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Assessin g th e Contr ibut io n o f  Representatio n t o Result s 

Karen Anderson (KANDERS@CS.UCSD.EDU) 
Jeann e Milosta n (jmilosta@CS.ucsd.edu ) 
Garriso n W.  Cottrel l  (gary@cs.ucsd.edu ) 

Computer  Scienc e an d Engineerin g Departmen t  011 4 
Institut e fo r  Neura l  Computatio n 

Universit y  o f  Californi a Sa n Dieg o 
La Jolla,C A 92093-011 4 

Abstrac t 

In  this paper, we make a methodological point concerning the 
contributio n o f  th e representatio n o f  th e outpu t  o f  a  neura l  net -
wor k mode l  whe n usin g th e mode l  t o compar e t o huma n er -
ro r  performance .  W e replicat e par t  o f  Dell ,  Julian o &  Govin -
djee' s wor k o n modelin g speec h error s usin g recurren t  net -
work s (Del l  e t  al. ,  1993) .  W e find  tha t  1 )  th e erro r  pattern s 
reporte d b y Del l  e t  al .  d o no t  appea r  t o remai n whe n mor e net -
work s ar e used ;  an d 2 )  som e component s o f  th e erro r  pattern s 
tha t  ar e foun d ca n b e accounte d fo r  b y simpl y addin g Gaussia n 
nois e t o th e outpu t  representatio n the y used .  W e sugges t  tha t 
when modelin g erro r  behavior ,  th e techniqu e o f  addin g nois e 
t o th e outpu t  representatio n o f  a  networ k shoul d b e use d a s a 
contro l  t o asses s t o wha t  degre e error s ma y b e attribute d t o th e 
underlyin g network . 

I n t r o d u c t i o n 

H u m an erro r  performanc e ha s ofte n bee n cite d a s a  w indo w 
int o th e mechanism s underlyin g behaviors .  Cognitiv e model -
ers ,  unlik e artificia l  intelligenc e researchers ,  ai m t o hav e thei r 
model s m a k e th e sam e mistake s peopl e do ,  a s wel l  a s accoun t 
fo r  correc t  behavior .  The y m a y the n argu e that ,  t o th e exten t 
whic h th e mode l  matche s bod i  kind s o f  data ,  i t  i s a  bette r 
model  tha n on e tha t  onl y account s fo r  correc t  performance . 
The y m a y the n b e somewha t  mor e confiden t  i n makin g th e 
inferenc e that ,  howeve r  th e mode l  works ,  human s m a y wor k 
th e sam e way . 

However ,  onc e a  mode l  make s erro r  pattern s simila r  t o hu -
mans,  i t  i s  important  t o understan d wha t  th e sourc e o f  thos e 
error s i s i n th e model .  I n thi s paper ,  w e replicat e Del l  e t  al.' s 
(1993 )  (hencefort h Dell93 )  mode l  o f  speec h errors .  Whil e 
our  erro r  pattern s ar e somewha t  differen t  tha n th e one s the y 
found ,  thei r  erro r  pattern s ar e exhibite d b y som e o f  ou r  net -
works .  O n average ,  however ,  th e performanc e o f  thes e net -
work s d o no t  matc h th e huma n dat a a s wel l  a s the y di d i n 
Dell93 .  W e attribut e thi s t o a  larg e N  fo r  ou r  model s (w e tes t 
fifteen  network s o f  eac h typ e t o Dell93' s three) . 

Thi s i s no t  th e poin t  o f  thi s paper ,  however .  Rather ,  i t  i s a 
methodologica l  one .  Lachte r  &  Beve r  (1988 )  criticize d neu -
ra l  network s fo r  usin g representation s tha t  predetermine d th e 
results .  O f  course ,  on e choose s representation s tha t  ar e goo d 
fo r  th e domain .  Bu t  h o w ca n w e separat e th e importanc e o f 
th e representatio n i n studie s modelin g erro r  data ? Here ,  w e 
giv e a  techniqu e fo r  assessin g th e contributio n o f  th e repre -
sentatio n t o th e erro r  pattern s tha t  separate s i t  fro m th e under -
lyin g network .  Essentially ,  th e techniqu e i s t o ad d Gaussia n 
rando m nois e t o th e outpu t  patterns .  T o th e exten t  tha t  error s 
ca n b e explaine d i n thi s way ,  th e underlyin g nois e generatin g 

Outpu t  Laye r 

Hidde n Laye r 
com-bK<n 

Elman-typ e stal e unit s Jordan-typ e stat e unit s 

Inpu t  Laye r 

Figur e 1 :  Pronunciatio n N e t w o r k (Del l  e t  al. ,  1993 ) 

proces s (th e ne twork )  i s no t  ver y relevant .  O n th e othe r  hand , 
difference s f ro m thi s nois e represen t  biase s i n th e error s tha t 
ca n b e attribute d t o th e underlyin g ne twor k processing .  I n 
th e following ,  w e revie w Del l  e t  al.' s  m o d e l  an d results ,  w e 
presen t  ou r  replication s bot h wit h an d withou t  a n underlyin g 
network ,  an d discus s th e implications . 

The Model 

Figur e 1  s h o w s th e structur e o f  th e ne twork s use d i n thi s 
work .  Thi s structur e i s identica l  t o o n e o f  th e network s use d 
i n De l  19 3 (the y varie d whethe r  the y ha d outpu t  recurrenc e o r 
hidde n recurrenc e o r  both) .  T h e ne twor k consist s o f  a  feed -
forwar d pat h f ro m inpu t  an d stat e unit s throug h a  hidde n laye r 
t o a  final  outpu t  layer .  Activatio n level s f r o m bot h th e hidde n 
unit s an d th e outpu t  unit s ar e copie d directl y t o thei r  corre -
spondin g stat e unit s a t  th e star t  o f  th e subsequen t  t im e step . 

T h e network s w e r e traine d t o m a p f r o m a  representatio n 
o f  a  w o r d t o pronunciation ,  usin g t w o type s o f  inpu t  repre -
sentatio n o f  th e wo rd .  O n e consiste d o f  a  r a n d o m patter n o f 
bits ,  simulatin g th e arbitrar y natur e o f  m a p p i n g f r o m m e a n i n g 
t o soun d (Cottrel l  a n d Plunkett ,  1991 ;  Cottrel l  an d Plunkett , 
1995) .  T h e othe r  inpu t  patter n simulate d reading ,  b y  usin g 
thre e bank s o f  five  bit s t o represen t  th e letter s i n th e w o r d , 
wit h a  r a n d o m cod e fo r  eac h letter .  I n orde r  t o captur e th e 
tempora l  aspec t  o f  speech ,  th e ne twor k outpu t  produce s eac h 
p h o n e m e segmen t  sequentially ,  a s i n (Cottrel l  an d Plunkett , 
1991) .  T h e trainin g se t  w e used ,  identica l  t o tha t  f r o m Dell9 3 
(se e A c k n o w l e d g m e n t s ) ,  consist s o f  a  subse t  o f  5 0 frequen t 
Englis h w o r d s w h i c h hav e bot h 3  letter s i n thei r  writte n fo r m 
an d 3  p h o n e m e s i n thei r  spoke n form .  E a c h w o r d the n i s 
complete d wit h a  "null "  end-of-wor d segmen t ,  s o eac h out -
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put  patter n i s a  sequenc e o f  fou r  elements ,  alway s endin g i n 
th e nul l  pattern . 

As i n Dell93 ,  network s wer e no t  traine d t o ful l  compe -
tence ;  rather ,  trainin g wa s halte d a t  th e en d o f  an y serie s o f  5 0 
epoch s fo r  whic h th e error s o n a  pe r  segmen t  basi s wer e les s 
tha n 10% .  Thi s wa s don e i n orde r  t o analyz e th e type s o f  er -
ror s mad e b y th e net s an d t o compar e th e frequenc y an d type s 
t o thos e produce d b y human s i n natura l  discours e settings . 

I n general ,  ther e ar e 3  type s o f  error s whic h ca n occur : 
segment  omission ,  insertion ,  an d substitution .  W e classif y 
thes e error s a s t o whethe r  the y violat e an y o f  th e followin g 
constraints : 

1. Phonotactic Regularity. Errors will usually produce sound 
sequence s whic h ar e vali d i n th e languag e (a n estimate d 
1 % o f  error s i n human s violat e this) . 

2. CV Category Effect. Vowels replace vowels; consonants 
replac e consonant s (violatio n rat e 0.5%) . 

3. Syllabic Constituency. When a vowel and an adjacent con-
sonan t  ar e i n error ,  i t  i s mor e likel y t o b e a  V C tha n a  C V 
(estimate d t o b e a t  a  rati o o f  3) . 

4. Initialness. Onset consonants are more likely to be in error 
tha n noninitia l  consonant s (estimate d a t  62%) . 

Table 1 gives the rate at which these errors occur in human 
speech ,  a s estimate d b y Dell9 3 fro m severa l  erro r  corpor a an d 
secondar y source s (e.g. ,  (Shattuk-Hufnagel ,  1983 ;  Shattuk -
Hufnagel ,  1987;Stemberger ,  1983)) . 

Methods 

We attempte d t o follo w th e method s outline d b y Dell9 3 a s 
closel y a s possibl e i n trainin g ou r  networks .  I n th e following , 
we giv e thes e procedure s i n detai l  a s wel l  a s ou r  method s fo r 
producin g th e nois e mode l  an d scorin g th e errors . 

The dat a consiste d o f  th e frequen t  wor d vocabular y fro m 
Appendi x B  o f  Dell93 ,  whic h consiste d o f  Englis h word s 
wit h bot h 3  letter s an d 3  phonologica l  segments .  Tw o inpu t 
representation s wer e used :  a  30-uni t  rando m representatio n 
and a  15-uni t  correlate d representatio n wher e eac h inpu t  let -
te r  wa s assigne d a n arbitrar y 5-bi t  code .  Th e network s wer e 
comprise d o f  a  feedforwar d pat h wit h 3 0 o r  1 5 inpu t  units ,  de -
pendin g o n inpu t  representation ,  2 0 hidde n units ,  an d 1 8 out -
put  unit s whic h wer e a  feature-base d representatio n o f  eac h 
phoneme.  Th e outpu t  codin g use d i s tha t  fro m Dell9 3 Ap -
pendi x A .  Th e network s ha d a s additiona l  input s a  stat e laye r 
whic h consiste d o f  a  cop y o f  th e outpu t  activation s fro m th e 
previou s tim e ste p (henc e i t  containe d 1 8 units )  an d a  contex t 
laye r  whic h consiste d o f  a  cop y o f  th e hidde n laye r  activa -
tion s fro m th e previou s tim e ste p (hence ,  2 0 units) .  Al l  con -
nectio n weight s wer e initialize d t o a  rando m numbe r  i n th e 
rang e [-0.1,0.1] ,  an d eac h hidde n an d outpu t  uni t  ha d a n ad -
ditiona l  bia s input .  Th e standar d logisti c activatio n functio n 
was used ;  momentu m wa s 0. 5 whil e th e learnin g rat e wa s 1. 0 
fo r  th e correlate d inpu t  vecto r  network s an d 0.2 5 fo r  th e ran -
do m inpu t  vecto r  networks . 

For  eac h epoc h o f  Gaining ,  th e word s i n th e trainin g se t 
wer e presente d i n a  ne w rando m order .  A t  th e beginnin g o f 
eac h word ,  th e contex t  unit s wer e se t  t o zer o an d th e stat e 
unit s wer e initialize d t o th e "nul l  segment "  (al l  value s o f  0.5) . 

Each word' s trainin g inpu t  representatio n wa s clampe d a t  th e 
inpu t  laye r  whil e th e outpu t  laye r  wa s traine d t o produc e eac h 

phonemi c segmen t  o f  th e wor d sequentially ,  followe d b y th e 
nul l  segmen t  vector .  Onlin e backpropagatio n wa s used ,  wit h 
erro r  propagate d bac k an d weight s update d a t  th e en d o f  eac h 
forwar d pas s o f  a n outpu t  segment .  A n outpu t  segmen t  wa s 
the n considere d correc t  i f  th e value s a t  th e outpu t  laye r  wer e 
close r  (b y Euclidea n distance )  t o th e correc t  outpu t  tha n t o 
any othe r  vali d segments . 

15 separat e network s o f  eac h o f  th e tw o mode l  type s wer e 
trained ,  eac h startin g wit h differen t  rando m seeds .  Perfor -
mance o f  eac h networ k wa s examine d a t  ever y 5 0 epochs ; 
trainin g wa s stoppe d whe n th e network s achieve d greate r  tha n 
9 0 % correc t  outpu t  segments .  Thi s occurre d b y 20 0 epoch s 
fo r  (Del l  e t  al. ,  1993 )  an d fro m 10 0 t o 30 0 epoch s fo r  th e 
replication s presente d here . 

For  th e Nois e simulations ,  a  vecto r  consistin g o f  eac h out -
put  segmen t  i n th e trainin g se t  wa s perturbe d wit h rando m 
nois e generate d b y a  Gaussia n distributio n wit h mea n 0. 0 
and standar d deviatio n o f  0.31 .  Thi s standar d deviatio n wa s 
selecte d t o produc e overal l  segmen t  correctnes s percentage s 
consisten t  wit h thos e produce d b y (Del l  e t  al. ,  1993 )  net -
works ,  approximatel y (bu t  n o les s than )  9 0 % correc t  seg -
ments .  1 5 nois e sequence s wer e produced ,  agai n eac h wit h a 
differen t  rando m seed .  Sinc e th e network s wer e constraine d 
t o perfor m a t  greate r  tha n 9 0 % correc t  segments ,  an y nois e 
sequenc e whic h correspondingl y cause d mor e tha n 1 9 seg -
ment  error s wa s eliminate d fro m consideratio n an d substi -
tute d wit h anothe r  sequence .  T w o suc h sequence s wer e elim -
inate d unti l  th e desire d 1 5 sequence s wer e produced .  Fo r 
bot h th e nois e mode l  an d th e random -  an d correlated-inpu t 
replicatio n networks ,  eac h trainin g se t  outpu t  segmen t  wa s 
marke d fo r  typ e o f  erro r  occurrenc e (omission ,  insertion ,  sub -
stitution) .  Thes e error s wer e subsequentl y analyze d a t  th e 
wor d leve l  t o determin e ho w wel l  the y followe d th e wor d 
constraints .  Phonotacti c Regularit y wa s assesse d b y hand -
scorin g th e error s produced .  Som e ambiguou s case s wer e 
give n t o Gar y Del l  fo r  scorin g (se e Acknowledgments) .  Spe -
cifi c  rule s fo r  erro r  categorizatio n (mutuall y exclusiv e bu t  no t 
exhaustive) ,  labele d b y th e constrain t  the y wer e use d t o mea -
sure ,  ar e a s follows ,  score d i n th e followin g order : 

1. CV Category Effect: A word has a cross category C-V error 
i f  th e targe t  outpu t  segmen t  wa s a  vowe l  an d th e produce d 
outpu t  segmen t  wa s a  consonant ,  o r  vic e versa . 

2. Syllabic Constituency Constraint: A word has a syllabic 
constituen t  erro r  i f  tw o immediatel y adjacen t  segment s ar e 
i n error ,  wher e on e i s a  vowe l  replace d b y anothe r  vowe l 
and th e othe r  i s a  consonan t  replace d b y anothe r  conso -
nant .  Further ,  an y othe r  consonan t  immediatel y adjacen t 
t o th e vowe l  mus t  no t  b e replace d b y a n incorrec t  conso -
nant .  A  syllabi c constituen t  i s the n furthe r  categorize d a s a 
V C sli p o r  a  C V slip ,  dependin g o n th e relativ e locatio n o f 
th e vowe l  i n th e pair . 

3. Initialness Constraint: An error was categorized as a 
single-consonan t  substitutio n i f  th e outpu t  segmen t  pro -
duce d a  consonan t  differen t  fro m th e targe t  segmen t  con -
sonant ,  an d an y immediatel y adjacen t  vowel s wer e no t  re -
place d b y a n incorrec t  vowel .  Eac h single-consonan t  sub -
stitutio n wa s the n classifie d a s initia l  o r  final  dependin g o n 
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whethe r  th e erroneou s consonan t  precede d o r  followe d th e 
vowel  withi n th e sam e syllable .  Finally ,  th e consonan t  on -
set  rati o i s the n th e rati o o f  initial-consonan t  error s t o th e 
tota l  o f  bot h initia l  an d fina l  consonan t  errors . 

Since the purpose of this work is to attempt to model and 
explai n huma n performance ,  w e ar e intereste d i n ho w wel l 
our  model s trac k huma n erro r  dat a base d o n th e constraint s 
discusse d earlier :  Phonotacti c Regularity ,  Cross-Categor y Er -
rors ,  Consonan t  Initialness ,  an d C V A ' C Constituency .  T o thi s 
end ,  w e us e th e deviatio n scor e describe d i n Dell93 ,  base d 
on th e difference s i n erro r  proportion s betwee n th e models ' 
performanc e an d huma n performance .  Sinc e w e d o no t  hav e 
variances ,  bu t  onl y averag e dat a fo r  humans ,  thi s measur e 
test s fo r  difference s i n means .  Fo r  th e overal l  deviation ,  th e 
scor e i s th e su m o f  th e square d difference s betwee n th e hu -
m an proportio n an d th e mode l  proportion .  Eac h proportio n 
i s transforme d b y a n arcsin e conversion ,  include d t o correc t 
"fo r  difference s i n variabilit y  fo r  extrem e proportions "  (Del l 
etal. ,  1993) . 

Deviatio n =  '^{arcsin{Hpi°-^ )  -  arcsin{Mpt°-^) f 

wher e H p i  an d M p i  ar e th e huma n an d mode l  proportio n 
of  error s o n constrain t  typ e i ,  respectively ,  i  range s ove r  th e 
five  constrain t  type s above .  W e ar e als o intereste d i n th e de -
viatio n scor e fo r  eac h constrain t  considere d individually .  Th e 
squar e root s o f  thes e score s wer e the n compare d usin g analy -
si s o f  varianc e ( A N O V A ) .  Analysi s o f  varianc e wa s als o com -
pute d o n th e ra w erro r  proportion s themselves . 

Results and Discussion 

Eac h pai r  o f  th e 3  method s covere d i n thi s pape r  (ran -
d o m networ k input ,  correlate d networ k input ,  an d Gaussia n 
noise-perturbe d outpu t  units )  wa s analyze d fo r  differenc e i n 
bot h overal l  deviatio n scor e an d fo r  deviatio n fro m huma n 
standard s fo r  eac h measur e separately .  Th e correlate d an d 
rando m network s performe d significantl y differentl y o n th e 
Phonotacti c Regularit y constraint ,  F(l,28 )  =  9.134 ,  p  =  0.005 , 
wit h th e correlate d mode l  deviatin g les s fro m th e huma n 
standard .  Thes e tw o model s di d no t  perfor m i n a  signif -
icantl y differen t  manne r  fo r  th e Cross-Categor y erro r  con -
strain t  [F(l,28 )  =  2.991 ,  p  =  0.095] ,  th e C V Constituenc y 
[F(l,28 )  =  0.178 ,  p  =  0.676] ,  th e V C Constituenc y [F(l,28 ) 
= 0.101 ,  p  =  0.753] ,  th e Onse t  Consonan t  Rati o [F(l,28 )  = 
0.022 ,  p  =  0.884] ,  o r  th e overal l  deviatio n measur e [F (  1,28 )  = 
0.119 ,  p  =  0.733] . 

Th e Gaussia n Nois e mode l  compare d similarl y wit h th e 
rando m inpu t  model ,  wit h it s smalle r  deviatio n fro m th e hu -
m an standar d differin g significantl y fo r  Phonotacti c Regu -
larit y F(l,28 )  =  19.631 ,  p  <  0.00 1 whil e no t  differin g i n 
th e othe r  measure s (Cross-Categor y F(l,28 )  =  0.261 ,  p  = 
0.118 ,  C V Constituenc y F(l,28 )  =  0.060 ,  p  =  0.808 ,  V C Con -
stituenc y F(l,28 )  =  0.348 ,  p  =  0.560 ,  Onse t  Consonan t  Ra -
ti o F(l,28 )  =  0.029 ,  p  =  0.865 ,  Overal l  F(l,28 )  =  0.822 ,  p  = 
0.372) . 

Th e Gaussian-Nois e mode l  differe d significantl y fro m th e 
correlate d mode l  o n bot h Phonotacti c Regularit y [F(l,28 )  = 
4.816 ,  p  =  0.037 ]  an d o n Cross-Categor y error s [F(l,28 )  = 

17.808 ,  p  <  0.001 ]  wit h a  close r  matc h t o th e huma n stan -
dar d fo r  bot h measures ;  i t  wa s no t  differen t  o n th e C V Con -

stituenc y [F(I,28 )  =  0.326 ,  p  =  0.572] ,  th e V C Constituenc y 
[F(1.28 )  =  0.068 ,  p  =  0.796] ,  th e Onse t  Rati o [F(l,28 )  = 
0.001 ,  p  =  0.979] ,  o r  th e overal l  deviatio n measur e [F(l,28 )  = 
0.371 ,  p  =  0.547] . 

Using the deviation score measure, it would appear that all 
thre e technique s performe d approximatel y th e sam e o n mos t 
of  th e measures .  However ,  examinin g th e ra w averag e erro r 
proportion s give s a  differen t  picture ,  a s show n i n Tabl e 1 . 

One important measure to consider in Table 1 is that of 
th e Onse t  Ratio .  Base d o n th e deviatio n scor e measur e use d 
i n Dell93 ,  th e erro r  proportion s fo r  eac h o f  th e 3  simulatio n 
method s presente d her e appea r  nearl y equivalent .  However , 
inspectio n o f  th e ra w score s make s i t  clea r  tha t  thi s i s no t  th e 
case :  th e rando m an d nois e mode l  ar e m u c h les s than ,  an d 
th e correlate d mode l  m u c h greate r  than ,  th e huma n standar d 
of  6 2 % .  Thi s distinctio n doe s no t  presen t  itsel f  i n th e A N O V A 
result s becaus e th e measur e use d calculate s th e square d devi -
atio n fro m th e standard .  Thi s typ e o f  measur e i s intende d t o 
ensur e tha t  dat a wit h hig h varianc e centere d aroun d a  mea n 
receive s a  wors e scor e tha n dat a centere d o n tha t  mea n whic h 
has smal l  variance .  Th e systemati c offse t  t o on e sid e o r  th e 
othe r  ca n the n potentiall y  b e los t  i n thi s typ e o f  measure ,  a s 
ca n b e see n above .  Cleariy ,  us e o f  th e deviatio n measur e wa s 
necessar y i n th e origina l  case ,  sinc e th e onl y dat a availabl e 
fro m th e huma n standar d i s th e means ,  an d th e dat a set s coul d 
not  b e directl y compare d i n th e usua l  manne r  withou t  som e 
for m o f  varianc e measur e o n th e huma n standard .  However , 
i n thi s cas e w e actuall y d o wan t  t o compar e th e thre e model s 
wit h eac h othe r  s o w e ca n dispens e wit h th e deviatio n scor e 
and compar e th e ra w erro r  proportion s wit h analysi s o f  vari -
ance . 

For this measure, the analysis appears a bit different. For 
th e Phonotacti c Regularit y constrain t  th e rando m mode l  dif -
fer s fro m bot h th e nois e (F(l,28 )  =  18.445 ,  p  <  0.001 )  an d 
th e correlate d mode l  (F(l,28 )  =  7.439 ,  p  =  0.011) ,  an d th e 
nois e an d correlate d model s als o diffe r  (F(l,28 )  =  6.886 ,  p 
= 0.014) .  Fo r  th e Cross-Categor y erro r  constraint ,  th e nois e 
and correlate d model s produc e differen t  result s (F(l,28 )  = 
17812 ;  p  <  0.001) .  Neithe r  th e nois e an d rando m (F(l,28 ) 
= 2.574 ,  p  =  0.120 )  no r  th e correlate d an d rando m (F(l,28 ) 
= 2.836 ,  p  =  0.103 )  differ .  Fo r  th e C V an d V C Constituen t 
measures ,  n o significan t  difference s wer e found :  nois e an d 
rando m (F(l,28 )  =  0.15 4 fo r  C V &  0.00 0 fo r  V C ,  p  =  0.69 8 
& 0.997) ;  nois e an d correlate d (F(l,28 )  =  1.79 9 &  0.157 ,  p 
= 0.19 1 &  0.695) ;  correlate d an d rando m (F(l,28 )  =  3.03 5 
& 0.136 ,  p  =  0.09 2 &  0.715) .  I n th e cas e o f  th e Onse t  Ra -
tio ,  th e correlate d mode l  differ s fro m bot h th e rando m mode l 
(F(l,28 )  =  36.390 ,  p  <  0.001 )  an d th e nois e mode l  (F(l,28 ) 
= 50.835 ,  p  <  0.001) .  Th e nois e an d rando m model s d o no t 
differ ,  (F (  1,28 )  =  0.455 ,  p  =  0.506) . 

What does this maze of statistics tell us? Recall that what 
we wan t  t o kno w i s h o w muc h th e representation s chose n af -
fec t  th e outcom e o f  th e simulations .  Thus ,  w e ar e concerne d 
wit h ho w th e nois e mode l  perform s i n term s o f  th e huma n 
performanc e standard ,  an d the n h o w th e networ k model s ad d 
t o that . 
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Tabl e 1 :  Mode l  Erro r  Characteristic s 

Model 

R a n d o m 

Correlate d 

Nois e 

Dell9 3 

R a n d o m 

Correlate d 

H u m an 

Phonotacti c 

Regularit y 

86. 0 

95. 5 

99. 7 

98. 0 

94. 3 

99. 0 

Cros s 

Categor y 

97. 8 

95. 3 

99. 7 

100. 0 

100. 0 

99. 5 

Onset 

Rati o 

37. 9 

83. 4 

32. 2 

58 
62 

62 

VC 
Slip s 

4.9 3 

4.2 5 

4.9 4 

10 
9 

6 

CV 
Slip s 

1.7 3 

4.0 0 

2.1 9 

4 
2 

2 

V C / C V 

Rati o 

2.8 5 

1.0 6 

2.2 6 

2. 5 
4. 5 

3 

Analysis :  Phonotacti c Regularit y 

The nois e mode l  produce s onl y on e phonotacti c regularit y vi -
olation ,  thu s averagin g 9 9 . 7 % acros s th e 1 5 nois e runs .  Thi s 
hig h leve l  o f  correctnes s correspond s wel l  wit h th e huma n 
erro r  dat a estimate d a t  9 9 % ,  allowin g attributio n o f  perfor -
mance o n thi s measur e t o th e representatio n chosen . 

Analysis: Cross Category Constraint 

As allude d t o i n Dell93 ,  th e hig h conformanc e t o th e Cross -
Categor y constrain t  i s  mostl y du e t o th e outpu t  representa -
tion .  Cluste r  analysi s o f  th e outpu t  representation s sho w tha t 
th e vowe l  representation s ar e distinc t  fro m th e consonan t  rep -
resentations ,  an d thu s smal l  deviation s ar e mor e likel y t o 
chang e a  vowe l  t o anothe r  vowe l  o r  a  consonan t  t o anothe r 
consonant .  Thi s i s empiricall y verifie d b y th e performanc e o f 
th e nois e model :  vowel s d o not ,  i n general ,  becom e close r  t o 
consonant s wit h smal l  error s an d vic e versa .  Thus ,  th e Cross -
Categor y constrain t  i s  attributabl e t o th e representatio n rathe r 
tha n th e networ k structur e o r  learning .  I n fact ,  th e networ k 
model s mov e th e error s furthe r  fro m th e huma n data . 

Analysis: Onset Ratio 

Analysi s o f  th e Onse t  Rati o constrain t  i s  mor e complex .  Re -
cal l  tha t  thi s constrain t  claim s tha t  segmen t  onse t  consonant s 
ar e mor e likel y t o b e i n erro r  tha n segmen t  cod a consonants . 
Bot h huma n standard s an d som e o f  th e network s i n Dell9 3 
sho w this .  However ,  th e nois e mode l  examine d her e show s 
th e opposit e effect ,  wit h cod a consonant s bein g i n erro r  al -
most  twic e a s m u c h a s onsets .  Thi s phenomen a ca n b e ex -
plaine d b y confluenc e o f  tw o statistica l  factors .  First ,  th e 
outpu t  phonem e dat a se t  i s  biase d towar d cod a consonants . 
Ther e ar e 4 0 consonan t  phoneme s i n th e onse t  category ,  com -
pare d t o 5 4 i n th e cod a set .  Thi s produce s a n onse t  t o tota l 
consonan t  rati o o f  4 2 % .  I f  eac h consonan t  wa s equall y likel y 
t o b e i n error ,  thi s i s wha t  th e Onse t  rati o shoul d be .  On e 
woul d the n expec t  th e nois e mode l  t o hav e produce d thi s ra -
tio ,  bu t  i t  di d not .  Fo r  th e tota l  o f  1 5 instance s o f  th e nois e 
generation ,  ther e wer e 3 4 consonant-to-consonan t  error s i n 
th e onse t  positio n wit h 6 6 i n th e cod a positio n ( a rati o o f 
approximatel y  3 4 % ) .  However ,  ther e ar e severa l  consonant s 
whic h occu r  i n th e codin g o f  th e outpu t  phonemes ,  whic h d o 
not  occu r  a t  al l  i n th e trainin g set .  O f  specifi c  interes t  ar e th e 4 
syllabi c consonants ,  commonl y depicte d a s /rS/ ,  /IS/ ,  /nS /  an d 
/mS/ .  Thes e syllabi c consonant s hav e representatio n identica l 
t o thei r  "plain "  consonan t  partner s excep t  i n th e cas e o f  th e 

voicin g feature .  Tha t  is ,  /rS /  differ s fro m /r /  i n havin g on e 
additiona l  bi t  turne d on .  Al l  o f  th e syllabi c consonant s hav e 
thi s sam e difference ,  an d additionall y n o othe r  consonant s in -
clud e thi s feature .  Thi s mean s tha t  ther e i s a  bi t  turne d o n i n 
th e codin g o f  th e syllabi c consonant s whic h i s no t  use d i n an y 
othe r  consonants . 

Examinatio n o f  th e erro r  se t  fo r  th e nois e mode l  reveale d 
21 case s wher e a  targe t  consonan t  produce d a  syllabi c conso -
nant  i n error ;  i n eac h o f  thes e cases ,  th e intende d consonan t 
was th e correspondin g "plain "  versio n o f  th e consonan t  (I n al l 
30 network s o f  th e rando m an d correlate d models ,  ther e wa s 
onl y on e erro r  o f  thi s typ e total) .  Sinc e a n outpu t  segmen t  i s 
classifie d a s th e phonem e t o whic h i t  i s  closes t  i n Euclidea n 
distance ,  non e o f  thes e phoneme s woul d hav e bee n marke d 
i n erro r  i f  th e syllabi c consonant s wer e exclude d fro m th e set . 
The majorit y o f  th e syllabi c error s whic h di d occu r  wer e tar -
get s of/r /  an d /n/ ,  bot h o f  whic h occu r  mor e frequentl y i n th e 
cod a position .  Eliminatin g thes e fro m th e tota l  erro r  count s 
mentione d i n th e abov e paragraph ,  w e the n ar e lef t  wit h 2 4 
onse t  consonant s an d 5 6 cod a consonant s i n error ,  fo r  a n O n -
set  Rati o o f  4 4 % ,  m u c h mor e i n lin e wit h th e predicte d 4 2 % . 

Thi s bein g accounte d fo r  b y th e representation ,  i t  ca n the n 
be conclude d tha t  th e differenc e betwee n th e abov e rate s an d 
th e performanc e o f  th e correlate d mode l  (an d th e analogou s 
network s fro m Dell93 )  o n th e Onse t  Rati o constrain t  i s  du e 
t o th e sequentia l  natur e o f  th e networks . 

Analysis:Syllabic Constituency 

The Syllabi c Constituenc y Constrain t  ( V C / C V Ratio )  derive s 
fro m th e observanc e o f  predominantl y mor e V C tha n C V typ e 
substitution s i n huma n erro r  data .  Th e respectiv e frequencie s 
cite d b y Dell9 3 ar e 6 % an d 2 % o f  al l  segmen t  errors .  Whil e 
analysi s o f  th e deviatio n score s an d ra w erro r  proportion s re -
veale d n o significan t  difference s i n eithe r  th e V C o r  C V sub -
stitutio n erro r  rate s betwee n an y pai r  o f  th e thre e mode l  types , 
i t  als o di d no t  sho w an y o f  the m t o b e differen t  fro m th e hu -
m an data .  O n th e whole ,  give n tha t  al l  o f  th e model s wer e 
constructe d t o mak e errors ,  i t  i s  no t  surprisin g tha t  som e per -
centag e o f  the m shoul d mak e error s o n adjacen t  segments , 
nor  tha t  som e o f  thes e error s shoul d b e V C o r  C V substi -
tutions .  A s previousl y noted ,  th e segmen t  representatio n i s 
suc h tha t  th e easies t  error s t o mak e ar e V  —> V  an d C  - > C 
substitutions .  Th e interestin g phenomen a is ,  rather ,  tha t  th e 
predominanc e o f  V C ove r  C V substitution s observe d i n th e 
human dat a i s maintaine d i n th e models '  errors .  Th e V C t o 
C V rati o fo r  th e huma n dat a i s 3:1 ;  thos e fo r  th e correlate d 
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input ,  rando m input ,  an d Gaussia n Nois e model s are ,  respec -
tively .  4.9:1.7 ,  4.3:4.0 ,  an d 3.1:1.9 .  Thoug h non e o f  th e mod -
els '  ratio s matc h th e huma n rati o precisely ,  th e rando m inpu t 
and Gaussia n Nois e model s sho w a  stron g preferenc e fo r  V C 
errors .  Th e correlated-inpu t  model' s V C slip s barel y outnum -
ber  it s C V slips ,  however . 

I f  no t  fo r  th e fac t  tha t  th e Gaussia n Nois e mode l  als o ex -
hibit s thi s bia s towar d V C slips ,  thi s evidenc e woul d see m t o 
suggest s tha t  a t  leas t  th e rando m inpu t  networ k mode l  ma y 
hav e capture d som e face t  o f  th e huma n productio n proces s 
-  fo r  h o w ca n th e representatio n o f  th e individua l  segment s 
possibl y explai n th e preferenc e fo r  errin g o n adjacen t  seg -

ment s solel y becaus e th e vowe l  precede s th e consonant ? I n 
discussio n Dell9 3 attribute d th e presenc e o f  th e syllabi c con -
stituenc y effec t  i n thei r  networks '  error s t o a n interactio n be -
twee n th e trainin g vocabular y an d th e sequentia l  natur e o f 
th e networks .  Pointin g ou t  tha t  th e trainin g vocabular y ha s 
a greate r  redundanc y i n it s V C tha n i n it s C V patterns ,  Dell9 3 
conjecture d tha t  thi s cause d th e network s t o develo p suc h a 
stron g associatio n betwee n th e segment s o f  th e of t  repeate d 
V C sequence s tha t  the y cam e t o represen t  the m internall y a s 
a singl e unit .  Hence ,  whe n a n erro r  occurre d b y chanc e o n 
th e initia l  vowe l  o f  a n infrequen t  V C pai r  an d resulte d i n an -
othe r  vowe l  tha t  wa s par t  o f  a  frequen t  V C pair ,  th e networ k 
was ap t  t o b e pulle d of f  it s  origina l  cours e an d ont o th e well -
wor n trajector y betwee n th e in-erro r  segmen t  an d it s compa -
trio t  consonant .  Thi s seem s lik e a  soun d enoug h explanation , 
but  w e conjectur e tha t  i t  i s  onl y par t  o f  th e story . 

Sinc e th e Gaussia n Nois e mode l  has  a  stron g tendenc y t o 
produc e V C ove r  C V errors ,  eve n mor e s o tha n on e o f  th e 
neura l  networ k models ,  w e ar e force d t o loo k harde r  fo r  th e 
sourc e o f  thi s predisposition .  Lookin g a t  th e trainin g vocab -
ular y fro m a  slightl y differen t  angl e tha n Dell93 ,  a  secon d 
potentia l  explanatio n fo r  V C t o C V predominanc e become s 
apparent . 

I n Tabl e 3  belo w i t  ca n b e see n tha t  ther e ar e simpl y mor e 
opportunitie s fo r  a  V C erro r  t o b e mad e tha n fo r  a  C V error . 
To asses s th e contributio n o f  thi s imbalanc e towar d inducin g 
a greate r  numbe r  o f  V C errors ,  w e calculate d th e expecte d 
number  o f  C V an d V C error s base d o n th e toke n typ e prob -
abilitie s an d a  rando m distributio n o f  segmen t  errors .  Th e 
probabilit y  o f  a  segmen t  erro r  occurrin g o n an y give n seg -
ment  wa s base d o n th e averag e numbe r  o f  segmen t  error s fo r 
al l  model s combined .  Th e expecte d erro r  rate s obtaine d wer e 
0.0047 5 an d 0.0043 4 fo r  V C an d C V errors ,  respectively .  Us -
in g thes e prediction s w e the n estimate d th e expecte d V C an d 
C V erro r  proportion s a s 0.068 4 an d 0.0629 . 

Th e expecte d proportion s above ,  however ,  sho w onl y a 
sligh t  bia s towar d V C errors .  W h a t  the n ca n b e responsi -
bl e fo r  th e Gaussia n Nois e mode l  producin g nearl y doubl e 
th e amoun t  o f  V C error s a s C V ? Sinc e th e effec t  canno t 
be entirel y explaine d b y toke n typ e frequenc y wit h th e as -
sumptio n tha t  error s ar e randoml y distributed ,  perhap s thi s 
assumptio n i s fallacious .  Th e onl y reasonabl e explanatio n re -
mainin g i s tha t  ther e i s a  consisten t  an d qualitativ e differenc e 
betwee n vowel-precedin g an d vowel-succeedin g consonants . 
For  som e reason ,  vowel-succeedin g consonant s mus t  b e pre -
dispose d a t  th e representationa l  leve l  t o errors . 

To investigat e thi s possibility ,  w e analyze d th e consonant s 
tha t  follo w a  vowe l  compare d t o th e one s tha t  preced e a 

Tabl e 2 :  Frequenc y &  Neighbo r  Densit y o f  Vowel-adjacen t 

Consonant s 

Pre -

vowel 

h 

g 
r 
b 

y 
w 
s 
n 
m 
k 

1 

f 

t 

P 

J 
d 

Fre q 

5 
5 
4 
4 
3 
3 
3 
3 
3 
3 

2 

# 
Neigh s 

2 
2 
8 
8 
2 
2 
8 
8 
7 
2 

8 

6 

8 

7 

5 

11 

Post -

vowel 

t 
n 
r 
d 
z 
s 

g 
m 
1 
b 

Fre q 

14 
12 
6 
6 
4 
2 
2 
1 
1 
1 

# 
Neigh s 

8 
8 
8 
11 
10 
8 
2 
7 
8 
8 

vowel .  I n particular ,  w e examine d th e numbe r  o f  neighbor s 
eac h kin d o f  consonan t  has  withi n a  H a m m i n g distanc e o f 
3.  A s see n i n Tabl e 2 ,  th e consonant s followin g a  vowe l 
hav e man y mor e neighbors ,  o n average ,  tha n th e consonant s 
precedin g a  vowel .  Thi s mean s tha t  consonant s followin g a 
vowel  ar e muc h mor e likel y t o sli p t o a n erroneou s conso -
nant ,  which ,  i f  thei r  neighborin g vowe l  als o slips ,  woul d lea d 
t o mor e V C error s tha n C V errors . 

Again ,  Dell9 3 clai m tha t  th e greate r  redundanc y o f  V C ver -
sus C V unit s i n th e frequen t  vocabular y i s responsibl e fo r 
creatin g th e effec t  o f  th e syllabi c constituenc y constrain t  i n 
thei r  models .  Presumably ,  th e V C unit s com e t o b e consid -
ere d a  singl e uni t  an d th e V C sli p predominanc e i s a  resultan t 
"emergen t  property" .  Ou r  explanatio n abov e suggest s tha t 
th e Gaussia n Nois e model s tha t  w e produce d ca n accoun t  fo r 
thi s effect .  However ,  ther e i s a  noticeabl e qualitativ e differ -
enc e betwee n th e V C slip s o f  th e networ k model s an d th e V C 
slip s o f  th e Gaussia n Nois e model .  Dell9 3 cite d th e followin g 
thre e error s a s particula r  example s o f  V C error s tha t  indicate d 
th e network s wer e learnin g t o associat e redundan t  V C pair s : 

big —>^ /bed/ 
hi m — > /h3n / 
ol d — > /#nd /  (#=schwa ) 

In all the cases above, the low frequency VCs : fig/, /Im/ 
and /Id /  ar e replace d wit h V C s tha t  occu r  mor e tha t  onc e i n 
th e trainin g set .  Thes e ver y sam e error s als o showe d u p i n 
our  networ k models '  outpu t  -  some ,  exactl y a s liste d above , 
and other s wit h jus t  th e relevan t  V C - > V C substitutio n repli -
cated .  Furthermore ,  lookin g a t  th e frequencie s o f  replace d 
vs .  replacin g V C unit s fo r  al l  suc h error s mad e b y ou r  mod -
el s show s tha t  th e rando m mode l  produce s V C error s tha t  ar e 
frequen t  i n th e targe t  vocabulary ,  whil e th e correlate d mode l 
and th e Gaussia n mode l  d o not .  I n particular ,  th e Gaussia n 
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Targe t  V- C Patter n 

Tabl e 3 :  Vocabular y syllabl e structur e 

CCC CCV CVC CVV VCC VCV VV C VV V 
Frequenc y i n Vocabular y 0 1 41 0 0 0 

model  take s frequen t  pair s an d replace s the m wit h pair s tha t 
neve r  occur . 

The conclusio n w e dra w fro m thi s i s  that ,  whil e th e net -
wor k model s hav e th e V C / C V ratio s i n th e righ t  ballpark ,  the y 
canno t  clai m t o hav e the m becaus e o f  a n effec t  o f  th e underly -
in g network .  Rather ,  al l  tha t  ca n b e claime d i s tha t  th e conten t 
(whic h i s muc h mor e human-like) ,  no t  th e proportion ,  o f  th e 
error s i s du e t o th e network' s action . 

Conclusion 

Whil e thi s wor k i s stil l  a t  a  preliminar y stage ,  w e believ e w e 
hav e demonstrate d tha t  a n importan t  componen t  o f  an y anal -
ysi s o f  networ k erro r  mus t  separat e ou t  th e contributio n o f 
th e networ k fro m th e representation .  I n th e abov e analysi s 
we found ,  fo r  example ,  tha t  severa l  o f  th e component s o f  th e 
erro r  patter n coul d simpl y b e accounte d fo r  b y addin g nois e 
t o th e outpu t  representation .  I n thi s case ,  th e network' s rol e 
i s simpl y a s th e supplie r  o f  tha t  noise . 

Acknowledgments 

We than k Cornel l  Julian o fo r  hi s compute r  archeolog y re -
searc h tha t  le d t o providin g u s wit h th e input/outpu t  pattern s 
fro m th e 199 3 networ k models .  W e than k Gar y Del l  fo r  pro -
vidin g som e o f  th e erro r  dat a fro m th e sam e model ,  answerin g 
our  seemingl y endles s question s concernin g th e erro r  scorin g 
procedures ,  an d fo r  actuall y scorin g som e o f  th e error s fo r  us ! 
Thank s als o t o Gary' s Unbelievabl e Researc h Uni t  ( G U R U ) 
fo r  helpfu l  comment s o n thi s work . 

References 

Cottrell ,  G .  W .  an d Plunkett ,  K .  (1991) .  Learnin g th e pas t 
tens e i n a  recurren t  network :  Acquirin g th e mappin g 
fro m meanin g t o sounds .  I n Th e Thirteent h Annua l  Con -
ferenc e o f  th e Cognitiv e Scienc e Society ,  page s 328-333 , 
Chicago ,  IL .  Lawrenc e Erlbaum ,  Hillsdale . 

Cottrell, G. W. and Plunkett, K. (1995). Acquiring the map-
pin g fro m meanin g t o sounds .  Connectio n Science , 
6(4):379-412 . 

Dell, G. S., Juliano, C, and Govindjee, A. (1993). Structure 
and conten t  i n languag e production :  A  theor y o f  fram e 
constraint s i n phonologica l  speec h errors .  Cognitiv e Sci -
ence ,  17(2) :  149-196 . 

Lachter, J. and Bever, T. G. (1988). The relation between 
linguisti c structur e an d associativ e theorie s o f  languag e 
learning :  A  constructiv e critiqu e o f  som e connectionis t 
learnin g models .  Cognition ,  28:195-247 . 

Shattuk-Hufnagel, S. (1983). Sublexical units and supraseg-
menta l  structur e i n speec h productio n planning .  I n Mac -
Neilage ,  P. ,  editor .  Th e Productio n o f  Speech .  Springer -
Verlag ,  N e w York . 

Shattuk-Hufnagel ,  S .  (1987) .  Th e rol e o f  word-inse t  con -
sonant s i n speec h productio n planning :  N e w evidenc e 
fro m speec h erro r  patterns .  I n Keller ,  E .  an d Gopnik , 
M. ,  editors ,  Adoto r  an d Sensor y Processe s o f  Language . 
Eribaum ,  Hillsdale ,  NJ . 

Stemberger, J. (1983). Speech Errors and Theoretical 
Phonology :  A  Review .  Indian a Universit y Linguistic s 
Club ,  Bloomington . 

53 


	cogsci_1998_48-53



