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Abst rac t 

This paper describes a working, computational model 
of  wor d recognitio n tha t  combine s a  lette r  classificatio n 
componen t  wit h a  componen t  tha t  segment s th e strin g 
of  classifie d letter s int o word s an d use s a  dynami c pro -
gTcimmin g metho d fo r  matchin g th e word s agains t  a  lex -
ico n o f  ove r  2,80 0 words .  Th e lette r  classificatio n com -
ponen t  i s a  neure d networ k traine d t o classify ,  i n pcu-cd -
lel ,  input s correspondin g t o 20x18 8 pixe l  arra y image s 
of  lette r  sequences ,  1 4 o r  mor e letter s long .  Consisten t 
wit h humci n capabilities ,  th e syste m ca n classif y al l  1 4 
letter s a t  a  leve l  abov e chance ,  an d o n average ,  clas -
sifie s th e first  7  o r  8  letter s i n th e sequenc e correctly . 
Dictionar y looku p improve s classificatio n accurac y b y 
1 characte r  pe r  image .  Th e mode l  i s robust ,  havin g 
bee n traine d an d teste d o n th e entir e tex t  o f  th e boo k 
The Wonderfu l  Wizar d o f  Oz ,  printe d i n multipl e font s 
and i n bot h mixe d an d upper-cas e letters .  I t  provide s 
a computation-leve l  understandin g o f  wor d recognitio n 
capabihties ,  i n whic h error s ar e attributabl e t o th e the -
oreticall y inevitabl e difficultie s associate d wit h learnin g 
t o classif y larg e inpu t  patterns .  Th e mode l  mimic s hu -
m an capabilitie s fo r  circumventin g som e o f  thes e difficul -
tie s b y imposin g constraint s o n fixation  position s tha t 
reduc e imag e variability . 

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

Mar r  (1982 )  propose d tha t  cognitiv e processe s ca n b e 
studie d a t  multipl e levels .  A  computatio n leve l  stresse s 
th e importanc e o f  understandin g th e natur e o f  th e tas k 
t o b e accomplishe d befor e proposin g algorithms ,  repre -
sentations ,  o r  physica l  hardwar e fo r  accomplishin g th e 
task .  Understandin g th e natur e o f  th e tas k involves , 
a m o ng othe r  things ,  specifyin g a  computationa l  theor y 
tha t  define s th e condition s unde r  whic h i t  i s  possibl e 
t o perfor m th e task .  Understandin g a  cognitiv e proces s 
at  thi s leve l  correspond s t o specifyin g h o w thes e condi -
tion s ar e m e t  w h e n peopl e perfor m th e task .  A t  th e sec -
on d leve l  o f  analysis ,  th e algorith m level ,  a n algorith m 
fo r  accomplishin g th e tas k i s specified .  Understandin g 
a cognitiv e proces s i n thi s case ,  correspond s t o relat -
in g behavior s peopl e exhibi t  whe n performin g th e tas k 
t o behavior s exhibite d b y th e mor e explicitly-specifie d 
algorithm .  W h e n peopl e an d th e algorith m exhibi t  sim -
ila r  errors ,  o r  simila r  skills ,  i n performin g th e task ,  i t 
i s ofte n conclude d tha t  th e h u m a n error s an d skill s  ar e 

cause d b y characteristic s o f  th e algorithm ,  rathe r  tha n 
th e computation-leve l  factor s involved . 

A n exampl e o f  a n algorithm-leve l  analysi s o f  wor d 
recognitio n i s McClellan d &  Rumelhart' s  (1981 )  Inter -
activ e Activatio n model .  T h e mode l  assume s tha t  wor d 
recognitio n require s bot h lette r  classificatio n an d dictio -
nar y looku p components .  T h e mode l  simulate s th e dic -
tionar y looku p component .  I t  i s  assume d tha t  whe n a 
wor d i s seen ,  a  se t  o f  lette r  detector s i s activate d i n paral -
lel ,  continuousl y feedin g lette r  an d lette r  orde r  informa -
tio n t o a  se t  o f  wor d detectors .  W o r d familiarit y i s  rep -
resente d a s learne d association s betwee n lette r  an d wor d 
detectors .  W h e n th e activatio n patter n arisin g fro m a 
set  o f  lette r  detector s i s consisten t  wit h on e o r  mor e o f 
thes e associations ,  activatio n i s amplified ,  causin g wor d 
detector s t o fire  mor e quickly ,  an d throug h a  backwar d 
flo w o f  activation ,  causin g th e letter s t o b e identifie d 
mor e quickl y a s well .  Becaus e th e mode l  exhibit s m a n y 
of  th e sam e phenomen a peopl e exhibi t  whe n the y recog -
niz e words ,  includin g wor d frequenc y efTect s (Solomo n k 
Postman ,  1952) ;  wor d superiorit y effect s (Reicher ,  1969) ; 
an d pseudo-wor d superiorit y effect s (Baro n &  Thurston , 
1973 )  \  th e mode l  ca n b e sai d t o explai n thes e h u m a n 
phenomen a i n term s o f  th e characteristic s o f  th e repre -
sentation s an d algorithm s o f  th e model . 

T h e presen t  pape r  adopt s a  complementary ,  compu -
tatio n leve l  understandin g o f  wor d recognitio n tha t  i s 
base d o n a  computationa l  theor y o f  classificatio n learn -
ing .  F ro m thi s perspective ,  a  classifie r  tha t  convert s th e 
imag e o f  a  tex t  strin g t o a n hypothesi s abou t  th e let -
te r  sequenc e depicte d i n th e image ,  i s characterize d a s 
a functio n tha t  m a p s som e populatio n o f  input s ont o a 
correspondin g populatio n o f  outputs .  Peopl e presum -
abl y acquir e thi s functio n throug h a  classificatio n learn -
in g process .  T h e computationa l  theor y o f  classificatio n 
learnin g characterize s thi s learnin g proces s a s functio n 
approximation .  T h e learnin g syste m successivel y ap -

'  Wor d frequenc y effect s refe r  t o findings  tha t  peopl e iden -
tif y hig h frequenc y word s mor e quickl y tha n lo w frequenc y 
words .  Wor d superiorit y an d pseudo-wor d superiorit y effect s 
refe r  finding s tha t  peopl e identif y a  lette r  presente d i n th e 
contex t  o f  a  wor d o r  a  wordhk e lette r  strin g mor e quickl y 
tha n the y identif y a  singl e lette r  i n isolation ,  eve n whe n th e 
guessin g advantag e fo r  word s ha s bee n eliminated . 
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proximate s th e functio n tha t  underlie s tli e populatio n 
of  input-outpu t  pair s b y usin g sample s draw n fro m th e 
populatio n t o searc h throug h a  spac e o f  candidat e map -
pin g functions ,  eliminatin g thos e function s tha t  ar c in -
compatibl e wit h th e sample d pairs .  I t  ca n b e show n 
tha t  withou t  an y natura l  constraint s o n th e population , 
or  biase s i n th e functio n approximatio n process ,  th e dif -
ficult y o f  classificatio n learnin g increase s exponentiall y 
wit h th e size s o f  th e inpu t  an d outpu t  pattern s (Denker , 
et  al ,  1987 ;  G e m a n ,  Bienenstoc k &  Doursat ,  1992) .  Thi s 
boundar y conditio n o n learnin g i s commonl y referre d t o 
as th e curs e o f  dimensionality ,  an d applie s t o al l  classi -
fication  learnin g systems ,  h u m a n o r  machine .  I t  arise s 
becaus e th e large r  th e input s an d output s t o th e system , 
th e greate r  wil l  b e th e potentia l  numbe r  o f  candidat e 
function s i n th e searc h space ,  an d henc e th e longe r  th e 
search ,  an d th e greate r  th e numbe r  o f  input-outpu t  pair s 
tha t  woul d hav e t o b e sample d t o sufficientl y approxi -
mat e th e function .  Becaus e o f  th e exponentia l  relation s 
involved ,  th e curs e implie s tha t  tabul a ras a (blan k slate ) 
classificatio n learnin g i s impossibl e fo r  larg e input s an d 
outputs . 

Th e curs e woul d no t  necessaril y  b e a  proble m relevan t 
t o wor d recognitio n i f  peopl e identifie d words ,  on e lette r 
at  a  time ,  suc h tha t  th e inpu t  t o th e classifie r  wa s th e 
relativel y low-dimensiona l  imag e o f  a  singl e letter .  How -
ever ,  a  variet y o f  evidenc e suggest s tha t  whe n peopl e 
read ,  the y classif y a  relativel y lon g strin g o f  character s 
i n parallel .  Ey e movemen t  studie s indicat e tha t  peopl e 
ca n a t  leas t  partiall y  classif y a s m a n y a s 1 4 letter s pe r 
fixation,  an d completel y identif y a n averag e o f  7  o r  8 
letter s pe r  fixation  (McConki e &  Rayner ,  1975 ;  Rayner , 
Well  &  Pollatsek ,  1980 ;  Rayner ,  Well ,  Pollatse k &  Bert -
era ,  1982) .  W o r d superiorit y an d relate d eff"ect s indi -
cat e tha t  lette r  classificatio n occur s i n paralle l  (Baro n & 
Thurston ,  1973 ;  Blanchard ,  McConkie ,  Sol a &  Wolver -
ton ,  1984 ;  Reicher ,  1969) .  Ther e i s als o evidenc e tha t 
th e paralle l  natur e o f  th e proces s i s no t  du e t o word s 
bein g rea d o n th e basi s o f  wor d shap e detectors ,  sinc e 
printin g word s i n aLtErNaTiN g cases ,  whic h eliminate s 
th e familiarit y o f  a  word' s shape ,  ha s relativel y smal l 
effect s o n wor d recognitio n (McClelland ,  1976) . 

Thes e dat a indicat e tha t  th e image s input  t o th e let -
te r  classificatio n proces s tha t  underlie s h u m a n readin g 
ar e quit e large ,  an d tha t  output s o f  th e proces s repre -
sent  a  lon g strin g o f  characters ,  usuall y correspondin g 
t o multipl e words .  W h e n combine d wit h th e curs e o f 
dimensionalit y principle ,  thi s implie s tha t  peopl e woul d 
not  b e abl e t o lear n t o classif y thes e image s o f  lette r  se -
quence s unles s constraint s exis t  t o limi t  th e variabilit y 
of  th e to-be-classifie d image s images ,  and/o r  learnin g i s 
biase d t o exclud e candidat e mappin g function s fro m th e 
searc h spac e o n a n a  prior i  basis .  Thi s suggest s tha t  w e 
m ay understan d readin g bette r  b y understandin g th e na -
tur e o f  thes e constraint s tha t  m a k e lette r  classificatio n 

learnin g possible .  Towar d thi s end ,  th e presen t  pape r 
develop s a  workin g computationa l  mode l  o f  wor d recog -
nitio n tha t  use s human-lik e natura l  constraint s t o lear n 
t o classif y image s o f  lon g lette r  sequences . 

Previous Work 

I n a  previou s pape r  (Martin ,  1996 )  I  supporte d thi s 
computation-leve l  perspectiv e o f  lette r  classificatio n b y 
trainin g neura l  network s t o classif y image s o f  lette r  se -
quences .  Th e goa l  wa s t o determin e th e impac t  o n lette r 
classificatio n learnin g o f  increasin g th e widt h o f  th e in -
put  images ,  an d th e numbe r  o f  to-be-classifie d letters , 

an d t o determin e th e correspondin g impac t  o f  natura l 
constraint s o n th e variabilit y  o f  thes e images .  Not e tha t 
th e poin t  o f  thi s wor k wa s no t  t o suppor t  a  clai m tha t 
peopl e an d th e network s wer e necessaril y  simila r  a t  a n 
algorith m level ,  bu t  rathe r  tha t  bot h system s wer e gov -
erne d b y th e sam e computation-leve l  limitation s o n clas -
sificatio n learning ,  an d tha t  bot h coul d benefi t  fro m th e 
same type s o f  constraints .  I n othe r  words ,  th e neura l 
network s provid e a  measur e o f  bot h th e problem s asso -
ciate d wit h hig h dimensiona l  input s an d outputs ,  an d th e 
potentia l  utilit y  o f  th e constraint s i n overcomin g thes e 
problems . 

Th e stud y produce d a  numbe r  o f  results .  Consisten t 
wit h th e curse ,  network s tha t  wer e traine d o n image s 
of  singl e character s ha d n o difficult y a t  lette r  classifi -
catio n learning ,  bu t  a s th e imag e widt h increase d fro m 
20 t o 8 0 pixel s an d th e numbe r  o f  to-be-classifie d charac -
ter s increase d fro m 1  t o 4  characters ,  catastrophi c effect s 
on learnin g occurred .  O n e natura l  constrain t  tha t  m a y 
reduc e suc h difficultie s i s th e regularit y i n fixation  po -
sition s tha t  characterize s h u m a n reading .  Peopl e fixate 
most  ofte n a t  a  preferre d viewin g /ocahon-slightl y t o th e 
lef t  o f  th e middl e o f  a  wor d (Rayner ,  1979) .  I t  i s  als o 
th e cas e tha t  peopl e identif y a  wor d mor e quickl y whe n 
th e eye s fixate  nea r  t o thi s locatio n (O'Rega n &  Jacobs , 
1992) .  Suc h regularitie s m a y reduc e imag e variabilit y 
sufficientl y t o overcom e som e o f  th e problem s associate d 
wit h th e curse .  Th e origina l  net s di d no t  hav e th e benefi t 
of  suc h constraints ,  a s th e inpu t  image s wer e generate d 
by fixating  a t  eac h characte r  positio n withi n a  word . 
Simulatin g thes e regularitie s resulte d i n network s tha t 
performe d a s well ,  o r  bette r  tha n th e network s traine d t o 
classif y single-lette r  images ;  thu s overcomin g th e curse' s 
negativ e effect s fo r  thi s siz e o f  input s an d outputs . 

A thir d se t  o f  simulation s addresse d th e rol e playe d 
by constraint s o n lette r  sequences ,  sinc e word s ar e com -
pose d o f  onl y a  smal l  subse t  o f  al l  possibl e lette r  se -
quences .  Thi s rol e wa s assesse d b y examinin g th e exten t 
t o whic h th e traine d network s exhibite d wor d superior -
it y  effects ,  pseudo-wor d superiorit y effects ,  an d wor d fre -
quenc y effect s simila r  t o thos e exhibite d b y people .  Suc h 
a similarit y woul d indicat e tha t  th e net s ha d becom e spe -
cialize d fo r  classifyin g familia r  lette r  sequence s a t  th e ex -
pens e o f  al l  possibl e lette r  sequences .  T h e net s exhibite d 
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thes e effects ,  thu s supplyin g evidciic e tlia t  constraint s o n 
lette r  sequence s als o facilitat e lette r  classificatio n learn -
ing .  Not e tha t  thes e result s provid e a n explanatio n o f 

wor d frequenc y effect s an d word -  an d pseudo-wor d supe -
riorit y effect s tha t  differ s fro m th e explanatio n provide d 
by McClellan d î -  Rumelhar t  (1981 )  i n thei r  Interactiv e 
Activatio n Model ,  bot h i n th e leve l  o f  th e explanation : 
Computat io n v s algorithm ,  an d i n th e sourc e o f  th e ef -
fect :  Lette r  classificatio n learnin g v s dictionar y lookup . 

Current Work 

T h e curren t  wor k extend s thi s conceptio n b y explorin g 
(1 )  th e exten t  t o whic h increasin g imag e variabilit y  t o 
mor e realisti c level s hinder s classificatio n learning ,  an d 
(2 )  th e exten t  t o whic h applyin g post-processin g con -
straint s ca n m a k e u p fo r  suc h deficiencie s i n classificatio n 
learning .  T h e mode l  develope d previousl y minimize d th e 
variabilit y  o f  to-be-classifie d image s relativ e t o wha t  peo -
pl e fac e whe n the y lear n t o read .  T h e to-be-classifie d 
image s depicte d sequence s o f  abou t  4  letters ,  a s com -
pare d t o th e sequence s o f  1 4 letter s tha t  peopl e classify , 
an d a  highl y simplifie d mode l  fo r  generatin g ey e fixation 
position s wa s used .  Addin g ne w source s o f  variabilit y 
wil l  increas e th e difficult y o f  classificatio n learning ,  an d 
reduc e classificatio n accuracy .  Suc h decrease s i n clas -
sificatio n accurac y m a y no t  b e fatal ,  however ,  i f  pos t 
processin g mechanisms ,  suc h a s dictionar y lookup ,  inte -
gratio n acros s fixations,  an d syntacti c an d semanti c pro -
cessing ,  provid e sufficien t  constraint s o n classificatio n t o 
correc t  errors .  A  mor e complet e computation-leve l  un -
derstandin g o f  readin g shoul d describ e th e interpla y o f 
thes e positiv e an d negativ e influence s o n lette r  classifi -
catio n accuracy .  T h e wor k describe d her e take s a  first 
ste p i n thi s directio n b y mor e accuratel y modelin g th e 
imag e variabilit y  wit h whic h th e h u m a n readin g syste m 
must  contend ,  an d b y incorporatin g a  dictionar y looku p 
component . 

Image Variability 

T h e variabilit y  o f  to-be-classifie d image s wa s increase d 
by extendin g imag e widt h fro m tha t  sufficien t  t o cove r 
lette r  sequence s containin g abou t  4  letter s t o tha t  suf -
ficient  t o cove r  abou t  1 4 letters ,  an d b y mor e accu -
ratel y approximatin g th e fixation  positio n regularitie s 
tha t  charax;teriz e reading .  Th e origina l  researc h (Martin , 
1996 )  use d a  simplifie d simulatio n o f  thes e regularities , 
positionin g eac h inpu t  imag e wit h respec t  t o th e cen -
te r  o f  th e 3r d lette r  i n eax; h wor d containin g 3  o r  mor e 
letters .  Actua l  fixation  location s ar e likel y t o impos e 
greate r  imag e variability ,  an d thu s greate r  learnin g diffi -
culties .  Rathe r  tha n positionin g al l  image s wit h respec t 
t o a  fixed  locatio n i n al l  words ,  peopl e ten d t o bas e fix-
atio n location s o n wor d length ,  a t  a  positio n slightl y t o 
th e lef t  o f  th e middl e o f  a  word ,  an d fixations  ar e bet -
te r  describe d a s a  probabilit y  distributio n aroun d thi s 
locatio n (Rayner ,  1979) . 

T wo network s wer e traine d fro m scratcii ,  on e usin g 
th e previou s simplifie d simulatio n o f  fixation  regulari -

tie s tha t  Wci s independen t  o f  wor d length ,  an d th e othe r 

usin g th e metho d base d o n wor d lengt h ^  Th e impac t 
of  havin g a  probabilit y  distributio n o f  fixation  position s 
aroun d a  give n positio n wa s assesse d b y clonin g th e net -
wor k traine d wit h word-length-base d fixation  points ,  an d 
the n retrainin g i t  wit h image s generate d a s follows .  O n a 
randomly-chose n on e thir d o f  th e exposures ,  th e windo w 
was shifte d t o th e lef t  o r  righ t  on e character .  Th e resul t 
of  thes e endeavor s le d t o th e creatio n o f  thre e neura l  net -
works ,  traine d o n image s o f  increasin g variability .  Th e 
networ k tha t  wa s traine d wit h image s generate d wit h th e 
constan t  fixation  positio n o n th e 3r d lette r  o f  a  word , 
presumabl y encountere d th e leas t  imag e variability .  Th e 
networ k traine d wit h th e noisy ,  word-length-base d fix-
ation s presumabl y encountere d th e greates t  imag e vari -
ability . 

Dictionary Lookup Component 

I n thei r  Interactiv e Activatio n model ,  McC'lellan d & 
Rumelhar t  (1981 )  assume d tha t  th e strin g o f  letter s 
outpu t  fro m lette r  detector s corresponde d t o a  singl e 
word ,  s o tha t  dictionar y looku p simpl y involve d match -
in g thi s strin g agains t  th e interna l  lexicon .  However , 
i f  th e outpu t  o f  th e lette r  classificatio n tas k i s a n hy -
pothesi s abou t  th e identitie s an d orde r  o f  a  sequenc e 
of  1 4 letters ,  the n dictionar y looku p mus t  als o involv e 
segmentin g th e strin g int o words .  Th e presen t  wor k in -
tegrate d dictionar y looku p an d segmentatio n t o explor e 
th e interpla y betwee n lette r  classificatio n an d dictionar y 
lookup . 

T h e dictionar y looku p componen t  wa s a n extensio n o f 
one develope d i n previou s wor k (Marti n &  Talley ,  1995 ) 
i n whic h a  two-tiere d dynami c programmin g metho d wa s 
use d fo r  wor d segmentatio n an d dictionar y looku p t o im -
prov e th e accurac y o f  a  handwritin g recognitio n system . 
Dynami c programmin g refer s t o a  genera l  clas s o f  ef -
ficient  searc h algorithm s fo r  us e wher e th e element s o f 
th e proble m hav e a n inviolat e order ,  a s i s th e orde r  o f 
letter s withi n a  word ,  an d wher e i t  i s  possibl e t o de -
fine  a  monotonicall y increasin g decomposabl e objectiv e 
functio n tha t  ca n b e minimize d ove r  th e lengt h o f  th e 
sequence . 

T h e presen t  approac h depart s fro m thi s earlie r  wor k 
wit h respec t  t o th e metho d use d t o identif y wor d bound -
aries .  T h e outpu t  o f  th e lette r  classificatio n syste m 
i s a  sequenc e o f  vector s tha t  ca n b e divide d int o sub -
sequence s correspondin g t o words .  Eac h vecto r  consist s 
of  th e activatio n value s o f  2 7 outpu t  nodes .  Th e presen t 

Î t  wa s onl y possibl e t o treii n tw o network s becaus e eac h 
net  require d 6  month s t o train ,  runnin g o n a  relativel y fas t 
sparcl O machine .  However ,  previou s experienc e wit h larg e 
net s an d larg e trainin g samples ,  ha s indicate d littl e variabilit y 
acros s trainin g an d generalization .  I n addition ,  th e initici l 
rando m state s o f  th e tw o network s wer e identiccil . 
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approac h use d th e activatio n value s o f  th e outpu t  node s 
correspondin g t o a  between-wor d "space "  t o determin e 

a candidat e se t  o f  possibl e wor d boundaries .  Th e in -
ten t  wa s t o er r  o n th e sid e o f  proposin g to o man y wor d 
boundaries .  I f  th e outpu t  node s fo r  "space "  ha d a n acti -
vatio n valu e greate r  tha n .  1 ,  a  possibl e wor d segmenta -
tio n poin t  wa s recorded .  A  lis t  o f  possibl e sub-sequence s 
correspondin g t o word s wa s generate d b y startin g a t  th e 
leftmos t  characte r  positio n an d endin g a t  eac h possibl e 
wor d boundary .  Eac h o f  thes e sub-sequence s wa s sub -
mitte d t o a  dynami c programmin g functio n tha t  gen -
erate d th e bes t  matc h i n th e dictionar y o f  abou t  2,80 0 
word s fro m th e story .  Then ,  th e bes t  matc h acros s al l 
of  thi s lis t  wa s chosen ,  an d th e correspondin g wor d re -
place d th e first  n  letter s o f  th e classifie d string ,  wher e n 
i s th e numbe r  o f  letter s i n th e word .  A  spac e replace d 
th e nex t  lette r  i n th e classifie d string ,  an d th e proces s 
was repeate d agai n unti l  al l  1 4 characte r  position s i n th e 
classifie d strin g ha d bee n replaced . 

Training and Testing Materials 

The trainin g an d testin g material s wer e th e sam e a s 
thos e use d i n th e previou s study .  The y wer e gener -
ate d f ro m th e b o o k T h e Wonder fu l  Wizar d o f  O z b y 
L.  Fran k B a u m .  Tex t  lin e image s wer e create d f r o m 12 0 
page s o f  text ,  correspondin g t o abou t  160,00 0 characters , 
ove r  30,00 0 tota l  wo rd s a n d abou t  2,80 0 differen t  words . 
T o approac h th e real-worl d variabilit y o f  tex t  image s i n 
reading ,  th e tex t  w a s printe d i n 3  differen t  typ e fonts , 
an d i n eithe r  al l  uppe r  cas e letter s o r  th e origina l  m i x o f 
lowe r  an d uppe r  cas e letter s (se e Figur e 1) .  T h e se t  o f 
tex t  lin e image s wer e equall y divide d int o th e si x  differ -
ent  font/cas e conditions ,  a n d eac h o f  thes e w a s equall y 
represente d i n separat e trainin g a n d tes t  samples .  T h e 
tes t  sample s wer e sub-divide d int o t w o sets ,  referre d t o 
as th e tes t  a n d validatio n sets .  T h e first  o f  thes e w a s 
use d t o moni to r  generalizatio n per formanc e throughou t 
training ;  th e validatio n se t  w a s onl y use d i n testin g afte r 
trainin g h a d stopped .  T h e trainin g se t  containe d abou t 
13,60 0 distinc t  image s o f  lette r  sequence s compr ise d o f 
14 o r  m o r e letters .  T h e tes t  a n d validatio n set s eac h 
containe d abou t  1,20 0 suc h images . 

Dorothy lived in the midst of the great Kansas Prairies. 
DOROTHY LIVE D I N TH E MIDS T O F TH E GREAT KANSAS PRAIRIES . 
Doroth y live d i n th e mids t  o f  th e grea t  Kansa s Prairies . 
DOROTHY LIVE D I N TH E MIDS T O F TH E GREAT KANSAS PRAIRIES , 
Doroth y live d I n th e mids t  o f  th e grea t  Kansa s Prairies . 
DOROTHY LIVE D I M TH E MIDS T O F TH E GREAT KAHSAS PRAIRIES . 

Figure 1: Samples of type font and case conditions 

Neural Network Architecture 

The neura l  networ k simulation s al l  use d a  commo n typ e 
of  architectur e tha t  wa s a n extensio n o f  loca l  receptiv e 

field,  share d weigh t  architecture s (se e Figur e 2 )  use d suc -
cessfull y i n a  numbe r  o f  Optica l  Characte r  Recognitio n 
(OCR)  system s (LeCun ,  e t  al ,  1990 ;  Marti n &  Pittman , 
1991) ,  an d use d i n th e previousl y mentione d (Martin , 
1996 )  study .  I n al l  o f  thes e cases ,  th e learnin g algorith m 
was backpropagatio n (Rumelhart ,  Hinto n &  Williams , 
1986) . 

ABCiilEFOHIJKLMNCPQRSTUVWXYZ 
abcdefohijklmnBpqrstuvwxyz _ 
abcdefohijklmn?pqBstuvwxy2 _ 
ABCDEFOHIJKLMNBlPQRSTUVWXYZ 

Local ,  shared-weigh t  receptiv e field s 

Figure 2: Neural network architecture 

The inputs to these earlier versions of the architec-
tur e wer e image s o f  singl e characters ,  bu t  i n th e Marti n 
(1996 )  study ,  th e inpu t  image s depicte d a t  leas t  A;  letters , 
wher e fc  =  1 ,  2 ,  3 ,  o r  4 ,  dependin g o n th e specifi c  net -
work ,  an d th e output s corresponde d t o a  vecto r  o f  th e 
26 letter s (A-Z )  an d a  space ,  fo r  eac h o f  th e k  possibl e 
lette r  positions .  Hidde n node s receiv e inpu t  fro m a  loca l 
regio n (fo r  example ,  a  6x 6 area )  i n th e laye r  below .  Hid -
den layer s ar e visualize d a s cubes ,  mad e u p o f  separat e 
planes .  Hidde n node s withi n a  plan e shar e weights ,  i n 
th e sens e tha t  correspondin g weight s i n th e nodes '  re -
ceptiv e fields  ar e randoml y initialize d t o th e sam e valu e 
and update d b y th e sam e error ,  s o tha t  differen t  hidde n 
node s withi n a  plan e lear n t o detec t  th e sam e featur e 
at  differen t  locations .  Differen t  featur e detector s emerg e 
fro m hidde n node s withi n differen t  planes ,  du e t o differ -
ent  rando m initialization s o f  th e weights .  Ther e ar e tw o 
hidde n layer s o f  thi s type .  Outpu t  node s ar e connecte d 
t o al l  node s i n th e previou s layer ,  bu t  no t  t o eac h other . 
The outpu t  vecto r  consist s o f  on e se t  o f  2 7 elements , 
t o represen t  th e letter s A- Z an d a  space ,  pe r  characte r 
position .  Th e sam e basi c architectur e ca n b e altere d 
t o classif y longe r  sequence s b y expandin g th e width s o f 
th e input s an d outputs ,  s o tha t  th e inpu t  windo w i s wid e 
enoug h t o cove r  th e k  wides t  character s ( " W W W W ")  fo r 
fc  =  4 .  Th e imag e o f  a  strin g o f  narro w character s wil l 
therefor e depic t  additiona l  character s t o th e right ,  whic h 
th e ne t  mus t  lear n t o ignore .  Hidde n layer s ar e als o ex -
pande d horizontally ,  increasin g th e numbe r  o f  featur e 
detectors ,  bu t  no t  necessaril y  th e numbe r  o f  differen t 
type s o f  feature s detected ,  whic h woul d requir e a  ver -
tica l  expansio n o f  th e cubes .  A s before ,  network s wer e 
traine d unti l  trainin g accurac y cease d t o improv e b y a t 
leas t  a  tent h o f  a  percen t  ove r  5  trainin g epochs ,  o r  unti l 
generalizatio n performanc e bega n t o consistentl y declin e 
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ove r  trainin g epoch s (indicatin g tha t  th e ne t  ha d begu n 
t o over-generahze) . 

T h e inpu t  images ,  outpu t  vectors ,  an d th e network s 
wer e large r  tha n i n th e previou s study .  Wherea s pre -
viously ,  th e larg e image s containin g a t  leas t  4  to-be -

classifie d letter s consiste d o f  a  20x8 0 arra y (160 0 pixels) ; 
th e presen t  stud y use d a  20x18 8 arra y (376 0 pixels )  de -
pictin g 1 4 o r  mor e letters .  T h e outpu t  vecto r  increase d 
fro m 10 8 element s ( 4 x  27 )  t o 37 8 (1 4 x  27) .  T h e pre -
viou s 4-lette r  net s ha d 815 2 nodes ,  581,90 4 connection s 
an d 104,97 6 differen t  weigh t  values ,  wit h 1 8 uniqu e fea -
ture s represente d i n eac h o f  th e tw o hidde n layers .  Th e 
curren t  net s ha d 18,48 1 nodes ,  2,399,76 0 connections , 
and 1,231,02 0 differen t  weigh t  values ,  wit h 1 5 uniqu e fea -
ture s represente d i n th e first  hidde n laye r  an d 2 4 uniqu e 
feature s i n th e second . 

O ne o f  th e thing s discovere d durin g th e cours e o f  thi s 
stud y wa s tha t  i t  wa s no t  possibl e t o begi n trainin g 
th e net s t o classif y al l  1 4 letter s fro m scratch ,  becaus e 
the y reache d saturatio n activatio n level s earl y i n train -
ing .  Varyin g networ k initializatio n an d learnin g param -
eter s di d no t  eliminat e thi s problem .  Trainin g th e net -
wor k t o a t  first  onl y classif y th e first  (leftmost )  lette r  i n 
th e image ,  an d the n addin g trainin g o n th e othe r  letter s 
successivel y ove r  time ,  di d eliminat e th e problem . 

Performance of the Model 

T h e result s o f  thes e effort s demonstrat e tha t  i t  i s  pos -
sibl e t o buil d a  work in g m o d e l  o f  w o r d recognitio n tha t 
incorporate s ver y wid e inpu t  images ,  th e type s o f  con -
straint s tha t  characteriz e ey e fixations  durin g reading , 
a n d integrate d dictionar y looku p an d w o r d segmenta -
tio n c o m p o n e n t s .  Consisten t  wit h dat a o n h o w peopl e 
reewd ,  al l  thre e version s o f  th e network s classif y letter s a t 
al l  1 4 lette r  position s abov e th e leve l  o f  chance ,  an d o n 
averag e classif y th e first  7  o r  8  letter s i n a  sequence . 

Figur e 3  illustrate s th e percentag e o f  character s cor -
rectl y identified ,  i n th e generalizatio n tes t  set ,  a s a  func -
tio n o f  positio n a n d typ e o f  fixation  constrain t  b y th e 
thre e nets ,  befor e an y w o r d match in g w a s at tempte d 
(lightes t  bar s =  constan t  fixation,  blac k bar s — fixa-
tio n positio n base d o n word-length ,  dar k gra y bar s = 
word-lengt h +  noise) .  Result s wer e equivalen t  fo r  th e 
validatio n tes t  set .  Al l  o f  th e network s s h o w a  declin e 
i n lette r  classificatio n a s on e m o v e s t o th e right ,  a s w e 
m i g h t  expect ,  sinc e lette r  positio n variabilit y  increase s 
wit h increase d distanc e f ro m th e fixation  point .  T h e in -
crease s i n i m a g e variabilit y  cause d b y th e reduce d fixa-
tio n constraint s als o tak e thei r  tol l  o n classificatio n accu -
raicy .  Neithe r  o f  thes e effect s i s s o catastrophi c however , 
tha t  th e net s fai l  t o exhibi t  per formanc e comparab l e t o 
tha t  o f  peopl e w h e n the y read . 

Figur e 4  illustrate s th e benefit s an d cost s o f  applyin g 
th e d y n a m i c p r o g r a m m i n g base d wor d dictionar y looku p 
procedures .  I t  s h o w s tha t  characte r  positio n accurac y 
rate s fo r  th e networ k traine d o n image s wit h nois y wo r d 
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Figur e 3 :  Percen t  character s correc t  a s a  functio n o f 
positio n an d typ e o f  constraint s o n fixation positions 

lengt h fixation  position s bot h befor e (gra y bars )  an d af -
te r  dictionar y looku p (blac k bars) .  A l thoug h th e overal l 
accurac y rate s fo r  thi s networ k ar e lowe r  tha n fo r  th e 
othe r  tw o nets ,  th e patter n o f  performanc e befor e an d af -
te r  dictionar y looku p i s th e s a m e .  S o m e t i m e s th e dictio -
nar y looku p c o m p o n e n t  help s an d somet ime s i t  hurts ,  o n 
a characte r  b y characte r  basis .  T h e effect s ar e no t  dra -
mat i c excep t  fo r  th e rightmos t  character s i n th e string , 
wher e th e dictionar y looku p tend s t o hur t  rathe r  tha n 
hel p performance .  Thi s c o m p o n e n t  ca n probabl y b e op -
timize d further ,  thoug h severa l  differen t  approache s wer e 
tried ,  wit h th e result s f ro m th e bes t  versio n o f  th e syste m 
reporte d here . 
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Figur e 4 :  Percen t  character s correc t  b y positio n be -
fore(gray )  an d after(biack )  dictionar y lookup . 

Table 1 describes the performance of the system from 
th e perspectiv e o f  th e first  n  letter s correctl y identifie d 
o n average .  R e m e m b e r  tha t  th e h u m a n dat a indicat e 
tha t  peopl e ca n identif y th e first  7  o r  8  letter s pe r  fix-
atio n o n average .  Thes e dat a s h o w tha t  th e dictionar y 
looku p improve s th e averag e n u m b e r  o f  correctl y clas -
sifie d consecutiv e character s b y abou t  1  character .  Al l 
of  thes e value s fo r  th e differen t  type s o f  fixation  posi -
tio n constraint s ar e comparab l e t o th e averag e n u m b e r 
of  consecutiv e character s correctl y identifie d b y people , 
as measure d b y th e averag e siz e o f  forwar d saccades .  Be -
caus e th e networ k traine d o n image s positione d wit h re -
spec t  t o wo r d lengt h wit h nois e added ,  ar e m o s t  reflec -
tiv e o f  th e type s o f  positionin g constraint s use d b y peopl e 
w h e n the y read ,  an d thi s networ k exhibit s comparabl e 
level s o f  performanc e t o tha t  o f  peopl e w h e n the y read , 
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i t  c o r r e s p o n d s t o t h e bes t  c o m p u t a t i o n a l  m o d e l  o f  w o r d 
recognit ion . 

Tabl e 1 .  Averag e numbe r  o f  leftmos t  chanctei s conectl y idcntiCe d i n sequenc e 

Fixation  Location Type Before Didionaiy Loolcnp After Dictionary Looiaip 

Constan t 

Word-Length-Base d 

Word-Length-Based t  Nois e 

8.8 

8.1 

7.0 

9.9 

9.5 

8.0 

D i s c u s s i o n 

Thi s model ,  an d th e accompanyin g computatio n leve l 
understandin g o f  wor d recognitio n ar e significan t  fo r  a t 
leas t  tw o reasons .  First ,  th e computation-leve l  under -
standin g provide s a  theoretically-drive n basi s fo r  propos -
in g on e sourc e o f  readin g disabilitie s an d developmenta l 
stages .  T o th e exten t  tha t  poo r  reader s hav e problem s 
learnin g t o classif y letters ,  the y shoul d no t  b e abl e t o 
identif y a s man y character s pe r  fixation,  an d the y shoul d 
exhibi t  irregula r  fixation  patterns .  Empirica l  dat a sup -
por t  thes e expectation s (Rayner ,  1986 ;  Rayne r  &  Pol -
latsek ,  1989) .  Thi s suggest s tha t  w e m a y gai n a  bette r 
understandin g o f  readin g disabilitie s an d developmenta l 
difference s i n readin g b y examinin g whethe r  o r  no t  th e 
sourc e o f  som e readin g problem s lie s wit h problem s i n 
lette r  classificatio n learning .  Second ,  th e mode l  pave s 
th e wa y fo r  buildin g eve r  mor e accurat e workin g model s 
of  huma n reading ,  b y incorporatin g component s suc h a s 
fovea l  warpin g o f  th e inpu t  images ,  integratio n acros s fix-
ations ,  an d automate d generatio n o f  saccade s (Martin , 
Rashi d &  Pittman ,  1993) .  Th e impac t  o f  suc h addition s 
can b e evaluate d vi a thei r  impac t  o n classificatio n learn -
in g an d accuracy . 
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