  th e 
networ k doesn' t  hav e enoug h informatio n t o produc e th e 
correc t  pronunciation .  O n th e othe r  hand ,  th e highe r  erro r  fo r 

longe r  word s i s eas y t o explain ,  a s erro r  accumulate s durin g 
lef t  contex t  processing . 

Table 4. SRN performance against word length. 

Lengt h 

Erro r  (% ) 

Shor t 

11 % 
Mid-Shor t 

3 .1 % 

Mid 
2.5 % 

Mid-Lon g 

3.0 % 

Lon g 

5.6 % 

A nd finally,  w e presen t  a n erro r  analysi s wit h regar d t o th e 
positio n a t  whic h i t  appear s durin g th e proces s o f  phonem e 
producin g (Tabl e 5) .  Give n th e highe r  erro r  fo r  longe r 
word s on e migh t  expec t  tha t  highe r  erro r  a t  th e final 

nd positions ,  bu t  i t  i s  no t  s o clea r  w h y i t  i s  highe r  a t  th e 2 "  an d 
3" *  positions .  I n orde r  t o answe r  t o thi s question ,  w e 
conducte d furthe r  finer-grained  analyz e o f  th e positio n o f 

th e erro r  concentratin g o n sub-lexica l  units . 

Table 5. SRN performance against error position. 

Positio n 
Erro r  (% ) 

1 
1.9 % 

2 
4.8 % 

3 
3.7 % 

4-5 
1.7 % 

6-7 
2.5 % 

Syllabi c structur e 

Most  linguist s divid e syllable s int o onse t  (whic h contain s 
th e initia l  consonants) ,  followe d b y nucleu s (intermediat e 
vowels )  an d endin g wit h cod a (th e final  consonants) .  Also , 
the y loo k fo r  a  mor e comple x interna l  structur e o f  th e 
syllable ,  e.g. ,  (1 )  o r  (2 )  (Kessle r  &  Treiman ,  1997) .  mos t 
theoretica l  linguist s preferrin g (1) . 

(1 )  (  onse t  -  rhym e (  nucleu s -  coda) ) 

(2 )  (  bod y (onse t  -  nucleus )  -  cod a ) 

Observin g th e non-unifor m erro r  distributio n i n th e word s 

(se e above) ,  w e wer e intereste d h o w th e erro r  wa s 

distribute d int o th e abov e sub-syllabi c units .  Th e result s 

showe d tha t  th e highe r  erro r  i n th e middl e o f  th e word s wa s 

du e t o highe r  erro r  a t  th e vowe l  position s (whic h include s 

position s 2  an d 3  i n Tabl e 5  du e t o variabl e onse t  length) . 
The erro r  a t  th e vowe l  wa s 8 % ,  whil e th e erro r  i n th e cod a 

was abou t  1.9% .  Ther e wa s lowe r  erro r  i n th e onse t  a s wel l 

(1.5 % -  1.8%) .  Thi s mean s tha t  ther e i s a  specifi c  erro r 

brea k a t  th e transitio n onset-nucleus .  Thi s erro r  pea k i s i n 
paralle l  t o anothe r  interestin g fac t  tha t  w e observed ,  namel y 

tha t  th e mea n entrop y i n th e bod y wa s 3.37 ,  o=0.55 ,  whil e 

th e mea n entrop y i n th e rhym e wa s 1.90 ,  a=1.21 .  Thi s 
support s statisticall y th e positio n tha t  th e bod y i s les s 

coherent ,  an d th e rhym e more . 
Therefore ,  w e ca n conclud e tha t  th e syllabi c structur e i n 

Dutc h i s no t  plain ,  bu t  follow s th e onset-rhym e divisio n (1) . 

Th e sam e structur e wa s foun d i n Englis h a s wel l  (Kessle r  & 
Treiman ,  1997) .  Wit h a  non-sequentia l  mode l  thi s woul d b e 
difficul t  t o measure . 

Network damaging and dyslexia 

Th e P D F model s ar e wel l  know n fo r  thei r  damag e resistanc e 

du e t o thei r  distribute d wa y o f  representin g dat a an d 
knowledge .  A  networ k damag e migh t  consis t  o f  los s o f 
neuron s o r  memor y distortion .  W e experimente d wit h 

addin g nois e t o weight s an d neuro n removal .  Th e nois e wa s 
represente d a s rando m numbers ,  uniforml y distribute d i n th e 
rang e [-p.. .  p] .  Ther e wa s n o apparen t  effec t  o f  1-2 % 
hidde n neuron s removal ,  whic h wa s simila r  t o addin g sligh t 

nois e (p=0.10 )  t o 9 0 % o f  th e neurons ,  whil e removin g 5 % 
of  th e hidde n neuron s resulte d i n 20 -25 % error ,  whic h wa s 
simila r  t o addin g nois e wit h p=0.30 .  A  milde r  effec t  wa s 
observe d wit h nois e p=0.20 ,  wher e th e erro r  jumpe d t o 6%. 

We investigate d als o h o w damage s influence d networ k 
performanc e fo r  variou s fr-equenc y an d consistenc y levels , 
searchin g fo r  processe s simila r  t o thos e foun d i n dyslexics . 
Ther e ar e tw o mai n categorie s o f  dyslexi a resultin g fro m 
brai n damag e (Coltheart ,  1993 ;  Plau t  e t  al ,  1996) .  I n surfac e 
dyslexia ,  patient s ca n rea d non-word s bu t  hav e problem s 
wit h exceptiona l  word s -  the y regulariz e the m b y usin g 
Grapheme-to-Phoneme-Conversio n ( G P C )  rule s (Coltheart , 
1993) .  Th e othe r  pattern ,  phonologica l  dyslexi a i s 
characterize d b y difficultie s i n pronunciatio n o f  non-words , 
althoug h familia r  word s ca n b e read ,  i.e. ,  patient s see m t o 
hav e los t  G P C rules . 

The patter n o f  error s w e observe d afte r  networ k damag e 

di d no t  correlat e t o an y specifi c  typ e o f  phonologica l 
dyslexia .  Bot h exceptiona l  an d regula r  word s wer e affected . 
Mil d damag e (noise ,  p=0.2 0 o r  discardin g 2 -3 % o f  th e 
hidde n neurons )  affecte d regula r  (fro m 0.2-1 % t o 2-10 % 
error) ,  ambiguou s (fro m 4-5 % t o 1 5 % err )  an d exceptiona l 

word s (fro m 20 -30 % t o 35 -50 % error) .  A t  th e sam e time , 
th e frequenc y effec t  wa s reduce d significantly .  Mor e sever e 
damage (removin g 5 % neuron s o r  noise ,  p=0.30 )  resulte d i n 
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eve n large r  erro r  fo r  regula r  word s an d a  fadin g o f 

consistenc y effect .  Also ,  increasin g nois e affecte d almos t 
twic e a s man y tes t  word s (i.e. ,  nonwords )  wit h exceptiona l 

pronunciation s a s trainin g word s fro m th e sam e category ; 

tha t  is ,  som e tes t  word s wit h exceptiona l  pronunciation s 
perhap s assimilat e t o th e readin g o f  simila r  words ,  bu t  a 
sligh t  amoun t  o f  nois e easil y disrupt s thi s relation .  Next , 

weigh t  damag e wa s mor e likel y t o affec t  th e en d o f  th e 
words ,  whic h w e attribut e t o corruptin g th e rule s tha t  th e 

networ k ha s buil t  i n orde r  t o encod e th e contex t  i n memory . 
The fai l  t o find a  specifi c  typ e o f  dyslexi a w e attribut e t o 

th e genera l  weigh t  damaging .  W e expec t  mor e specifi c 
damagin g t o affec t  mor e specifi c  group s o f  words . 

Discussion 

I n thi s pape r  w e presente d ou r  initia l  experiment s o n 
learnin g grapheme-to-phonem e mappin g i n Dutc h wit h 

Simpl e Recurren t  Networks .  Th e mai n goa l  i n th e stud y wa s 
t o tes t  th e abilit y  o f  S R N s t o lear n suc h a  comple x mappin g 
employin g simpl e dat a encodin g -  sequentia l  presentatio n 
of  a  singl e graphem e a t  a  tim e -  a s oppose d t o stati c 
connectionis t  model s (Plau t  e t  al. ,  1996 ;  Zorzi ,  1998 )  an d 
th e mor e comple x sequentia l  mappin g schem e i n Plau t  (i n 
press) .  I n orde r  t o tes t  h o w wel l  S R N s approximat e huma n 
performanc e i n reading ,  w e studie d th e influenc e o f  wor d 
frequency  an d consistency ,  a s wel l  a s wor d lengt h an d 
error-position ,  whic h stati c connectionis t  model s coul d no t 
observe .  Further ,  traine d network s wer e deliberatel y 
damaged wit h a n ai m t o mode l  dyslexia .  S R N performe d 
wel l  o n trainin g an d unsee n tes t  dat a set s eve n afte r  ver y 
limite d numbe r  o f  trainin g epochs .  Also ,  ther e wer e 
significan t  consistenc y an d fi-equency  effect s o n error .  Th e 
erro r  interacte d wit h wor d lengt h a s well .  Th e observe d 
patter n o f  erro r  positionin g suggeste d a  specifi c  non -
symmetri c syllabi c structur e fo r  Dutch ,  whic h wa s foun d i n 
Englis h a s well .  Th e reporte d dat a o n damagin g di d no t 
sho w specifi c  dyslexi c patterns ,  bu t  w e shoul d not e tha t  th e 
experiment s ar e stil l  i n progres s an d th e dat a i s suggestive . 

H ow doe s thi s stud y contribut e t o th e dialo g betwee n 
single -  an d dual-rout e models ? W e conside r  S R N s a s a 
single-rout e model ,  wher e a  single ,  althoug h comple x 
mappin g produce s al l  output s i n contras t  t o th e "dual-route " 
networ k b y Zorz i  (1998) .  However ,  i s  Zorzi' s  mode l  dual -
route ? W e clai m tha t  i t  ca n b e simulate d b y a  single-rout e 
M L? wit h restriction s o n th e weight s durin g training . 
Zorzi' s  networ k structur e -  wit h connection s tha t  m a p 
directl y fro m orthograph y t o phonolog y (standin g fo r  G P C 
rules )  an d anothe r  se t  o f  connection s tha t  map s throug h a 
standar d hidde n laye r  (suppose d t o maintai n a  lexicon )  -
can emerg e i n trainin g a  genera l  M L P .  Still ,  becaus e i t  i s 
difficul t  t o analyz e th e wa y a  unifor m networ k doe s it s job , 
Zorzi' s  mode l  contribute s t o ou r  understandin g h o w neura l 
network s ca n handl e suc h a  difficul t  problem .  Maybe ,  i f  w e 
structur e S R N s i n a  simila r  way ,  w e migh t  achiev e eve n 
bette r  performance ,  b y minimizin g th e complexit y o f  th e 
learnin g task .  I n addition ,  thi s woul d hel p t o mode l  surfac e 
and phonologica l  dyslexi a i n a  mor e direc t  way . 
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