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Abstrac t 

We use hierarchical cluster analysis, principal component 
analysis ,  multi-dimensiona l  scalin g an d discriminan t  analysi s 
t o investigat e th e interna l  representation s learn t  b y a  recen t 
connectionis t  mode l  o f  readin g aloud .  Th e learnin g 
trajectorie s o f  thes e representation s ma y hel p u s understan d 
readin g developmen t  i n childre n an d th e result s o f  namin g 
latenc y experiment s i n adults .  Studyin g th e effect s o f 
networ k damag e o n thes e representation s seem s t o provid e 
insigh t  int o th e mechanism s underlyin g acquire d surfac e 
dyslexia .  Th e discussio n o f  th e variou s technique s use d ma y 
als o prov e usefu l  i n analysin g th e functionin g o f  othe r 
connectionis t  systems . 

In t roduc t io n 

Connectionist models (e.g. Seidenberg & McClelland, 
1989 )  hav e begu n t o pla y a n importan t  rol e i n th e lon g 
runnin g debat e concernin g th e processe s underlyin g th e ac t 
of  readin g alou d (e.g .  Colthear t  e t  al. ,  1992) .  I t  wa s recentl y 
show n (BuUinaria ,  1993 ,  1994 )  h o w th e NETtal k mode l  o f 
readin g (Sejnowsk i  &  Rosenberg ,  1987 )  coul d b e modifie d 
t o wor k withou t  th e nee d fo r  pre-processin g o f  th e trainin g 
dat a t o alig n th e letter s an d phoneme s prio r  t o training . 
Thi s modifie d mode l  no t  onl y ha s superio r  learnin g an d 
generalizatio n performanc e tha n othe r  model s traine d o n th e 
same word s (e.g .  Seidenber g &  McClelland ,  1989) ,  bu t  als o 
has th e advantag e tha t  i t  doe s no t  requir e th e us e o f 
complicate d inpu t  an d outpu t  representations . 
Consequently ,  i t  ha s becom e feasibl e t o analys e th e interna l 
representation s o f  thi s mode l  wit h vie w t o bette r 
understandin g th e workin g o f  th e mode l  unde r  norma l 
condition s (e.g .  ha s i t  learn t  'rules '  o r  i s  i t  merel y operatin g 
by analog y wit h particula r  word s occurrin g i n th e trainin g 
data )  an d afte r  d a m a g e (e.g .  ca n w e mode l  acquire d 
dyslexia s withou t  th e nee d fo r  separat e sub-system s fo r  th e 
regula r  an d exceptio n words) . 

Ther e ar e numerou s possibl e variation s o f  th e origina l 
NETta l k mode l  discusse d i n Bullinari a (1994) .  Th e 
'standard '  extensio n t o b e investigate d her e i s a  full y 
connecte d feedforwar d networ k wit h sigmoidal  activatio n 
function s an d on e hidde n laye r  o f  30 0 units .  Th e inpu t  laye r 
consist s o f  a  w indo w o f  1 3 set s o f  units ,  eac h se t  havin g on e 
uni t  fo r  eac h lette r  occurrin g i n th e trainin g dat a (i.e .  2 6 fo r 
English) .  Th e outpu t  laye r  consist s o f  tw o set s o f  units , 
eac h se t  havin g on e uni t  fo r  eac h phonem e occurrin g i n th e 

trainin g dat a (i.e .  3 8 units) .  Th e networ k wa s traine d usin g 
back-propagatio n o n a  standar d se t  o f  299 8 monosyllabi c 
word s wit h th e correspondin g pronunciation s -  se e 
Seidenber g &  McClellan d (1989 )  fo r  detail s an d notation . 
Th e inpu t  word s slid e throug h th e inpu t  window ,  startin g 
wit h th e first  lette r  o f  th e wor d a t  th e centra l  positio n o f  th e 
w indo w an d endin g wit h th e final  lette r  o f  th e wor d a t  th e 
centra l  position ,  wit h eac h lette r  activatin g a  singl e inpu t 
uni t  Th e outpu t  phoneme s correspon d t o th e lette r  i n th e 
centr e o f  th e inpu t  window .  Usuall y th e outpu t  consist s o f 
on e phonem e an d on e phonemi c nul l  (e.g .  ' f  - > /t-/) , 
occasionall y  i t  consist s o f  tw o phoneme s (e.g .  'x '  - > /ks/ ) 
and fo r  silen t  letter s w e ge t  tw o phonemi c null s  (e.g .  'e '  - > 
/ — f ) .  Th e thre e possibilitie s caus e th e so-calle d alignmen t 
proble m becaus e i t  i s  no t  obviou s fro m th e trainin g dat a 
h o w th e letter s an d phoneme s shoul d lin e up .  Th e 
advantag e o f  thi s mode l  ove r  th e origina l  NETtal k i s that , 
rathe r  tha n doin g th e alignmen t  b y han d prio r  t o training ,  a 
multi-targe t  approac h (BuUinaria ,  1993 )  allow s th e networ k 
t o lear n th e appropriat e alignment s durin g th e trainin g 
process .  Give n a  wor d suc h a s 'huge '  - » /hyUdZ/ ,  th e 
networ k consider s al l  possibl e outpu t  targe t  alignment s (e.g . 
/h y U d — Z-/ )  an d train s onl y o n th e on e tha t  alread y give s 
th e smalles t  tota l  outpu t  activatio n error .  Eve n i f  w e star t 
fro m rando m weights ,  th e sensibl e regula r  alignment s wil l 
ten d t o over-powe r  th e others ,  s o tha t  eventuall y th e 
networ k settle s d o w n t o usin g onl y th e optima l  se t  o f 
alignment s (e.g .  /h y U -  d Z — / ) . 

Thi s networ k achieve d perfec t  performanc e o n th e 
trainin g dat a (includin g m a n y irregula r  words )  an d 98 .8 % 
o n a  standar d se t  o f  16 6 non-word s use d t o tes t 
generalization .  I t  als o correlate s wel l  wit h variou s namin g 
latenc y experiment s an d provide s severa l  possibl e account s 
of  developmenta l  an d acquire d surfac e dyslexia . 

Internal Representations 

In this model, different regions of hidden unit activation 
spac e ar e selecte d b y th e outpu t  weight s t o produc e differen t 
outpu t  phoneme s an d th e learnin g proces s consist s o f 
judiciousl y choosin g thes e region s an d mappin g th e inpu t 
letter s t o appropriat e region s dependin g o n th e contex t 
informatio n (i.e .  surroundin g letters) .  Sinc e th e consisten t 
weigh t  change s correspondin g t o regularitie s wil l  ten d t o 
reinforc e wherea s other s wil l  ten d t o cancel ,  th e networ k 
tend s t o lear n th e mos t  regula r  mappin g possibl e an d henc e 
we als o ge t  goo d generalizatio n performance . 
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i-i(mine ) 
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1_ i-Kchive ) 
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4 , — i-l(spice ) 
I — ,- ^  i-Kspike ) 

'—LZ i-Kspice ) 
__ i-KdrivG ) 

r—\  , — i-I(bribe ) 
—L i-I(pride ) 

i-I(stride ) 
i-Kstrive ) 
i-I(thrice ) 

„  i-I(chrive ) 
i-I(rice ) 

— i-I(rise ) 
i- I  rice ) 

i-I(dike ) 
i-I(tide ) 

i-I(time ) 
i-I(gibe ) 
i-i(give ) 
i-I(fife ) 

i-I(five ) 
i-I(live ) 

i-I(hike ) 
I  ,  i-I(like ) 

I—LI  i-I(lime ) 
— — i-I(mike ) 

— I — i-I(mime ) 
_ i-I(side ) 
_ i-I(site ) 
i-I(line ) 

i-I(fine ) 
i-I(pine ) 
i-I(vine ) 

Figur e 1 :  Hierarchica l  Cluste r  Analysi s o f  (a )  phonem e means ,  (b )  sampl e words . 

For  ou r  purposes ,  th e mai n advantag e o f  connectionis t 
model s ove r  human s i s tha t  w e ca n relativel y easil y examin e 
thei r  interna l  representation s wit h vie w t o understandin g 
ho w the y (an d possibl y humans )  operat e unde r  norma l  an d 
abnorma l  conditions .  I n th e followin g section s w e wil l 
conside r  severa l  technique s tha t  hav e previousl y bee n use d 
t o stud y th e interna l  representation s learn t  b y connectionis t 
system s an d the n appl y th e bes t  t o variou s aspect s o f  ou r 
model . 

Hierarchical Cluster Analysis 

One way to map out what is going on in hidden layer 
activatio n spac e i s t o perfor m a  Hierarchica l  Cluste r 
Analysi s ( H C A )  o f  th e point s correspondin g t o eac h 
presentatio n o f  eac h wor d (Sejnowsk i  &  Rosenberg ,  1987 ; 
Elman ,  1989) .  Rathe r  tha n tryin g t o loo k a t  al l  th e 1274 4 
point s representin g ou r  trainin g data ,  w e begi n b y lookin g a t 
th e m e a n activation s fo r  eac h o f  th e mai n 6 5 lette r  t o 
phoneme mappings .  A  simpl e Euclidea n clusterin g give s 

Figur e l a an d w e ge t  a  simila r  pictur e usin g a n L I  norm . 
Th e overal l  patter n i s a s expecte d -  vowel s together ,  silen t 
letter s together ,  consonant s togethe r  an d s o o n d o w n t o th e 
like s o f  /dZ /  sound s together . 

Figur e l b show s tha t  th e goo d clusterin g persist s righ t 
d o wn t o th e leve l  o f  individua l  words .  However ,  w e se e 
tha t  irregula r  word s (suc h a s 'give '  - > /giv /  an d 'pint '  - > 
/pint/ )  ar e clustere d wit h thei r  regula r  counterpart s ('gibe ' 
- > /gib /  an d 'tint '  - » /tint/ )  rathe r  tha n th e othe r  word s 
pronounce d i n th e sam e way .  Also ,  w e find  whol e sub-rule s 
(e.g .  'ind '  - > /Ind/ )  apparentl y i n th e wron g hig h leve l 
cluster .  Sinc e th e networ k itsel f  doesn' t  m a k e us e o f 
Euclidea n (o r  other )  distanc e measure s o n th e hidde n uni t 
spac e i t  i s  no t  surprisin g tha t  H C A ca n lea d t o slightl y 
misleadin g results .  Indeed ,  al l  th e distance s ar e ver y simila r 
her e (mea n 4.0 ,  s.d .  0. 6 fo r  Figur e la ;  m e a n 3.8 ,  s.d .  0. 8 fo r 
Figur e lb) ,  s o clusterin g doesn' t  m a k e m u c h sens e anyway . 
T h e networks '  outpu t  weight s w o r k b y projectin g ou t 
particula r  sub-space s o f  th e hidde n uni t  space ,  s o t o ge t  a 
bette r  understandin g o f  th e interna l  representation s w e 
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Figur e 2 :  M D S plo t  o f  mea n phonem e position s i n hidde n uni t  activatio n space . 

reall y nee d t o se e mor e accuratel y h o w th e word s ar e 
positione d i n hidde n uni t  activatio n space . 

Principal Component Analysis 

For our model we deliberately chose to use a large number 
of  hidde n unit s (i.e .  300) ,  abou t  te n time s a s man y a s 
actuall y neede d t o lear n ou r  trainin g data .  Th e reaso n fo r 
thi s wa s tha t  w e wer e particularl y intereste d i n modellin g 
th e effect s o f  brai n damag e an d acquire d dyslexia .  T o d o 
thi s  realistically  w e neede d a  syste m tha t  wa s fairl y resilien t 
and degrade d gracefull y whe n damaged .  Thi s require d a 
highl y distribute d interna l  representatio n fo r  whic h th e 
remova l  o f  an y singl e hidde n uni t  o r  connectio n ha s ver y 
littl e effec t  o n th e network s performance . 

We succeede d i n thi s aim ,  bu t  w e n o w hav e th e difficul t 
proble m o f  visualisin g point s i n a  30 0 dimensiona l  space . 
We clearl y nee d t o reduce  th e numbe r  o f  dimension s t o 
somethin g mor e manageable ,  i.e .  tw o o r  three .  Th e easies t 
way t o d o thi s i s t o us e Principa l  Componen t  Analysi s 
(PCA) :  W e chang e th e coordinat e basi s t o diagonalis e th e 

covarianc e matri x S  an d the n restric t  ourselve s t o th e 
dimension s whic h carr y th e mos t  variance .  Thi s approac h 
was use d t o goo d effec t  b y Elma n (1989) ,  bu t  i n ou r 
networ k th e varianc e i s distribute d ove r  to o man y 
component s (th e first  thre e normalize d eigenvalue s fo r  th e 
ful l  se t  o f  trainin g dat a ar e 0.096,0.078,0.067) .  Takin g an y 
tw o o r  thre e component s o n thei r  o w n give s a  ver y poo r 
representatio n o f  what' s happening . 

Multi-Dimensional Scaling 

A useful non-metric approach to dimensional reduction is 
provide d b y Multi-Dimensiona l  Scalin g ( M D S ) .  A  gradien t 
descen t  algorith m i s use d t o adjus t  iterativel y th e position s 
of  th e point s i n a  lo w dimensiona l  spac e unti l  th e ran k orde r 
of  th e inter-poin t  distance s correspon d a s closel y a s possibl e 
t o thos e i n th e origina l  spac e (Kruskal ,  1964) . 

For  smal l  number s o f  points ,  M D S work s quit e well .  Th e 
averag e phonem e dat a o f  Figur e l a resulte d i n th e tw o 
dimensiona l  M D S plo t  show n i n Figur e 2 .  Th e correlatio n 
wit h th e origina l  dat a i s 0.8 2 compare d wit h 0.5 0 fo r  a  I D 
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plot ,  0.8 8 fo r  a  3 D plo t  an d 0.5 6 fo r  th e first  tw o principa l 
components .  W e ca n se e mor e clearl y h o w th e point s ar e 
clustere d an d understan d anomalie s i n th e H C A ,  e.g .  wh y 
th e 'k-k '  poin t  wa s groupe d wit h th e silen t  letters .  W e ca n 
als o ge t  goo d plot s fo r  th e individua l  words ,  wit h th e 
exceptio n word s an d sub-rule s appearin g a t  th e edge s o f 
cluster s a s clos e a s possibl e t o th e cluster s o f  thei r  regula r 
counterparts .  However ,  fo r  large r  number s o f  point s th e 
correlation s becom e weake r  an d ofte n word s tha t  w e kno w 
from  cluste r  analysi s shoul d b e clos e togethe r  d o no t  appea r 
togethe r  o n th e M D S plots .  I n thes e case s i t  i s  clearl y 
dangerou s t o mak e detaile d prediction s fro m M D S plots , 
sinc e i t  i s  difficul t  t o k n o w whic h los t  informatio n i s 
responsibl e fo r  th e breakdow n i n correlation .  Wha t  w e 
reall y nee d i s a  procedur e fo r  plottin g tru e distances . 

Canonical Discriminant Analysis 

Clearly, we cannot represent the whole of our network's 
interna l  representatio n i n tw o dimensions .  Wha t  shoul d b e 
feasibl e an d mor e useful ,  however ,  i s  t o plo t  a  smal l  subse t 
of  th e representation ,  fo r  exampl e th e distinctio n betwee n 
th e lon g an d shor t  'i '  sound s (/I /  an d /i/) .  Thi s approach ,  i n 
th e for m o f  Canonica l  Discriminan t  Analysi s ( C D A ) ,  wa s 
successfull y applie d b y Wile s &  Ollil a (1992 )  t o stud y 
combinatoria l  structur e i n hidde n uni t  space .  I f  w e kno w 
whic h o f  g  group s eac h poin t  i n hidde n uni t  spac e belong s 
t o (i.e .  whic h outpu t  phonem e i t  correspond s to )  w e ca n 
partitio n th e tota l  covarianc e matri x S  =  B  +  W int o th e 
betwee n group s covarianc e B  an d th e withi n group s 
covarianc e W .  Then ,  b y solvin g th e eigenvalu e proble m fo r 
S B ,  w e obtai n a  matri x M whic h project s ou r  spac e ont o a 
ran k B  <  g  -  1  dimensiona l  subspac e tha t  maximise s th e 
rati o IB I  /  ISI ,  i.e .  cluster s th e point s int o group s wit h th e 
max imu m betwee n grou p separation s an d min imu m withi n 
group s dispersion . 

Sinc e w e kno w ou r  networ k perform s a  simila r  clusterin g 
(Gallinar i  e t  al. ,  1991) ,  i t  i s  temptin g t o assum e tha t  thi s 
procedur e wil l  giv e a  goo d representatio n o f  wha t  i s 
happenin g i n hidde n uni t  space .  Conside r  ou r  /I /  versu s /i / 
cas e again .  W e ca n separat e th e word s int o tw o group s an d 
use C D A t o obtai n a  projectio n vecto r  i n hidde n uni t  spac e 
tha t  bes t  discriminate s betwee n th e lon g an d shor t  sounds . 
The qualit y o f  th e discriminatio n depend s o n th e numbe r  o f 
dat a point s w e use .  I f  w e hav e man y les s point s tha n th e 
number  o f  hidde n units ,  the n th e discriminatio n i s 
essentiall y  perfec t  (B/ S =  1.000 0 fo r  16 0 points) .  I n fact , 
we ge t  equall y goo d discriminatio n eve n i f  w e assig n th e 
point s t o group s a t  rando m (B/ S =  l.OCXX)) .  I t  i s  clea r  tha t 
we ar e no t  gettin g a  goo d pictur e o f  th e tru e interna l 
representation .  I f  w e us e al l  th e point s i n th e trainin g dat a 
(23 9 /I/' s  an d 27 2 fi/'s )  w e d o bette r  :  B/ S =  0.9 8 fo r  th e tru e 
group s an d B/ S =  0.6 1 fo r  rando m group s (and ,  a s w e 
shoul d expect ,  fo r  rando m group s w e fai l  t o ge t  goo d 
cluster s a t  al l  an d hav e man y overlaps) .  However ,  testin g 
th e projectio n o n ne w non-word s fail s t o classif y the m 
properl y (eve n whe n th e networ k itsel f  does) .  T o defin e th e 
projectio n mor e accuratel y w e clearl y nee d mor e dat a 
points ,  particularl y fo r  th e borderlin e regio n betwee n th e 
tw o groups .  T o thi s en d w e generate d a  se t  o f  1476 6 word s 

and non-word s o f  th e for m 'C i  V  C 2 '  an d C i  V  C 2 e ' 
wher e C  i  wa s on e o f  a  se t  o f  5 8 initia l  consonan t  clusters ,  V 
was on e o f  th e se t  {i ,  ia ,  ie ,  y )  an d C 2 wa s on e o f  a  se t  o f  5 8 
fina l  consonan t  clusters .  Th e C D A gav e u s a  projectio n 
wit h B/S  =  0.83 ,  bu t  ther e wa s a  larg e overl y betwee n th e 
tw o groups :  max i  =  -0.15 ,  min i  =  -0.38 ,  max i  =  -0.23 ,  min i 
= -0.4 6 wit h 245 4 /I /  word s greate r  tha n min i  an d 382 8 /i / 
word s les s tha n maxj . 

I t  i s  clea r  tha t  ou r  C D A i s no t  givin g u s a  goo d 
representatio n o f  th e tru e interna l  representation .  W h e n th e 
networ k learns ,  i t  certainl y maximize s th e betwee n grou p 
distance s min i  -  maxj ,  bu t  i t  ha s n o nee d t o minimiz e th e 
withi n grou p dispersions .  A  simpl e iterativ e gradien t 
descen t  procedur e wa s employe d t o adjus t  th e projectio n 
vecto r  s o tha t  i t  correctl y classifie d al l  1476 6 dat a point s -
thi s gav e B/ S =  0.73 .  Unfortunatel y thi s wa s stil l  no t  goo d 
enough .  Fo r  a  goo d representation ,  w e woul d expec t  th e 
borderlin e case s i n th e projection s t o correspon d t o 
borderlin e outpu t  phoneme s -  i n fact ,  th e correlatio n wa s 
ver y poor .  Moreover ,  th e sam e iterativ e procedur e eve n 
managed t o find a  projectio n vecto r  tha t  coul d classif y th e 
set  o f  trainin g dat a point s int o ou r  assigne d rando m group s 
(B/ S =  0.49) . 

Output Weight Projections 

Actually,  for our simple one hidden layer architecture, it is 
eas y t o mak e th e projection s correlat e wit h th e outputs :  W e 
jus t  us e th e projection s th e networ k itsel f  ha s learn t  -
namel y th e outpu t  weights .  I f  w e projec t  th e hidde n uni t 
activation s usin g th e outpu t  weight s Wo(h,p )  an d redefin e 
th e zer o point s usin g th e outpu t  threshold s 0o(p) ,  ou r 
projectio n i s the n simpl y th e outpu t  befor e passin g throug h 
th e sigmoid .  W e ar e guarantee d correlation .  W e thu s hav e 
a suitabl e projectio n vecto r  fo r  eac h phonem e an d thes e 3 8 
vector s tur n ou t  t o b e nearl y orthogona l  (mea n angl e 84° , 
s.d .  5°) .  Thes e ca n b e viewe d i n pair s t o examin e th e 
relation-ship s betwee n th e clusters ,  o r  th e abov e technique s 
may b e use d t o stud y an y interestin g sub-space s o f  thi s 3 8 
dimensiona l  spac e (e.g .  th e fou r  dimensiona l  /i/ ,  /I/ ,  /e/ ,  /E / 
subspac e m a y b e studie d t o investigat e th e variou s 
pronunciation s o f  'ie') .  Figur e 3  show s th e resultan t 
discriminatio n fo r  ou r  /I /  an d /i /  phonemes .  Projectio n o n t o 
th e /i /  -  /I /  diagona l  give s u s B/ S =  0.72 .  O n thi s graph , 
point s correspondin g t o othe r  phoneme s woul d appea r  i n th e 
botto m lef t  quadrant .  Eac h poin t  ha s a  positiv e projectio n 
ont o th e lin e i n hidde n uni t  spac e correspondin g t o tha t 
phoneme an d a  negativ e projectio n ont o th e line s 
correspondin g t o al l  th e othe r  phonemes .  Plottin g 
trajectorie s o n suc h graph s m a y hel p u s understan d bot h 
developmenta l  effect s (e.g .  developmenta l  dyslexia )  an d 
ho w th e networ k perform s afte r  damage . 

Learning Trajectories 

With small random initial weights, all points start near 
A(p )  =  V 2 5 ^  h  Wo(h,p )  -  9o(p )  an d ste p toward s th e 
appropriat e quadrant .  Ther e ar e severa l  effect s tha t 
determin e th e fina l  positio n o f  eac h wor d presentation . 
First ,  a s i s clea r  fro m ou r  H C A an d M D S plots ,  simila r 
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Figure 3: The 2D hidden unit sub-space corresponding to the /i/ and /I/ phonemes. 

word s wil l  ten d t o follo w simila r  trajectorie s an d en d u p i n 
simila r  regions  o f  hidde n uni t  space .  Hig h frequenc y word s 
of  al l  type s wil l  ten d t o hav e ha d tim e t o ge t  wel l  int o th e 
right  quadrant .  Th e position s fo r  th e lowe r  frequenc y word s 
wil l  b e mor e variable .  Word s containin g n o ambiguit y wil l 
head directl y t o th e correc t  quadrants .  Ambiguou s 
phonemes i n exceptio n word s an d closel y relate d regula r 
word s (ofte n referre d t o a s regula r  inconsisten t  words) ,  wil l 
be pulle d toward s tw o (o r  more )  differen t  quadrant s wit h 
strength s proportiona l  t o thei r  relativ e frequencies . 
Althoug h th e networ k eventuall y learn s t o us e th e contex t 
informatio n t o resolv e thes e ambiguities ,  thes e point s wil l 
stil l  b e th e las t  t o cros s int o th e right  segment s an d b e th e 
ones lef t  closes t  t o th e axes .  Strang e word s (e.g .  'sieve') , 
tha t  hav e ver y rar e spellin g patterns ,  ma y als o b e lef t  nea r 
th e axe s dependin g o n thei r  wor d fipequency. 

I t  ha s bee n argue d tha t  ther e shoul d b e a  correlatio n 
betwee n networ k outpu t  erro r  score s an d namin g latencie s 
i n human s (Seidenber g &  McClelland ,  1989) .  Thus ,  sinc e 
th e closenes s o f  eac h poin t  t o th e axe s i s a  measur e o f  th e 
outpu t  erro r  scor e w e ca n rea d of f  fro m ou r  graph s th e 

model' s prediction s fo r  namin g latenc y experiments :  Hig h 

frequenc y word s wil l  no t  sho w a  typ e effect ,  lo w frequenc y 
exceptio n word s wil l  b e slowe r  tha n regula r  inconsisten t 
word s whic h wil l  b e slowe r  tha n consisten t  regula r  word s 
and sfrang e word s wil l  als o hav e a n increase d latenc y effec t 
Thes e prediction s tur n ou t  t o b e fairl y  accurate ,  (fo r  a 
detaile d discussio n se e Bullinaria ,  1994) . 

Damage Trajectories 

The main reason for wanting to investigate the internal 
representation s wa s t o gai n insigh t  int o ho w variou s form s 
of  acquire d dyslexi a ma y occu r  i n th e model .  Connectionis t 
model s tha t  ca n dea l  wit h regula r  an d exceptio n word s i n a 
singl e syste m hav e cas t  doub t  o n th e traditiona l  dua l  rout e 
model s o f  readin g wit h thei r  separat e phonemi c an d 
semanti c routes .  However ,  a  minimu m requiremen t  fo r 
the m t o replac e th e dua l  rout e mode l  completel y  i s fo r  the m 
t o b e abl e t o exhibi t  bot h surfac e dyslexi a (los t  exceptions ) 
and phonologica l  dyslexi a (los t  non-words )  whe n damage d 
appropriatel y (e.g .  Colthear t  e t  al. ,  1992) .  W e wil l  conside r 
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si x form s o f  damag e an d examin e th e kind s o f  outpu t  error s 
the y produc e (se e BuUinaria ,  1994 ,  fo r  mor e details) .  I n 
eac h cas e th e degre e o f  damag e i s increase d fro m zer o t o a 
leve l  wher e th e networ k fail s  t o produc e an y correc t  output s 
at  all .  Patient s wit h varyin g degree s o f  dyslexi a wil l 
correspon d t o particula r  intermediat e stages . 

/ .  Weigh t  Seating .  Th e simples t  for m o f  damag e w e ca n 
inflic t  i s  t o scal e al l  th e weight s an d threshold s b y a  constan t 
scal e facto r  0  <  a  <  1 .  Th e effec t  o f  decreasin g a  i s t o 
flatte n al l  th e sigmoid s and ,  sinc e th e winnin g outpu t 
phoneme i s independen t  o f  th e flatnes s o f  th e outpu t 
sigmoids ,  al l  th e effec t  ca n b e see n a t  th e hidde n units .  A s 
th e hidde n uni t  sigmoid s ar e flattened ,  al l  th e hidde n uni t 
activation s ten d t o 0. 5 an d al l  th e projection s hea d bac k t o 
th e A(p )  define d above .  I t  turn s ou t  tha t  al l  th e A(p )  ar e 
larg e an d negativ e (mea n -50.3 ,  s.d .  10.2 )  s o al l  th e point s 
drif t  mor e o r  les s paralle l  t o th e botto m lef t  diagonal .  Th e 
flo w i s fairl y  laminar ,  s o th e firs t  point s t o cros s th e 
phoneme border s ten d t o b e thos e tha t  starte d of f  neares t  t o 
th e borders .  Thu s th e error s ar e predominantl y o n lo w 
frequenc y exception s rathe r  tha n regula r  word s an d th e 
error s fo r  smal l  amount s o f  damag e ten d t o b e 
regularisations .  Thi s i s precisel y th e patter n o f  error s 
commonl y foun d i n surfac e dyslexics . 

2.  Weigh t  Reduction .  Reducin g eac h weigh t  b y constan t 
amount s als o cause s eac h poin t  t o hea d fo r  A(p) .  Th e flo w 
i s les s lamina r  tha n wit h scaling ,  an d th e outpu t  laye r  als o 
get s affected ,  bu t  ther e i s stil l  a  stron g tendenc y fo r  th e 
borderlin e case s t o cros s ove r  first.  Agai n w e ge t  symptom s 
simila r  t o surfac e dyslexia . 

3.  Addin g Noise .  W e ca n conside r  addin g Gaussia n 
nois e t o al l  th e weights .  I n th e extrem e limi t  al l  th e weight s 
become random ,  th e hidde n uni t  activation s ten d t o 0. 5 an d 
agai n eac h poin t  tend s toward s A(p) .  Th e rando m wal k w e 
produc e b y addin g mor e an d mor e nois e i s no t  lamina r  bu t 
on averag e mor e borderlin e point s hav e crosse d ove r  tha n 
others ,  s o agai n w e mode l  surfac e dyslexia . 

4.  Removin g Connections .  A s connection s ar e remove d 
at  random ,  th e hidde n uni t  activation s wil l  ten d toward s th e 
sigmoid s o f  th e thresholds .  I n thes e network s w e find  th e 
hidde n uni t  threshold s ar e predominantl y negativ e (mea n 
-1.3 ,  s.d .  0.7 )  s o mos t  o f  th e activation s en d u p i n th e rang e 
-0.1 2 t o -0.38 .  Th e point s i n hidde n uni t  spac e thu s en d u p 
scattere d aroun d -A(p)/2 .  Agai n th e flow  i s int o th e botto m 
lef t  quadran t  an d agai n th e rando m wal k wil l  lea d t o surfac e 
dyslexi c effects . 

5,  Removin g Hidde n Units .  A s th e hidde n unit s ar e 
removed ,  th e projection s ten d toward s th e outpu t  threshold s 
(mea n 0.9 ,  s.d .  1.4) .  Fo r  larg e number s o f  hidde n unit s w e 
can expec t  a  reasonabl y ordere d drif t  wit h th e borderlin e 
case s crossin g first,  otherwis e w e ge t  a  rando m wal k wit h 
simila r  effects .  W e thu s hav e mor e surfac e dyslexia . 

6.  Weigh t  Clipping .  T o sho w tha t  damag e ca n occu r 
withou t  resultin g i n surfac e dyslexi a w e conside r  weigh t 
clipping ,  i.e .  imposin g a  m a x i m u m valu e tha t  th e weight s 
may take .  Th e effec t  o f  clippin g depend s cruciall y o n th e 
inpu t  unit s activate d an d varie s radicall y betwee n differen t 
word s an d phonemes .  Th e flow  i n hidde n uni t  space , 
althoug h agai n toward s A(p) ,  i s extremel y non-unifor m an d 
word s tha t  begi n neares t  th e borderline s ar e no t  necessaril y 

th e one s tha t  cros s first .  Consequentl y w e ge t  n o rule / 
exceptio n effect . 

Discussion 

We have seen that using output weight projections is the 
best  wa y t o vie w th e interna l  representation s o f  ou r  readin g 
model  an d tha t  severa l  othe r  traditiona l  technique s (suc h a s 
H C A,  P C A ,  M D S an d C D A )  canno t  b e reliabl y used . 
Simila r  conclusion s ca n b e expecte d eve n i f  w e replac e th e 
movin g windo w syste m b y a  mor e psychologicall y plausibl e 
syste m o f  recurren t  connection s (e.g .  Jordan ,  1986) .  W e 
can se e ho w th e developmenta l  an d namin g latenc y effect s 
arise .  W e ca n als o understan d h o w fiv e differen t  kind s o f 
damage al l  lea d t o symptom s simila r  t o surfac e dyslexia . 
Moreover ,  i t  i s reasonabl e t o expec t  that ,  a s w e increas e th e 
number  o f  hidde n units ,  th e differen t  kind s wil l  bette r 
approximat e t o th e cleanes t  exampl e o f  weigh t  scaling . 
However ,  ther e appear s t o b e n o wa y fo r  th e mode l  t o 
exhibi t  acquire d phonologica l  dyslexi a -  s o th e dua l  rout e 
model  i s no t  dea d yet ! 
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