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Abstrac t 

DISLEX models the human lexical system at the level of 
physica l  structures ,  i.e .  map s an d pathways .  I t  consist s o f 
a semanti c memor y an d a  numbe r  o f  modality-specifi c  sym -
bol  memories ,  implemente d a s featur e maps .  Distribute d 
representation s fo r  th e wor d symbol s an d thei r  meaning s 
ar e store d o n th e maps ,  an d linke d wit h associativ e connec -
tions .  Th e memor y organizatio n an d th e association s ar e 
forme d i n a n unsupervise d process ,  base d o n co-occurrenc e 
of  th e physica l  symbo l  an d it s meaning .  D I S L E X model s 
processin g o f  ambiguou s words ,  i.e .  h o m o n y m s an d syn -
onyms,  an d dyslexi c error s i n inpu t  an d i n production . 
Lesionin g th e syste m produce s lexica l  deficit s simila r  t o 
human aphasia .  DISLEX- 1 i s a n A I  implementatio n o f 
th e model ,  whic h ca n b e use d a s th e lexico n modul e i n 
distribute d natura l  languag e processin g systems . 

1 Introduction 

The lexicon in symbolic NLP systems is a list of word 
symbol s an d phrasa l  patterns ,  wit h pointer s t o conceptua l 
memory.  Th e m e m o r y contain s syntacti c an d semanti c 
knowledg e abou t  th e lexico n entr y i n th e for m o f  decla -
rations ,  o r  procedure s whic h specif y ho w th e wor d shoul d 
be interprete d i n differen t  environment s [29 ;  1 ;  6] .  Thi s 
knowledg e ha s bee n explicitl y  programme d int o th e sys -
te m wit h specifi c  example s i n mind .  Th e symboli c lexi -
cons ar e intende d t o mode l  th e processe s o f  lexica l  access , 
not  th e physica l  structure s tha t  implemen t  th e processes . 
Consequently ,  thes e model s la<; k th e capacit y t o accoun t 
fo r  lexica l  error s i n huma n performance ,  a s wel l  a s lexica l 
deficit s i n acquire d aphasia . 

A numbe r  o f  connectionis t  model s o f  lexica l  disambigua -
tio n hav e bee n proposed  [5 ;  25 ;  7 ;  12 ;  8] .  Thes e model s 
ai m a t  explainin g lexica l  processin g wit h low-leve l  mechai -
nisms ,  an d ca n bette r  accoun t  fo r  th e timin g o f  th e pro -
cess ,  a s wel l  a s fo r  certai n type s o f  performanc e error s an d 
deficits .  However ,  the y ar e stil l  primaril y proces s mod -
els ,  detache d fro m th e physica l  structures .  The y ar e de -
signe d a s controlle d demonstrations ,  no t  a s buildin g block s 
i n large r  N L P systems . 

'Thi s researc h wa s supporte d i n par t  b y a n IT A Foundatio n 
gran t  an d b y fellowship s fro m th e Academ y o f  Finland ,  th e Emi l 
Aaltone n Foundation ,  th e Foundatio n fo r  th e Advancemen t  o f 
Technolog y an d th e Alfre d Kordeli n Foundatio n (Finland) . 

Th e mai n goa l  o f  th e D I S L E X projec t  (Distribute d fea -
tur e m a p LEXicon )  i s t o develo p a  computationa l  mode l 
of  th e h u m a n lexica l  system ,  whic h i s plausibl e a t  th e leve l 
of  physica l  structure s suc h a s map s an d pathways .  Th e 
model  i s base d o n curren t  cognitiv e neuroscienc e theorie s 
an d account s fo r  severa l  documente d lexica l  deficit s i n ac -
quire d aphasi a an d dyslexia .  A  secondar y goa l  i s t o buil d 
a practica l  implementatio n o f  th e mode l  fo r  a  distribute d 
stor y understandin g syste m [19] . 

I n term s o f  th e symboli c lexico n models ,  D I S L E X con -
tain s bot h th e symbo l  m e m o r y an d th e conceptua l  m e m-
ory ,  an d implement s a  mappin g betwee n them .  However , 
D I S L E X i s  base d o n distribute d representation s o f  th e 
wor d symbol s an d th e wor d semantics .  Th e lexica l  syste m 
i s see n mor e lik e a  filter,  whic h transform s a n inpu t  wor d 
symbol  int o it s  semanti c representation ,  an d vic e versa . 
Th e memor y organizatio n an d th e mappin g ar e forme d i n 
an unsupervise d self-organizin g process ,  base d o n example s 
of  co-occurrenc e o f  th e wor d an d it s meaning .  A s a  mode l 
of  th e lexica l  system ,  D I S L E X i s i n goo d agreemen t  wit h 
Caramazza' s theor y [3] .  Th e architectur e offer s a  simpl e 
explanatio n t o severa l  type s o f  lexica l  error s an d deficits . 

2 Overview of DISLEX 

DISLEX has separate symbol memories for eax;h input and 
outpu t  modalit y (figur e 1) .  Thes e memorie s stor e dis -
tribute d representation s fo r  th e physica l  wor d symbols , 
whic h ar e use d i n communicatio n wit h th e externa l  world . 
For  example ,  a n orthographi c wor d representatio n fo r  DOG 
consist s o f  th e visua l  for m o f  th e letter s D ,  0 ,  G,  whil e 
th e phonologica l  representatio n stand s fo r  th e strin g o f 
phonemes do :  g .  Th e separatio n o f  modality-specifi c  chan -
nel s i s intuitivel y compelling ,  sinc e th e modalitie s giv e ris e 
t o differen t  representations ,  an d ar e processe d throug h dif -
feren t  structure s [3] .  Th e symbo l  sp£w;e s ar e no t  identica l 
acros s modalities ,  ther e ar e homophone s an d homographs . 
Considerabl e experimenta l  evidenc e als o support s dissoci -
atio n o f  th e lexica l  component s [3 ]  (sectio n 8) . 

Th e semanti c memor y o f  D I S L E X consist s o f  distribute d 
representation s o f  meanings ,  calle d semanti c words .  Th e 
semanti c wor d do g (o r  e.g .  dog32 )  refer s t o a  specifi c  ani -
mal  an d contain s informatio n suc h a s domestic ,  m a m m a l , 
brow n colo r  etc .  Ther e i s a  pathwa y fro m th e semanti c 
memory t o th e highe r  leve l  languag e processin g systems , 
whic h us e semanti c representations .  Th e semanti c memor y 

447 

mailto:risto@cs.ucla.edu


^  XonhooxtPhi c 

Sensor y 
mamory 

Orthographi c 
(pu t  m»mot V (Maanlnos ) 

$«manti c 
ftmpry 

(War d aymtiQis ) 
h-leve l 

processe s 

^ M Phonologica l 
Inpu t  mamor y 

Asm 
Phonotoflicfl ) 

Outpu t  mamor y 

Figur e 1 :  T h e D I S L E X architecture .  T h e physica l  sym -
bol  memorie s ar e modalit y an d directio n specific .  T h e arrow s 
indicat e pathway s o f  distribute d representations . 
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Figur e 2 :  Physica l  a n d semant i c featur e m a p s .  T h e phys -
ica l  inpu t  wor d DOG i s transforme d int o th e semanti c represen -
tatio n o f  dog .  T h e representation s ar e vector s o f  rea l  value s 
betwee n 0  an d 1 ,  show n b y gray-scal e coding .  Th e siz e o f  th e 
uni t  indicate s th e strengt h o f  it s response .  Onl y a  fe w stronges t 
associativ e connection s ar e shown . 

i s als o connecte d t o th e sensor y m e m o r y ,  whic h contain s 
visua l  image s o f  object s an d othe r  sensor y information . 
Thi s p a t h w a y allow s nonlinguisti c acces s t o th e semanti c 
m e m o r y ,  a n d provide s th e m e a n s fo r  s y m b o l  grounding . 
T h e semanti c wo r d representatio n contain s sensor y infor -
mat io n abou t  th e wo r d referent ,  an d th e abstrac t  wor d 
m e a n i n g originatin g f ro m th e high-leve l  processe s (I D an d 
content ,  se e [22]) . 

T h e physica l  an d semanti c m e m o r i e s ar e implemente d 
as featur e m a p s (figur e 2 ) .  Ther e i s on e m a p fo r  eac h 
inpu t  a n d outpu t  modal i t y an d on e fo r  th e semanti c m e m -
ory .  T h e m a p s la y ou t  eac h high-dimensiona l  representa -
tio n spac e o n a  2- D are a s o tha t  th e similaritie s betwee n 
word s b e c o m e visible .  Physica l  word s wit h simila r  form , 
e.g .  B A L L ,  D O L L ar e represente d b y nearb y unit s i n a  phys -
ica l  m a p .  I n th e semanti c m a p ,  semanti c word s wit h sim -
ila r  content ,  e.g .  l i v e b a t ,  p re y ar e m a p p e d nea r  eac h 
other . 

T h e physica l  m a p s ar e densel y connecte d t o th e seman -
ti c m a p wit h associativ e connections .  A  localize d iictivit y 
patter n representin g a  s y m b o l  i n th e physica l  inpu t  m a p 
wil l  caus e a  localize d aictivit y patter n t o for m i n th e se -
mant i c m a p ,  representin g th e m e a n i n g o f  th e symbo l  (fig -
ur e 2 ) .  Similarly ,  a n eictiv e m e a n i n g zictivate s a  symbo l  i n 
th e physica l  outpu t  m a p .  T h e lexico n thu s transform s a 
physica l  inpu t  representatio n int o a  semanti c outpu t  repx -
resentation ,  an d vic e versa ,  an d serve s a s a n input/outpu t 
filter  fo r  languag e processing .  T h e physica l  an d semanti c 
m a ps ar e organize d an d th e associativ e connection s be -
twee n t h e m ar e forme d simultaneousl y i n a n unsupervise d 
learnin g process . 

3 The DISLEX-1 simulation 

DISLEX-1 is an AI implementation of DISLEX, designed 
as th e lexico n modul e fo r  a  distribute d neura l  networ k 
stor y understandin g syste m [19] .  DISLEX- 1 contain s a  sin -
gl e physica l  modality ,  an d th e sam e representatio n spac e 
i s use d fo r  bot h inpu t  an d output .  Figur e 2  display s th e 
basi c architectur e o f  DISLEX-1 .  Associativ e connection s 

exis t  i n bot h direction s (th e connection s fro m semanti c t o 
physica l  m a p ar e omitte d fro m th e figure),  an d th e trans -
formatio n depicte d i n th e figure  ca n b e reversed .  Thi s i s a 
practica l  desig n fo r  a n A I  module ,  an d illustrate s th e basi c 
principle s an d propertie s o f  th e model . 

DISLEX- 1 wa s traine d wit h dat a fro m a  sentenc e pro -
cessin g experimen t  [17 ;  21 ]  (figur e 3) .  I n th e remainde r  o f 
th e paper ,  th e mechanism s an d propertie s o f  D I S L E X ar e 
discussed ,  usin g th e DISLEX- 1 simulatio n a s a n example . 

4 Representations 

4.1 Physical representations 

A central assumption in DISLEX is that the represen-
tation s i n ecic h physica l  modalit y reflec t  th e similaritie s 
withi n tha t  modality .  Fo r  example ,  th e orthographi c rep -
resentation s fo r  DOG an d DOC ar e ver y similar ,  bu t  les s s o 
i n th e phonologica l  domain . 

The DISLEX- 1 architectur e concentrate s o n th e ortho -
graphi c modality .  A  simpl e encodin g schem e wa s use d t o 
buil d th e distribute d representation s fo r  th e writte n words . 
Each characte r  wa s give n a  valu e betwee n 0  an d 1  accord -
in g t o it s darkness ,  i.e .  ho w man y pixel s ar e blac k i n it s 
bitma p representation .  Th e darknes s value s o f  th e word' s 
charcicter s wer e the n concatenate d int o on e representatio n 
vecto r  (figur e 3) .  Thi s simpl e representatio n adequatel y re -
flects  th e visua l  similaritie s o f  th e orthographi c wor d sym -
bols . 

4.2 Semantic representations 

The semantic representation is a distributed representa-
tio n o f  th e meanin g o f  th e word .  Semanti c representation s 
ar e use d internall y fo r  processin g i n cognitiv e models ,  an d 
the y shoul d facilitat e inferencing ,  expectations ,  generaliza -
tion s etc .  [15 ;  22] .  A  possibl e solutio n i s t o compos e th e 
representatio n fro m a n I D part ,  representin g th e sensor y 
referen t  o f  th e word ,  an d a  conten t  part ,  whic h encode s 
th e processin g propertie s o f  th e wor d i n relatio n t o othe r 
word s [22 ] 
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Tabl e 1 :  S e m a n t i c categories .  Eac h slo t  i n th e sentenc e 
template s specifie s a  category ,  an d ca n b e filled  wit h an y seman -
ti c wor d i n tha t  category .  I n othe r  words ,  th e categorizatio n 
determine s ho w th e word s ar e use d i n th e sentences . 

3- D inpu t  vecto r 
B 

3- D inpu t  weigh t  vecto r 
Imag e o f  th e inpu t  vecto r 
(maximall y respondin g unit ) 

2- D neighborhoo d 

Figur e 4 :  A  self-organizin g featur e m a p ne two rk .  A 
mappin g i s  forme d fro m a  3-dimensiona l  inpu t  spac e ont o a 
2-dimensiona l  network .  T h e value s o f  th e inpu t  components , 
weight s an d th e uni t  outpu t  ar e show n b y gray-scal e coding . 

W i t h th e F G R E P - m e c h a n i s m [21 ]  i t  i s  possibl e t o ex -
trjic t  th e processin g conten t  o f  th e wor d f ro m example s o f 
it s use ,  an d cod e i t  int o a  distribute d representation .  A n 
F G R E P - m o d u l e i s a  three-laye r  backpropagatio n networ k 
whic h automaticall y develope s distribute d representation s 
fo r  it s  inpu t  item s a s i t  i s  learnin g a  processin g task . 

For  simplicity ,  a n d withou t  restrictin g th e generalit y o f 
th e mode l ,  th e sensor y par t  w a s omitte d f ro m th e train -
in g dat a fo r  D I S L E X - 1 .  T h e semanti c representation s fo r 
D I S L E X - 1 wer e forme d wit h F G R E P i n th e sentenc e case -
rol e assignmen t  task .  T h e inpu t  t o th e F G R E P networ k 
consiste d o f  th e syntacti c constituent s o f  th e sentenc e an d 
th e networ k w a s traine d t o assig n th e correc t  semanti c cas e 
role s t o them .  T h e sentence s wer e generate d f ro m tem -
plates ,  b y fillin g eac h slo t  i n th e templat e wit h a  wor d 
fro m a  specifie d categor y (tabl e 1) .  T h e actua l  sentence s 
an d th e specific s o f  th e tas k ar e no t  importan t  fo r  thi s dis -
cussio n (se e [21]) .  However ,  th e mean ing s e m b e d d e d i n th e 
semanti c representation s originat e f ro m th e categorizatio n 
i n tabl e 1 . 

T h e representation s tha t  resul t  f ro m th e F G R E P proces s 
reflec t  th e us e o f  th e semanti c word s (figur e 3 ) .  W o r d s 
belongin g t o th e s a m e categor y hav e a  n u m b e r  o f  use s i n 
c o m m o n,  an d thei r  representation s b e c o m e similar .  T h e 
tota l  usag e i s  differen t  fo r  eax h word ,  an d consequently , 
the y stan d fo r  uniqu e meanings . 

5 W o r d m a p s 

5.1 Topologicfd feature maps 

A 2-D topological feature map [13] implements a topology-
preservin g mappin g fro m a  high-dimensiona l  inpu t  spac e 
ont o a  2- D outpu t  space .  Th e m a p consist s o f  a n arra y o f 
processin g units ,  eac h wit h N  weigh t  parameter s (figur e 4) . 
Th e m a p take s a n N-dimensiona l  vecto r  a s it s input ,  an d 
produce s a  localize d patter n o f  activit y a s it s output .  I n 
othe r  words ,  a n inpu t  vecto r  i s mappe d ont o a  locatio n o n 
th e map . 

Each processing unit receives the same input vector, and 
produce s on e outpu t  value .  Th e respons e i s  proportiona l 
t o th e similarit y o f  th e inpu t  vecto r  an d th e unit' s  weigh t 
vector .  Th e uni t  wit h th e larges t  outpu t  valu e constitute s 
th e imag e o f  th e inpu t  vecto r  o n th e map .  Th e weigh t 
vector s ar e ordere d i n suc h a  wa y tha t  th e outpu t  activit y 
smoothl y decrease s wit h th e distanc e fro m th e imag e unit , 
formin g a  localize d response . 

Th e orderin g o f  th e weigh t  vector s retain s th e topolog y 
of  th e inpu t  space .  Thi s mean s roughl y tha t  nearb y vector s 
i n th e inpu t  spac e ar e mappe d ont o nearb y unit s i n th e 
map.  Thi s i s a  ver y usefu l  property ,  sinc e th e comple x 
similarit y relationship s o f  th e high-dimensiona l  inpu t  spac e 
become visibl e o n th e map . 
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Figur e 6 :  T h e semant i c m a p .  T h e label s o n thi s 7 x 7 m a p 
indicat e th e maximall y respondin g uni t  fo r  eac h semanti c wor d 
representation .  T h e m a p i s organize d accordin g t o th e semanti c 
categorie s (tabl e 1) . 

5. 2 Se l f -o rgan iza t io n 

The orgfinization of the map, i.e. the assignment of the 
weigh t  vectors ,  i s  fo rme d i n a n unsupervise d learnin g pro -
ces s [13] .  Inpu t  i tem s ar e r a n d o m l y d r a w n f ro m th e inpu t 
distributio n a n d presente d t o th e networ k on e a t  a  t im e 
(figur e 4 ) .  T h e weigh t  vecto r  o f  th e i m a g e uni t  a n d eac h 
uni t  i n it s  ne ighborhoo d ar e change d toward s th e inpu t 
vector ,  s o tha t  thes e unit s wil l  produc e a n eve n stronge r 
respons e t o th e s a m e inpu t  i n th e future .  T h e parallelis m 
o f  neighborin g vector s i s  increase d a t  eac h presentation ,  a 
proces s whic h result s i n a  globa l  order . 

T h e proces s start s wit h ver y larg e neighborhoods ,  i.e . 
weigh t  vector s ar e change d i n larg e areas .  Th i s result s i n 
a gros s orderin g o f  th e m a p .  T h e siz e o f  th e neighborhoo d 
decrease s wit h t ime ,  allowin g th e m a p t o m a k e finer  an d 
finer  distinction s betwee n items . 

Ther e ar e severa l  alternative s fo r  implement in g th e sim -
ilarit y metric ,  ne ighborhoo d selection ,  a n d weigh t  change . 
A biologicall y plausibl e proces s woul d b e base d o n scala r 
product s o f  th e weigh t  a n d inpu t  vectors ,  latera l  inhibitio n 
a n d redistributio n o f  synapti c resource s [14 ;  20] .  Thes e 
m e c h a n i s m s ca n b e abstracte d an d replace d wit h c o m p u -
tationall y m o r e efficien t  one s withou t  obscurin g th e proces s 
itself .  T h e similarit y i n D I S L E X - 1 i s  measure d b y Euclid -
ia n distance ,  th e neighborhoo d consist s o f  th e are a aroun d 
th e max ima l l y respondin g unit ,  a n d th e weigh t  change s ar e 
proportiona l  t o th e Euclidia n diff"erence .  M o r e specifically , 
th e outpu t  Tji j  o f  uni t  (i ,  j )  i s 

Vi j 
- { I : 

0-
0 

llr-<i . 
|r-Pm.i | 

otherwis e 
(1 ) 

wher e m j  i s th e unit' s  weigh t  vector ,  x  i s th e inpu t  vector , 
Nc{t )  i s th e ne ighborhoo d aroun d th e max ima l l y respond -
in g uni t  (shrinkin g wit h t ime) ,  a n d U m a x i s th e weigh t 
vecto r  leas t  simila r  t o x  i n th e neighborhood .  Thi s form s 
a nic e concentrate d activit y patter n aroun d th e max imal l y 
respondin g unit .  W i t h a(( )  a s th e gain ,  th e weigh t  c o m p o -
nent s ar e change d accordin g t o th e inpu t  vecto r  -  weigh t 

vecto r  difierence : 

a{t)[x k -  fiij,k ] 
0. 0 

if(t,j)€iVc( 0 
otherwis e (2 ) 

5. 3 Physica l  a n d semant i c m a p s 

Th e physica l  an d semanti c m a p s ar e organize d indepen -
dently ,  albei t  simultaneously ,  s o tha t  associativ e connec -
tion s betwee n the m ca n b e develope d a t  th e sam e tim e 
(se e nex t  section) .  Th e ordere d map s i n DISLEX- 1 (fig -
ure s 5  an d 6 )  wer e obtaine d i n 15 0 epochs ,  i.e .  b y present -
in g eac h physical/semanti c representatio n pai r  (figur e 3 ) 
t o th e appropriat e m a p 15 0 time s i n rando m order . 

I n th e self-organizin g process ,  th e physica l  an d semanti c 
representation s becom e store d i n th e weight s o f  th e units . 
For  eac h e.g .  physica l  word ,  ther e i s a n imag e uni t  i n 
th e physica l  m a p ,  an d thi s unit' s  weigh t  vecto r  equal s th e 
physica l  representatio n o f  tha t  word .  Th e weigh t  vector s o f 
th e intermediat e unit s represen t  combination s o f  represen -
tations .  Fo r  example ,  a n unlabele d semanti c uni t  betwee n 
do g an d predato r  woul d hav e feature s o f  bot h domesti c 
an d carnivorou s animals . 

Bot h map s exhibi t  hierarchica l  knowledg e organization . 
Larg e arezi s ar e allocate d t o differen t  categorie s o f  words , 
and eac h are a i s divide d int o subarea s wit h finer  distinc -
tions .  Th e physica l  m a p i s mainl y organize d accordin g t o 
th e wor d length .  Ther e ar e separate ,  adjacen t  area s fo r 
word s wit h 3 ,  4 ,  5 ,  6  an d 7  characters .  Withi n thes e areas , 
simila r  word s ar e mappe d nea r  efic h other .  Fo r  example , 
BAT i s mappe d betwee n BO Y an d HIT ,  DOL L i s mappe d nex t 
t o BAL L etc . 

Th e semanti c m a p ha s thre e mai n areas :  verbs ,  animat e 
object s an d inanimat e objects .  Fine r  distinction s revea l 
th e semanti c categorie s o f  tabl e 1 .  Fo r  example ,  ther e ar e 
subarea s fo r  hitters ,  possession s an d fragile-objects ,  wit h 
vase ,  whic h belong s t o al l  thes e categories ,  i n th e center . 
Not e tha t  th e categorizatio n wa s no t  directl y accessibl e 
t o th e syste m a t  an y point .  I t  wa s onl y manifes t  i n th e 
sentence s tha t  wer e inpu t  t o th e FGREP-mechanism .  Th e 
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categorie s wer e extracte d b y F G R E P,  code d int o th e repre -
sentations ,  an d finally  mad e visibl e i n th e semanti c featur e 
map.  Th e final  m a p reflect s bot h th e syntacti c an d Moiiinn -
ti c propertie s o f  th e words . 

I n th e self-organizin g process ,  th e distributio n o f  th e 
weigh t  vector s become s a n approximatio n o f  th e inpu t  vec -
to r  distributio n [13] .  Thi s mean s tha t  th e mos t  frequen t 
area s o f  th e inpu t  spac e ar e represente d t o greate r  detail , 
i.e .  mor e unit s ar e allocate d t o represen t  thes e inputs .  Fo r 
example ,  th e representation s fo r  th e differen t  animal s ar e 
ver y simila r  (figur e 3) ,  ye t  the y accommodat e a  larg e are a 
i n th e map . 

The tw o dimension s o f  th e m a p d o no t  necessaril y  stan d 
fo r  an y recognizabl e feature s o f  th e inpu t  space .  Th e di -
mension s develo p automaticall y t o facilitat e th e bes t  dis -
criminatio n betwee n th e inpu t  items .  A s a  result ,  th e or -
dere d area s o n th e m a p ar e likel y t o hav e complicate d an d 
intertwined ,  rathe r  tha n linea r  shapes . 

Featur e map s hav e severa l  usefu l  propertie s fo r  repre -
sentin g lexica l  information .  (1 )  Th e classificatio n per -
forme d b y a  featur e m a p i s base d o n a  larg e numbe r  o f  pa ^ 
rameter s (th e weigh t  components) ,  makin g i t  ver y robust . 
Incomplet e o r  somewha t  erroneou s wor d representation s 
can b e correctl y recognized .  (2 )  Th e m a p i s continuous , 
and ca n represen t  item s betwee n establishe d categories .  I n 
othe r  words ,  word s ca n hav e sof t  boundaries .  (3 )  Th e dif -
ference s o f  th e mos t  frequen t  inpu t  item s ar e magnifie d i n 
th e mapping ,  i.e .  th e variation s o f  th e mos t  c o m m o n wor d 
meaning s o r  surfac e form s ar e mor e finely  discriminated . 
Finally ,  (4 )  th e self-organizin g proces s require s n o super -
visio n an d make s n o assumption s o n th e for m o r  conten t 
of  th e words .  Th e propertie s o f  th e representation s whic h 
provid e th e bes t  discriminatio n ar e determine d automati -
cally . 

6 W o r d assoc ia t i on s 

6. 1 T h e physica l  5= ^  semanti c m a p p i n g s 

The physical words do not correspond one-to-one to se-
manti c words .  S o m e word s hav e multipl e meaning s 
(homonyms) ,  an d sometime s th e sam e meanin g ca n b e ex -
presse d wit h severa l  differen t  symbol s (synonyms) .  Th e 
mappin g betwee n th e physica l  an d semanti c representa ^ 
tion s i s many-to-many . 

The trainin g dat a fo r  DISLEX- 1 containe d severa l  suc h 
ambiguitie s (figur e 3) .  Th e physica l  wor d CHICKE N coul d 
mean a  livin g chicke n o r  food .  Similarly ,  BA T coul d b e 
a basebal l  ba t  o r  a  livin g bat .  Ther e wer e als o severa l 
group s o f  synonymou s word s i n th e data .  MAN,  WOMAN, 
BOY,  GIR L al l  hav e th e sam e meanin g human ,  predato r 
coul d b e WOLF o r  LIO N etc .  I n th e D I S L E X model ,  th e 
many-to-man y mappin g betwee n th e physica l  word s an d 
thei r  meaning s i s implemente d wit h associativ e connec -
tion s betwee n th e physica l  an d semanti c maps . 

6. 2 Associativ e connection s 

The physical word maps are fully connected to the seman-
ti c m a p wit h one-directiona l  associativ e connection s (fig -
ur e 2) .  Ther e i s a  connectio n fro m eac h uni t  i n th e physica l 
inpu t  m a p t o eac h uni t  i n th e semanti c m a p ,  an d fro m eac h 
uni t  i n th e semanti c m a p t o eac h uni t  i n th e physica l  out -
put  map .  Th e connectio n weigh t  indicate s th e strengt h 
of  th e association .  Th e weight s ar e store d a s associativ e 
outpu t  weigh t  vector s pe r  eac h unit . 

Th e physica l  an d semanti c featur e map s an d th e associa -
tiv e connection s betwee n the m ar e organize d a t  th e sam e 
time .  Th e physica l  patter n fo r  th e wor d i s presente d t o 
th e physica l  m a p ,  an d ordinar y featur e m a p adaptatio n 
take s place .  A t  th e sam e time ,  th e semanti c patter n fo r 
th e sam e wor d i s inpu t  t o th e semanti c m a p ,  an d th e fea -
tur e m a p weigh t  vector s i n thi s m a p ar e adapted .  A t  thi s 
point ,  bot h map s displa y concentrate d pattern s o f  activ -
ity .  D I S L E X learn s t o associat e th e physica l  wor d wit h it s 
meanin g throug h Hebbia n learning .  Th e weight s betwee n 
activ e unit s ar e increase d proportiona l  t o thei r  activity : 

Aa,j,t ,  =  a{t)T]ijT]k i (3 ) 

wher e a,;,jt /  i s  th e weigh t  betwee n th e physica l  uni t  {i,j ) 
and th e semanti c uni t  (k ,  I) ,  an d r]i j  an d r̂k i  indicat e th e 
activitie s o f  thes e units .  Th e associativ e weigh t  vector s ar e 
the n normalized ,  whic h i n effec t  decrease s th e weight s o n 
al l  nonactiv e outpu t  connection s o f  th e sam e unit .  Thi s 
correspond s t o redistributio n o f  synapti c resources ,  wher e 
th e synapti c efficac y i s proportiona l  t o th e squar e roo t  o f 
th e resourc e [20] .  Initiall y  th e a<;tivit y pattern s ar e large , 
and associativ e weight s ar e change d i n larg e areas .  A s th e 
tw o map s becom e ordered ,  th e association s becom e mor e 
focused . 

For  example ,  DISLEX- 1 wa s traine d b y simultaneousl y 
presentin g pair s o f  physica l  word s an d thei r  semanti c coun -
terpart s fro m figure  3 .  Th e final  associativ e connection s 
for m a  continuou s many-to-man y mappin g betwee n th e 
tw o maps .  Unambiguou s word s hav e focuse d connection s 
(figure s 7 a an d 8b) .  I f  a  physica l  wor d ha s severa l  mean -
ings ,  o r  on e meanin g ca n b e expresse d wit h severa l  syn -
onyms ,  ther e ar e severa l  group s o f  stron g connection s (fig -
ure s 7 b an d 8a) .  Unit s locate d betwee n imag e unit s ten d 
t o combin e th e connectivit y pattern s o f  nearb y word s (fig -
ur e 8a) . 

7 DISLEX in action 

7.1 Tr£msforming representations 

A physical word is transformed to its semantic counter-
par t  (an d vic e versa )  throug h th e associativ e connections . 
For  exampl e i n figure  2 ,  th e physica l  representatio n o f  DOG 
i s inpu t  t o th e physica l  m a p ,  whic h form s a  concentrate d 
activit y patter n aroun d th e uni t  labele d DOG.  Th e activit y 
propagate s throug h th e associativ e connection s (figur e 7a ) 
t o th e semanti c m a p ,  wher e a  localize d activit y patter n 
form s aroun d th e uni t  labele d dog .  Th e semanti c repre -
sentatio n fo r  do g i s no w outpu t  throug h th e weigh t  vecto r 
of  thi s unit .  I n a  simila r  fashion ,  a  semanti c representa -
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«• > (b ) 
F igur e 7 :  S a m p l e physica l  — s e m a n t i c associativ e c o n -
nect ions .  T h e darknes s o f  th e bo x indicate s th e strengt h o f 
th e connectio n fro m th e physica l  uni t  DOG (a )  o r  CHICKE N (b ) 
t o th e semanti c unit .  T h e stronges t  connection s concentrat e 
aroun d th e semanti c imag e units .  CHICKE N ha s tw o possibl e 
interpretations ,  foo d an d prey . 

*I l  OOO HAN " " 

Figur e 8 :  S a m p l e s e m a n t i c —•  physica l  IBsociativ e con -
nect ions .  I n (a) ,  th e connection s fro m th e intermediat e uni t 
betwee n d o g ,  l i vebat ,  predato r  an d pre y ar e shown .  Possi -
bl e outpu t  symbol s includ e al l  anima l  name s CHICKEN,  SHEEP, 
WOLF,  L ION ,  BA T an d DOG.  I n (b) ,  wea k connection s fro m dol l 
t o nearb y unit s migh t  caus e BAL L t o b e outpu t  instea d o f  DOL L 
i n nois y conditions . 

tio n c a n b e t ransforme d t o it s physica l  counterpart .  T h e 
aissociativ e connection s ar e differen t  i n th e t w o directions , 
bu t  th e s a m e featur e m a p weigh t  vector s ar e use d fo r  bo t h 
inpu t  an d output . 

Th e behaviou r  o f  th e syste m i s ver y robust .  Eve n i f  th e 
inpu t  patter n i s nois y o r  incomplete ,  i t  i s  usuall y mappe d 
on th e correc t  unit .  Eve n i f  thi s doe s no t  happen ,  th e 
associativ e connection s o f  th e intermediat e unit s provid e a 
mappin g tha t  i s clos e enough ,  s o tha t  th e correc t  meanin g 
or  symbo l  ca n b e retrieve d wit h tof>-dow n priming . 

7.2 Priming 

When an ambiguous physical or semantic representation 
i s inpu t  t o th e lexicon ,  al l  possibl e meaning s (o r  symbols ) 
ar e zictivate d a t  th e sam e tim e (figure s 7 b an d 8a) .  A  top -
down primin g mechanis m i s employe d t o selec t  th e correc t 
representation .  I n additio n t o th e associativ e activity ,  th e 
m ap receive s primin g activatio n throug h it s inpu t  connec -
tions .  Th e activitie s ad d up ,  selectin g on e o f  th e possibl e 
interpretations .  I f  th e primin g arrive s afte r  a  shor t  de -
lay ,  al l  alternative s ar e briefl y activ e befor e on e o f  the m 
i s selected .  Thi s complie s wit h experimenta l  result s [24] , 
whic h indicat e tha t  al l  meaning s o f  ambiguou s word s ar e 
activate d upo n readin g th e word . 

Th e expectation s generate d b y th e F G R E P mechanis m 
provid e a  possibl e sourc e fo r  semanti c priming .  Afte r  read -
in g Th e Bol f  at e the ,  th e F G R E P networ k generate s a 
stron g expectatio n fo r  pre y [22] .  W h e n th e physica l  sym -
bol  CHICKE N i s rea d in ,  bot h th e foo d an d pre y unit s ar e 
initiall y  equall y acti\ e i n th e semanti c m a p (figur e 7b) . 
Th e expectatio n pattern ,  whic h i s clos e t o th e representa -
tio n fo r  prey ,  i s inpu t  t o th e semanti c m a p an d s u m m e d u p 
wit h th e aw;tivit y propagate d throug h th e associativ e con -
nections .  A s a  result ,  th e pre y uni t  receive s th e stronges t 
activit y an d become s selected . 

T h e weight s o n th e associativ e connection s represen t  sta -
tistica l  likelihood s o f  th e associations .  A  ver y frequentl y 
activ e connectio n i s muc h stronge r  tha n a  rar e connection . 
For  example ,  i f  mos t  o f  th e occurrence s o f  CHICKE N i n train -

in g DISLEX- 1 woul d hav e bee n paire d u p wit h prey ,  th e 
CHICKEN uni t  woul d ten d t o activat e th e pre y uni t  muc h 
mor e tha n th e foo d unit .  B y default ,  th e pre y meanin g 
woul d b e selected ,  an d stronge r  primin g fo r  foo d woul d b e 
require d t o overrid e it . 

DISLEX- 1 simpl y select s an d output s th e representatio n 
store d a t  th e maximall y respondin g unit .  Th e selectio n 
coul d als o b e implemente d wit h latera l  inhibition ,  wher e 
th e m a p settle s int o a  localize d respons e aroun d th e maxi -
mall y respondin g uni t  [20] .  Th e settlin g time s woul d mos t 
likel y correspon d t o th e reactio n time s observe d i n human s 
[23] .  High-frequenc y word s woul d hav e shorte r  reactio n 
times ,  an d thes e time s coul d b e change d wit h priming . 
Wit h severa l  equall y likel y interpretations ,  settlin g woul d 
tak e longer . 

7.3 Errors 

The DISLEX architecture is well suited into modeling 
dyslexi c performanc e errors .  I f  th e syste m performanc e 
i s degrade d e.g .  b y addin g nois e t o th e connections ,  tw o 
type s o f  inpu t  error s an d tw o type s o f  productio n error s 
ar e observed . 

I n th e input ,  a  physica l  representatio n m a y b e mappe d 
incorrectl y o n a  nearb y uni t  i n th e physica l  map .  Thi s cor -
respond s t o reeidin g o r  hearin g th e wor d incorrectly .  Fo r 
example ,  DOL L m a y b e inpu t  a s BAL L (figur e 5) .  Th e ac -
tivit y i n th e physica l  m a p m a y als o propagat e incorrectl y 
t o a  nearb y uni t  i n th e semanti c map ,  i n whic h cas e e.g . 
CHICKEN woul d b e understoo d semanticall y a s liveba t 
(figur e 7b) . 

Analogousl y i n production ,  a  semanti c inpu t  representa -
tio n ca n b e classifie d incorrectly ,  an d a  wor d wit h a  simila r 
but  incorrec t  meanin g i s produced .  Fo r  example ,  i f  th e se -
manti c patter n fo r  bloc k i s accidentall y mappe d o n vas e 
(figur e 6) ,  th e outpu t  read s VAS E instea d of ,  say ,  PAPERWT. 
Or ,  th e activit y i n th e semanti c m a p m a y b e propagate d 
incorrectl y t o th e physica l  m a p ,  an d a  wor d wit h a  simila r 
surfac e for m bu t  differen t  meanin g i s output .  Thi s mean s 
generatin g BAL L instea d o f  DOL L (figur e 8b) . 
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Error s o f  thi s kin d occu r  i n noisy ,  stressfu l  o r  overloa d 
situation s i n norma l  h u m a n performance .  The y hfi -  als o 
documente d i n patient s wit h dee p dyslexi a [4 ;  3] ,  'Ih o 
observe d visua l  an d semanti c paralexi c error s ca n b e ex -
plaine d b y abov e mechanisms ,  givin g stron g suppor t  t o th e 
physical/semanti c featur e m a p architecture . 

I f  primin g i s use d i n th e model ,  ther e i s als o a  possibilit y 
fo r  anothe r  typ e o f  error ,  th e Freudia n slip .  Thi s occur s 
when ver y stron g semanti c primin g interfere s wit h th e out -
put  function .  Fo r  example ,  i f  dol l  i s  inpu t  t o th e semanti c 
map,  togethe r  wit h simultaneou s primin g fo r  gear ,  th e ac -
tivit y i s propagate d throug h th e associativ e connection s 
of  both .  A s a  result ,  th e physica l  BAL L migh t  receiv e th e 
stronges t  activation ,  an d woul d b e outpu t  instea d o f  DOLL . 
The outpu t  symbol s ar e similar ,  bu t  th e meanin g o f  BAL L 
reveal s th e semanti c priming . 

8 Modeling aphasia 

The DISLEX architecture is in good agreement with the 
curren t  theorie s o f  th e h u m a n lexica l  syste m [3 ;  27 ;  26] . 
Many observe d lexica l  deficit s i n acquire d aphasi a hav e 
straightforwar d explanation s i n th e model . 

A c o m m o n featur e o f  th e aphasi c deficit s i s categor y 
specificity .  Th e patien t  m a y hav e difficultie s onl y wit h 
word s belongin g t o a  specifi c  syntacti c o r  semanti c cate -
gory .  I n certai n patient s th e lexica l  ax:ces s t o e.g .  functio n 
word s i s selectivel y impaired ,  i n othe r  case s th e patien t  ha s 
troubl e wit h verb s [3 ;  4] .  Mor e specifi c  impairment s see m 
t o occu r  i n semanti c hierarchies .  S o m e patient s hav e trou -
bl e wit h e.g .  concret e words ,  o r  inanimat e object s [28] ,  o r 
eve n a s specifi c  classe s a s name s o f  fruit s an d vegetable s 
[10] . 

Deficit s o f  thi s kin d ca n b e explaine d b y th e topologica l 
organizatio n o f  th e semanti c memory .  Th e semanti c m a p 
i n D I S L E X i s hierarchicall y organized ,  an d reflect s bot h 
th e syntacti c an d semanti c propertie s o f  th e words .  Local -
ize d lesion s t o th e m a p produc e selectiv e impairments ,  lik e 
th e above . 

I n som e case s th e impairment s cove r  al l  modalities , 
sometime s the y ar e limite d onl y t o verba l  inpu t  o r  out -
put ,  o r  eve n onl y t o orthographi c o r  phonologica l  domain . 
Thi s suggest s tha t  th e semanti c memory ,  visua l  input ,  an d 
verba l  input/outpu t  modalitie s ar e represente d i n separat e 
structures ,  strongl y supportin g th e distribute d D I S L E X 
architecture . 

For  example ,  som e patient s wer e unabl e t o acces s th e 
specifi c  meaning s fro m verball y a s wel l  a s visuall y (wit h 
pictures )  presente d cue s [26 ;  28] .  Thi s implie s tha t  th e 
semanti c memor y itself ,  i.e .  th e m a p ,  hel d bee n damaged . 
Anothe r  patien t  coul d no t  giv e definition s fo r  aurall y  pre -
sente d name s o f  livin g thing s suc h a s "dolphin" ,  althoug h 
he wa s abl e t o describ e othe r  objects .  Bu t  whe n show n a 
pictur e o f  a  dolphin ,  h e coul d n a m e i t  an d giv e a n ciccurat e 
verba l  descriptio n o f  i t  [16] .  Thi s suggest s tha t  th e visua l 
pathwa y t o th e semanti c memory ,  th e semanti c memor y it -
self ,  an d th e verba l  outpu t  wer e preserved ,  bu t  th e verba l 
acces s t o th e semanti c memor y ha d bee n damaged .  I n an -

othe r  case ,  th e patien t  wa s unabl e t o n a m e fruit s an d veg -
etables ,  althoug h h e wa s abl e t o matc h thei r  name s wit h 
pictures ,  an d classif y the m correctl y whe n thei r  name s 
wer e presente d aurall y  [10] .  I n othe r  words ,  hi s semanti c 
memory an d verba l  inpu t  wer e preserved ,  an d th e verba l 
outpu t  functio n wa s selectivel y impaired. 

Th e impairmen t  o f  semanti c categorie s whic h i s re -
stricte d t o a  singl e inpu t  o r  outpu t  modalit y ca n b e ex -
plaine d i n D I S L E X b y severe d pathway s betwee n physica l 
and semanti c maps .  Th e pathway s ar e no t  singl e axons , 
but  consis t  o f  interneurons ,  whic h als o exhibi t  map-lik e or -
ganization .  Clos e t o th e semanti c m a p ,  th e organizatio n i s 
semantic ,  clos e t o th e physica l  m a p i t  parallel s th e physica l 
map.  I f  th e pathwa y i s severe d clos e t o th e semanti c m a p , 
semanti c impairmen t  withi n thi s modalit y results . 

Th e dissociatio n o f  th e orthographi c an d phonologica l 
modalitie s i s als o well-documented .  S o m e patient s hav e 
deficit s onl y i n on e o f  th e inpu t  o r  outpu t  channels ,  o r 
diff'eren t  deficit s i n differen t  channel s [2] .  Fo r  example , 
a patien t  m a y hav e spellin g difficultie s exclusivel y i n th e 
orthographi c outpu t  domai n [9 ;  18] .  Th e type s o f  error s 
i n visua l  an d phonologica l  dyslexi a (sectio n 7.3 )  furthe r 
indicat e tha t  th e channel s ar e organize d accordin g t o th e 
physica l  form s o f  th e words .  Th e D I S L E X mode l  predict s 
tha t  i t  woul d b e possibl e t o los e acces s t o specifi c  type s 
of  physica l  symbols ,  a s a  resul t  o f  localize d damag e t o a 
physica l  m a p . 

I n th e aphasi c impairments ,  th e high-frequenc y word s 
ar e ofte n bette r  preserve d tha n rar e words .  Thi s i s als o 
predicte d b y th e featur e m a p organization .  Th e mos t  ofte n 
occurrin g word s occup y large r  area s i n th e m a p ,  makin g 
the m mor e robus t  agains t  damage . 

9 Discussion 

The DISLEX model can be locally lesioned, and it displays 
deficit s simila r  t o h u m a n patients .  Thi s suggest s tha t  th e 
model  successfull y represent s som e o f  th e physica l  struc -
tur e underlyin g th e lexica l  syste m i n th e brain .  Th e archi -
tectur e i s base d o n wor d maps ,  wher e differen t  unit s ar e 
selectivel y sensitiv e t o differen t  word s i n th e data .  Severa l 
low-leve l  sensor y map s ar e know n t o exis t  i n th e centra l 
nervou s system ,  e.g .  retinotopi c maps ,  tonotopi c maps , 
and als o tactil e an d moto r  maps .  Recentl y i t  wa s foun d 
tha t  neuron s i n th e hippocampu s respon d selectivel y t o vi -
suall y presente d word s [11] .  Thes e respons e characteristi c 
coul d b e explaine d b y a  map-lik e structure . 

D I S L E X stil l  finesses  muc h o f  th e fine  neura l  structure , 
and th e mappin g t o th e neuro n leve l  i s  nontrivial .  Th e 
unit s an d connection s i n th e mode l  d o no t  necessaril y  cor -
respon d one-to-on e t o neuron s an d synapses ,  bu t  rather , 
t o connecte d group s o f  neurons .  Fo r  example ,  th e weigh t 
vector s i n th e map s ar e use d bot h fo r  inpu t  an d output , 
whic h i s no t  a  plausibl e mode l  o f  th e synapti c efficacies . 
However ,  thes e two-wa y connection s coul d b e implemente d 
wit h tightl y interconnecte d (o r  phase-locking )  group s o f 
neuron s i n th e brain . 

Th e associativ e connection s betwee n tw o featur e map s 
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lear n a  many-to-man y mappin g fro m on e distribute d repre -
sentatio n spac e t o another ,  whic h i s har d t o d o wit h othe r 
neura l  networ k mechanism s suc h a s backpropagation .  I n 
th e maps ,  severe d representation s ca n b e activ e a t  th e sam e 
time ,  wherea s e.g .  i n a n assembly-base d representatio n al l 
th e differen t  alternative s woul d b e combine d int o a  singl e 
averag e representatio n patter n [22] . 

DISLEX is primarily a model of single word process-
ing .  I t  doe s no t  hav e specia l  mechanism s fo r  represent -
in g an d processin g phrasa l  structure s an d morphology . 
Ther e ar e tw o possibl e way s o f  doin g this ,  an d i t  seem s 
tha t  bot h o f  the m ar e involved .  C o m m on morphologi -
cal  form s an d phrases ,  suc h a s nationalis m o r  Th e Bi g 
Appl e coul d b e represente d lik e words ,  a s singl e entrie s i n 
th e physica l  an d semanti c maps .  Mor e comple x phrase s 
and unusual ,  constructiv e forms ,  e.g .  kic k th e bucke t 
or  non-preemptiv e coul d b e represente d i n th e lexico n b y 
thei r  constituents ,  an d parsed/generate d b y a  higher-leve l 
languag e processin g module . 

10 Conclusion 

The DISLEX architecture models the human lexical sys-
te m a t  th e leve l  o f  physica l  structures .  Th e architectur e 
account s fo r  man y observe d dyslexi c performanc e error s 
and lexica l  deficit s i n acquire d aphasia .  DISLEX-1 ,  th e 
AI  implementatio n o f  th e model ,  ca n b e use d a s a n in -
put/outpu t  filter  fo r  a  natura l  languag e processin g system , 
whic h communicate s wit h th e externa l  worl d wit h physica l 
symbol  representations ,  bu t  internall y processe s semanti c 
representations . 
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