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Abst rac t 

When peopl e read ,  the y classif y a  relativel y lon g strin g 
of  character s i n parallel .  Machin e learnin g principle s 
predic t  tha t  classificatio n learnin g wit h suc h hig h di -
mensiona l  input s an d output s wil l  fai l  unles s biase s ar e 
impose d t o reduc e inpu t  an d outpu t  variabilit y  and/o r 
th e numbe r  o f  candidat e input/outpu t  mappin g func -
tion s evaluate d durin g learning .  Th e presen t  pape r 
draw s insigh t  fro m observe d readin g behavior s t o pro -
pos e som e potentia l  source s o f  suc h biases ,  an d demon -
strates ,  throug h neura l  networ k simulation s o f  letter -
sequenc e classificatio n learnin g that :  (1 )  Increasin g di -
mensionalit y doe s hinde r  lette r  classificatio n learnin g 
and (2 )  th e propose d source s o f  bia s d o reduc e dimen -
sionalit y problems .  Th e resul t  i s a  mode l  tha t  explain s 
wor d superiorit y an d wor d frequenc y effects ,  a s wel l  a s 
consistencie s i n ey e fixatio n position s durin g reading , 
solel y i n term s o f  lette r  classificatio n learning . 

Introduction 

Model s o f  wor d recognitio n an d readin g typicall y focu s 
on processe s tha t  occu r  afte r  letter s ar e classified .  The y 
explai n readin g behavior s i n term s o f  th e processe s tha t 
act  o n th e output s o f  lette r  detectors ,  rathe r  tha n i n 
term s o f  th e processe s tha t  conver t  th e imag e o f  a  lette r 
strin g t o th e correspondin g output s o f  th e lette r  detec -
tors .  Fo r  example ,  Morton' s Logoge n mode l  (Morton , 
1969 )  focuse s o n word-leve l  representations ,  an d explain -
8 wor d frequenc y effect s  ̂  i n term s o f  lowere d activatio n 
threshold s fo r  wor d detectors .  Similarly ,  McClellan d k 
Rumelhart' s (1981 )  Interactiv e Activatio n mode l  focuse s 
on association s an d interaction s betwee n lette r  detector s 
and wor d detectors ,  an d explain s wor d frequenc y an d 
wor d superiorit y effect s  ̂  b y proposin g tha t  thes e asso -
ciation s amplif y th e activatio n comin g fro m lette r  detec -
tors .  Th e presen t  pape r  depart s fro m thi s traditio n b y 
proposin g a  mode l  o f  lette r  classificatio n learning .  T h e 
model  explain s wor d frequenc y an d wor d superiorit y ef -
fects ,  a s wel l  a s certai n regularitie s i n ey e fixation  po -
sition s solel y i n term s o f  factor s tha t  determin e lette r 
classificatio n learning . 

Th e mode l  wa s suggeste d b y a n interestin g differ -
enc e betwee n h u m a n readin g an d machine-base d Opti -

' People identify high frequency words faster than low fre-
quenc y word s 

^Peopl e identif y letter s withi n word s an d pronounceabl e 
non-word s faste r  tha n the y identif y isolate d letter s an d letter s 
withi n unpronounceabl e non-word s 

ca l  Characte r  Recognitio n ( O C R )  system s (se e Figur e 
1) .  W h e r e a s O C R system s classif y individua l  letters ; 
h u m an reader s classif y lette r  sequences .  T h a t  is ,  peopl e 
classif y a  sequenc e o f  a s m a n y a s 8-1 3 character s withi n 
a singl e fixation  (Rayner ,  1979 )  a n d withi n suc h a  fixa-
tion ,  th e classificatio n occur s i n paralle l  (Reicher ,  1969 ; 
Blanchard ,  M c C o n k i e ,  Zol a &  Wolver ton ,  1984) . 

O ne reaso n w h y thi s i s a n interestin g differenc e i s tha t 
i f  peopl e classif y a  sequenc e o f  letter s together ,  with -
i n essentiall y on e operation ,  the n w e migh t  expec t  tha t 
th e familiarit y o f  th e lette r  sequenc e wou l d impac t  lette r 
classificatio n operations ,  a s wel l  a s subsequentl y occur -
rin g processes .  I n othe r  words ,  w e migh t  expec t  genera l 
readin g behavior s t o b e determine d b y lette r  classifica -
tio n processes ,  a s wel l  a s processe s tha t  involv e higher -
leve l  representations . 

OCR (Lo w Dimcnsionilit; ) Hamin Rtadii g (Hî h Dimendoulity ) 
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Figur e 1 :  Characte r  classificatio n versu s characte r  se -
quenc e classification . 

A second reason why the difference between OCR sys-
tem s an d h u m a n readin g i s  interestin g i s  tha t  O C R sys -
t em s ar e designe d t o classif y singl e character s t o m in -
imiz e th e so-calle d curs e o f  dtmenstonalit y (Denker ,  e t 
al ,  1987) .  Thi s mach in e learnin g principl e predict s tha t 
hig h dimensionalit y (fo r  example ,  large ,  hig h detai l  in -
puts )  wil l  caus e classificatio n learnin g t o fail .  I f  n o con -
straint s ar e place d o n inputs ,  outputs ,  a n d input-outpu t 
m a p p i n g functions ,  increase d dimensionalit y lead s t o ex -
ponentia l  increase s i n th e n u m b e r  o f  differen t  inputs , 
outputs ,  an d m a p p i n g functions .  Classificatio n learn -
in g correspond s t o approximatin g a  particula r  m a p p i n g 
functio n b y samplin g f ro m it s populatio n o f  input-outpu t 
pairs .  Learnin g wil l  fail ,  wit h hig h dimensiona l  input s 
an d outputs ,  because :  (1 )  th e syste m ca n no t  samp l e e -
noug h pair s t o captur e th e ful l  variabilit y o f  input s an d 
outputs ;  thereb y causin g lo w generalization ,  and/o r  (2 ) 
i t  ha s insufficien t  capacit y t o describ e eve n th e sample d 
trainin g pairs .  G e m a n ,  Bienenstoc k &  Doursa t  (1992 ) 
poin t  ou t  tha t  th e answe r  t o thi s d i l e m m a i s no t  t o pu t 
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one' s energie s int o developin g ye t  anothe r  ne w learnin g 
algorithm ,  becaus e al l  classificatio n learnin g algorithm s 
wil l  b e subjec t  t o th e curse .  Instea d the y recommen d de -
velopin g a n understandin g o f  ho w t o appropriatel y bia s 
learnin g i n give n domadns .  Biasin g correspond s t o im -
plementin g a  prior i  assumption s tha t  rul e out ,  o r  rende r 
les s likely ,  som e portio n o f  th e se t  o f  al l  possibl e inputs , 
outputs ,  and/o r  mappin g functions . 

Thi s machin e learnin g perspective ,  combine d wit h th e 
psychologica l  evidenc e tha t  peopl e d o lear n t o classif y 
hig h dimensiona l  image s o f  lette r  sequences ,  suggest -
s tha t  i t  migh t  b e usefu l  t o vie w readin g behavior s i n 
term s o f  biase s tha t  m a k e accurat e lette r  classificatio n 
possible .  T h e mode l  propose d her e assume s tha t  peo -
pl e woul d fai l  t o lear n t o classif y hig h dimensiona l  lette r 
sequence s unles s suc h learnin g wa s biased ,  an d tha t  spec -
ifyin g thes e biase s m a y hel p explai n a  variet y o f  readin g 
behaviors .  Thre e source s o f  bias ,  o r  method s fo r  reduc -
in g learnin g complexity ,  ar e propose d here :  (1 )  Limitin g 
mappin g function s t o thos e base d o n position-invarian t 
loca l  featur e detectors ,  an d limitin g th e rang e o f  input s 
and output s b y limitin g th e rang e of ,  o r  variabilit y  in , 
(2 )  ey e fixation  positions ,  an d (3 )  allowe d characte r  se -
quences .  Thi s pape r  describe s thre e experiment s tha t 
suppor t  th e model .  Eac h consist s o f  a  se t  o f  backprop -
agatio n (Rumelhart ,  Hinton ,  &  Williams ,  1986 )  neu -
ra l  ne t  simulation s o f  lette r  classificatio n learning ,  i n 
whic h th e input s ar e image s o f  individua l  letter s o r  let -
te r  string s an d th e output s ar e th e correspondin g lette r 
categories . 

Materials and Network Architectures 

lYaining and testing materials came from the story The 
Wonderfu l  Wizar d o f  O z b y L .  Fran k Baum .  Tex t 

lin e image s wer e create d fro m 12 0 page s o f  tex t  (abou t 
160,00 0 characters ,  33,00 0 tota l  words ,  o r  2,60 0 differen t 
words) ,  divide d int o 6  set s o f  2 0 page s each .  Eac h se t 
was printe d i n 1  o f  3  fonts ,  an d i n eithe r  al l  uppe r  cas e 
character s o r  th e origina l  mi x o f  lowe r  an d uppe r  cas e 
(se e Figur e 2) .  T w o o f  th e thre e fon t  type s ha d variable -
widt h characters ,  an d on e ha d constant-widt h charac -
ters .  I t  wa s importan t  t o includ e variation s i n characte r 
width s becaus e classifyin g lette r  sequence s involve s lo -
catin g th e relativ e position s o f  eac h characte r  identified . 
Each imag e wa s labele d wit h th e categorie s an d horizon -
ta l  position s o f  th e letter s depicted .  Tex t  lin e image s 
wer e normalize d wit h respec t  t o height ,  bu t  no t  width . 
Trainin g an d tes t  set s containe d a n equa l  mi x o f  th e si x 
font/cas e conditions .  T w o generalizatio n set s wer e used , 
fo r  tes t  an d cross-validation ,  an d eac h consiste d o f  abou t 
14,00 0 characters .  Trainin g performanc e wa s measure d 
by tw o metrics :  (1 )  Asymptoti c accurac y o n th e train -
in g data ,  an d (2 )  amoun t  o f  trainin g require d t o reac h 
asymptote .  Generalizatio n performanc e wa s measure d 
by accurac y o n tes t  set ,  an d o n th e cross-validatio n set . 

Th e neura l  networ k architecture s use d her e ar e exten -
sion s o f  th e loca l  receptiv e field,  share d weigh t  architec -
ture s (se e Figur e 3 )  use d i n som e O C R system s (LeCun , 
et  al ,  1990 ;  Marti n k  Pittman ,  1991) .  I n thi s earlie r 
version ,  th e inpu t  i s th e imag e o f  a  singl e letter ,  an d th e 

Doroth y live d i n th e midi t  o f  th e grei t  Kinsi i  Priiriei . 
DOROTHY LIVE D I N TH E MIDS T O F TH E GREAT KANSAS PRAIRIES . 
Doroth y livs 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 the  mids t  o f  th e grea t  Kansa s Prairies . 
DOROTHY LIVE D I « TH E MIDS T O F TH E GREAT KAHSAS PRAIRIES . 

Figure 2: Samples of type font and case conditions 

outpu t  a  vecto r  representin g th e lette r  category .  H idde n 
node s receiv e inpu t  f ro m a  loca l  regio n (e.g. ,  a  6x 6 area ) 
i n th e laye r  below .  H i d d e n layer s ar e visualize d a s cubes , 
m a de u p o f  separat e planes .  H i d d e n node s withi n a  plan e 
shar e weights .  Correspondin g weight s i n th e nodes '  re -
ceptiv e fields  ar e r a n d o m l y initialize d t o th e s a m e valu e 
an d update d b y th e s a m 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 s a m e featur e 
at  differen t  locations .  Differen t  featur e detector s emerg e 
f r o m hidde n node s withi n differen t  plane s du e t o differ -
en t  r a n d o m initializations .  O u t p u t  node s ar e connecte d 
t o al l  node s i n th e previou s layer ,  bu t  no t  eac h other . 

Hidde n layer M 

Locai ,  ghand-wtig ^  ncepti n field * 

Figur e 3 :  Local ,  share d weigh t  architectur e c o m m o n i n 
O CR systems . 

The extension to an architecture that classifies char-
acte r  sequence s i s illustrate d i n Figur e 4 ,  fo r  th e cas e 
i n whic h k ,  th e numbe r  o f  to-be-classifie d characters ,  i s 
equa l  t o 4 .  Th e inpu t  windo w i s expande d horizontall y 
t o cove r  k  o f  th e wides t  character s ( " W W W W " ) .  Th e 
imag e o f  a  strin g o f  narrowe r  character s wil l  depic t  addi -
tiona 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 expande d horizontally . 
Networ k capacit y i s describe d b y th e dept h (th e num -
ber  o f  differen t  featur e detectors ,  o r  planes )  an d widt h 
of  eac h hidde n layer .  Eac h outpu t  nod e represent s a 
characte r  categor y i n on e o f  th e ^ h ordina l  position s 
i n th e string .  Network s wer e traine d unti l  th e trainin g 
set  accurac y faile d t o improv e b y a t  leas t  . 1 % acros s 5 
passe s throug h th e trainin g set .  Net s wer e monitore d fo r 
overfittin g usin g th e tes t  set ,  bu t  suc h overfittin g neve r 
occurred . 

Thi s architectur e biase s learnin g b y selectivel y reduc -
in g networ k capacit y relativ e t o tha t  o f  a  comparabl e 
globall y connecte d net .  Th e bia s seem s t o b e favorable , 
i n tha t  thes e net s coul d b e traine d wit h a t  leas t  moder -
at e success ;  wherea s attempt s t o trai n globall y connect -
ed net s o n characte r  sequenc e image s faile d miserably . 
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abcfcpohijklmnopqrstuvwxy z 
abcdefohijklmnBpqrstuvwxyz , abcdefohijklmn^pq^tuvwxy z 
abcdbfohuklmnBpqrstuvwxy z 
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Figure 4: Net architecture for parallel character sequence 
classification ,  il:= 4 characters . 

A limited claim can also be made that the biases im-
pose d ar e simila r  t o thos e impose d b y mammal ia n visu -
al  systems .  Lik e th e locd ,  shared-weigh t  architecture , 
mammal ia n visua l  system s appeai r  t o us e spatiall y  loca l 
featur e detector s tha t  ar e replicate d acros s th e visua l 
arra y (Hube l  &  Wiesel ,  1979) .  Ther e i s als o som e ver y 
roug h similarit y betwee n th e oriente d edg e an d ba r  de -
tector s tha t  emerg e i n bot h system s (Hube l  &  Wiesel , 
1979 ;  Marti n &  Pittman ,  1991) ,  a s illustrate d i n Fig -
ur e 5 ,  whic h depict s som e receptiv e field s tha t  develope d 
i n first  hidden-laye r  node s wit h th e local ,  shared-weigh t 
network s traine d o n lette r  image s (Marti n &  Pittman , 
1991) .  Thes e receptiv e fields  indicat e tha t  th e corre -
spondin g featur e detectin g node s discriminat e o n th e 
basi s o f  oriente d edge s an d bars ,  bu t  beyon d this ,  an y 
similarit y t o h u m a n o r  mammal ia n visio n system s i s un -
known . 

H B U n C Q 

Figur e 5 :  Featur e detector s tha t  emerge d i n O C R neura l 
net s 

C u r s e o f  D i m e n s i o n a l i t y Ef fect s 

The purpos e o f  Experimen t  1  wa s t o tes t  whethe r  hig h 
dimensionalit y  i s associate d wit h decrease d trainin g an d 
generalizatio n accuracy ,  eve n whe n learnin g i s biase d 
throug h th e us e o f  th e local ,  shared-weigh t  architecture . 
Tha t  is ,  th e goa l  wa s t o determin e i f  classificatio n learn -
in g become s increasingl y difficul t  a s w e mov e fro m th e 
situatio n i n whic h onl y singl e character s ar e classified ,  t o 
tha t  i n whic h a  lette r  sequenc e i s classified .  Fou r  level s 
of  dimensionalit y wer e examine d (se e Figur e 6) ,  rangin g 
fro m a  20x2 0 inpu t  window ,  A:=l ;  t o a n 80x2 0 inpu t  win -
dow,  it=4 .  Inpu t  image s wer e generate d b y startin g th e 
windo w a t  th e lef t  edg e o f  th e tex t  line ,  wit h th e first 
characte r  centere d 1 0 pixel s fro m th e lef t  o f  th e window , 
and the n successivel y scannin g t o th e right ,  pausin g a t 
eac h characte r  position .  Fiv e differen t  trainin g se t  size s 
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Figur e 6 :  Fou r  level s o f  input/outpu t  dimensionalit y 
use d i n th e experiment . 

wer e use d (roughl y 70 0 sample s t o 50,000) ,  a s wel l  a s a 
lowe r  an d highe r  capacit y versio n o f  eac h networ k (1 5 v s 
18 differen t  featur e detector s i n eac h hidde n layer) .  4 0 d -
ifferen t  network s wer e trained ,  on e fo r  eac h combinatio n 
of  dimensionality ,  trainin g se t  siz e an d relativ e networ k 
capacit y  (4x5x2) .  S o m e net s require d severa l  month s t o 
train . 

Accurac y i s reporte d a s percen t  o f  fields  i n whic h al -
1 character s wer e correctl y classified .  T h e result s (se e 
Figur e 7 )  confir m th e curs e o f  dimensionalit y predictio n 
tha t  increasin g dimensionalit y hinder s bot h trainin g an d 
generalization .  Increasin g dimensionalit y lower s asymp -
toti c accurac y achieve d o n th e trainin g se t  (f(3,27 )  = 
15.15, p <  .01) ,  an d increase s th e numbe r  o f  train -
in g passe s require d t o reac h th e asymptot e (F(3,27 )  = 
14.44,p < .01) .  I t  als o decrease s generalizatio n accurac y 
rate s o n bot h th e tes t  se t  (F(3,27 )  =  33.9, p <  .01 )  an d 
th e validatio n se t  (F(3,27 )  =  61.38 ,  p  <  .001) .  Thes e 
result s sugges t  that ,  eve n wit h th e constraine d archi -
tecture ,  hig h dimensionalit y lead s t o inadequat e classi -
fication  learning .  Sinc e h u m a n readin g appear s t o in -
volv e eve n highe r  dimensionalit y tha n tha t  modele d here , 
thes e result s argu e fo r  th e nee d fo r  factor s tha t  reduc e 
variance . 

Constraints on Fixation Positions 

O ne metho d fo r  reducin g th e varianc e i n to-be-classifie d 
image s i s t o constrai n th e variabilit y  i n fixation  posi -
tion s withi n a  word .  T h e inpu t  image s i n Experimen t  1 
wer e generate d fro m fixations  a t  eac h characte r  positio n 
withi n a  word ,  an d thu s wer e highl y variable .  However , 
peopl e fixat e mos t  ofte n a t  a  preferre d viewin g location -
slightl y t o th e lef t  o f  th e middl e o f  a  wor d (Rayner ,  1979) . 
Th e non-randomnes s o f  ey e fixation  position s woul d hav e 
th e effec t  o f  reducin g imag e variability ,  an d henc e shoul d 
ai d classificatio n learning .  Accordingly ,  peopl e d o iden -
tif y a  wor d mor e quickl y whe n th e eye s ar e fixated  nea r 
thi s locatio n (O'Rega n &  Jacobs ,  1992) .  Beside s th e 
benefi t  o f  consistency ,  th e locatio n m a y b e optima l  i n 
tha t  th e averag e variabilit y  i n th e distanc e o f  character -
s fro m fixation  i s minimize d whe n a  poin t  towar d th e 
middl e o f  a  wor d i s fixated. 

Experimen t  2  use d fou r  differen t  condition s t o exam -
in e whethe r  suc h consisten t  an d optima l  positionin g re -
duce s dimensionalit y problems .  T h e consisten t  an d op -
tima l  positionin g conditio n use d a n 80x2 0 inpu t  windo w 
positione d wit h respec t  t o th e 3r d characte r  o f  eac h wor d 
of  3  o r  mor e character s (se e Figur e 8 ) ^  an d th e ne t  wa s 
traine d t o classif y th e first  4  character s i n th e word .  T h e 

Thi s i s a  simplificatio n o f  th e fixatio n positio n consisten -
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Figur e 8 :  W i n d o w positionin g a n d dimensionalit y m a -
nipulation s i n Expe r imen t  2 

f ( 3 , 3 2 ) = 1 0 2 2 . 6 , p < .001) .  Subsequen t  <-test s reveale d 
tha t  th e hig h dimensiona l  contro l  conditio n network s di d 
wors e tha n th e net s i n th e othe r  thre e condition s acros s 
al l  thre e o f  th e metric s wh ic h resulte d i n significan t  anal -
ysi s o f  varianc e results .  Moreover ,  th e consisten t  an d 
opt ima l  positionin g network s yielde d bette r  asymptoti c 
trainin g an d generalizatio n accuracie s tha n thos e i n th e 
consisten t  positionin g onl y condition ,  a n d bette r  tha n o r 
equivalen t  t o thos e i n th e lo w dimensionalit y contro l  con -
dition .  T h e consisten t  positionin g onl y conditio n gener -
all y per fo rme d bette r  tha n th e hig h dimensionalit y con -
trol .  T h e s e result s suppor t  th e valu e o f  bo t h consisten t 
positionin g a n d opt ima l  positionin g i n reducin g th e neg -
ativ e effect s o f  dimensionalit y o n classificatio n learning . 
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Figur e 7 :  I m p a c t  o f  dimensionalit y o n trainin g a n d gen -
eralization . 

consisten t  positionin g onl y conditio n differe d f r o m thi s 
onl y i n tha t  positionin g w a s wit h respec t  t o th e first 
characte r  o f  a  w o r d .  T h e hig h dimensionalit y contro l 
conditio n use d th e s a m e input /outpu t  dimensionality , 
bu t  th e w i n d o w w a s positione d a t  al l  characte r  position s 
dur in g training ,  a n d a t  th e first  characte r  i n a  w o r d dur -
in g testing .  T h e lo w dimensionalit y contro l  use d a  2 0 x 2 0 
inpu t  w i n d o w ,  wi t h A:=l ,  a n d th e ne t  traine d a n d teste d 
onl y o n th e first  4  characters .  Fou r  level s o f  trainin g se t 
siz e wer e used ,  w i t h thre e replication s o f  eac h trainin g 
se t  siz e x  w i n d o w condition ,  resultin g i n 4  x  4  x  3  =  4 8 
network s traine d a n d tested .  Al l  network s e m p l o y e d 1 8 
differen t  featur e detector s fo r  eac h h idde n layers . 

T h e result s suppor t  th e valu e o f  bo t h consisten t  a n d 
op t ima l  positionin g i n reducin g dimensionalit y p rob lem s 
(se e Figur e 9 ) .  T h e effect s o f  positionin g wer e signif -
ican t  w i t h respec t  t o asymptot i c accurac y (F (3 ,32 )  = 
71.83 ,  p  <  .001) ,  a n d generalizatio n i n bo t h th e tes t 
a n d validatio n set s ( F ( 3 , 3 2 )  =  861.9 ,  p  <  .001 ;  a n d 
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cie s i n huma n reading ,  whic h ar e bette r  describe d i n term s 
of  a  probabilit y  distribution ,  th e mea n o f  whic h fall s towar d 
th e cente r  o f  a  word . 

Figur e 9 :  Impac t  o f  consisten t  k  optima l  windo w posi -
tions . 

C h a r a c t e r  S e q u e n c e Regu la r i t i e s 

Anothe r  facto r  tha t  m a y reduc e th e complexit y o f  classi -
fication  learnin g stem s fro m th e fac t  tha t  Englis h word s 
constitut e a  subse t  o f  al l  possibl e lette r  sequences ,  an d o f 
thi s subset ,  no t  al l  sequence s hav e a n equa l  likelihoo d o f 
bein g encountered .  Peopl e appea r  t o tak e advantag e o f 
suc h constraint s whe n the y read ,  i n tha t  the y ar e bette r 
at  readin g familiar ,  a s compare d t o unfamiliar ,  lette r  se -
quences .  The y identif y letter s withi n word s faste r  tha n 
letter s withi n non-words ,  an d letter s withi n pronounce -
abl e no n word s faste r  tha n letter s withi n rando m charac -
te r  string s (Baro n k  Thuston ,  1973 ;  Reicher ,  1969) ,  an d 
the y identif y hig h frequenc y word s mor e quickl y tha n 
lo w frequenc y word s (Solomo n k  Postman ,  1952) .  Not e 
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tha t  th e readin g syste m coul d tak e advantag e o f  th e non -
randomnes s o f  lette r  sequence s a t  th e lette r  classificatio n 
learnin g level ,  t o improv e classificatio n accuracy ;  and/o r 
at  subsequen t  processin g levels ,  t o correc t  lette r  classi -
ficatio n errors .  A s note d i n th e introduction ,  mos t  con -
ception s o f  readin g an d wor d recognitio n focu s o n th e 
latte r  processin g levels .  Th e presen t  focu s i s o n th e im -
pac t  o f  lette r  sequenc e familiarit y o n lette r  classification , 
exclusiv e o f  mor e abstrac t  level s o f  processing . 

I t  i s  als o importan t  t o poin t  ou t  tha t  th e feedforwar d 
network s use d her e ca n no t  reflec t  processin g time s di -
rectly ,  sinc e eac h forwar d pas s i n th e ne t  take s th e sam e 
amount  o f  time .  Therefore ,  i n modelin g wor d superior -
it y an d wor d frequenc y effects ,  i t  i s  assume d tha t  lowe r 
eiccurac y rate s translat e t o slowe r  performance ,  eithe r 
becaus e lowe r  accurac y rate s woul d requir e additional , 
time-consumin g post-processin g mechanism s t o correc t 
classificatio n error s o r  because ,  i n a n interactiv e activa -
tio n network ,  th e reduce d activatio n associate d wit h les s 
certai n response s woul d b e reflecte d i n longe r  time s t o 
reac h threshold s o f  activation . 

Experimen t  3  involve d seein g i f  th e thre e bes t  consis -
ten t  an d optima l  positionin g net s fro m Exp .  2  exhib -
i t  human-lik e wor d superiorit y an d frequenc y effect s i n 
th e sens e o f  exhibitin g lowe r  accurac y fo r  th e les s fa -
milia r  lette r  sequences .  T h e contro l  conditio n use d th e 
net s traine d i n th e lo w dimensiona l  contro l  conditio n t o 
distinguis h betwee n effect s du e t o individua l  lette r  fa -
miliarit y an d effect s du e t o lette r  sequenc e familiarity . 
New tex t  image s wer e create d t o produc e th e followin g 
set s o r  conditions .  Th e wor d se t  ha d 3 0 4-lette r  word -
s,  draw n fro m th e O z text ,  o f  whic h 1 5 occurre d ver y 
frequentl y i n th e tex t  (e.g. ,  S A I D ) ,  an d 1 5 occurre d in -
frequentl y (e.g. ,  PA ID) .  Th e pronounceabl e non-wor d se t 
had 3 0 4-lette r  pronounceabl e non-word s (e.g. ,  T O I D ) . 
Th e rando m non-word s ha d 3 0 4-lette r  rando m string s 
(e.g. ,  SDIA) .  Th e alternatin g cas e word s use d th e wor d 
set  bu t  th e letter s wer e printe d i n A lTeRnAt In G cas -
es.  Thi s latte r  se t  wa s create d t o se e i f  th e net s exhibi t 
human-lik e behavio r  i n bein g abl e t o rea d despit e suc h 
manipulation s (McClelland ,  1976) .  W o r d superiorit y re -
sult s wer e analyze d i n term s o f  a  split-plo t  analysi s o f 
varianc e wit h lette r  sequenc e typ e an d dimensionalit y a s 
factors ,  an d associate d <-tests .  W o r d frequenc y result s 
wer e analyze d wit h /-tests . 
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Figur e 10 :  Sensitivit y t o wor d frequenc y an d characte r 
sequenc e regularitie s 

As shown in Figure 10, the consistent and optimal 
positionin g net s mimi c wor d frequenc y an d wor d supe -

riorit y effects .  I n th e cas e o f  wor d superiorit y effects , 
significan t  mai n effect s wer e foun d fo r  lette r  sequenc e 
typ e (F(3,12 )  =  181.8, p <  .001 )  an d dimensionalit y 
(f(l,4 )  =  77.4, p <  .001) .  T h e interactio n wa s als o 
significan t  (^(3,12 )  =  80.2 ,  p  <  .001) .  Paire d com -
pariso n test s confirme d th e advantag e fo r  word s ove r 
th e othe r  lette r  sequenc e types ;  an d fo r  pronounceabl e 
non-word s an d aLtErNaTiN g cas e word s ove r  rando m 
non-words .  Lette r  classificatio n accurac y remain s hig h 
i n spit e o f  th e word s bein g printe d i n alternatin g cases , 
whic h i s presumabl y du e t o th e local ,  shared-weigh t  ar -
chitectur e biasin g th e syste m towar d local ,  rathe r  tha n 
word-level ,  featur e detectors .  T h e consisten t  an d opti -
mal  positionin g net s als o showe d a  tendenc y t o classif y 
hig h frequenc y word s mor e accuratel y tha n lo w frequen -
cy word s ( p =  .05) .  Thes e result s ar e interestin g becaus e 
the y suppor t  th e notio n tha t  wor d superiorit y an d wor d 
frequenc y effect s ca n b e explaine d withou t  referenc e t o 
highe r  level s o f  processing . 

Discussion 

More generally, the results presented here support the 
valu e o f  viewin g readin g behavior s i n term s o f  biase s tha t 
make i t  possibl e t o lear n t o accuratel y classif y letters . 
Experimen t  1  demonstrate d tha t  classificatio n accurac y 
drop s dramaticall y wit h increase s i n th e siz e o f  th e to-be -
classifie d imag e an d th e numbe r  o f  to-be-classifie d letter -
s.  Experimen t  2  demonstrate d tha t  thes e negativ e effect s 
of  dimensionalit y ca n b e offset ,  a t  leas t  t o som e exten -
t ,  throug h th e us e o f  a  simplifie d for m o f  th e consisten t 
fixation  position s use d i n h u m a n reading .  Experimen -
t  3  demonstrate d tha t  th e lette r  classificatio n learnin g 
syste m exhibite d wor d superiorit y an d wor d frequenc y 
effect s simila r  t o thos e o f  h u m a n readers ,  eve n thoug h 
ther e wer e n o highe r  leve l  representation s suc h a s word s 
or  phonologica l  code s i n th e system . 

Th e result s als o rais e severa l  issue s fo r  discussion .  O n e 
of  thes e i s th e questio n o f  whethe r  o r  no t  additiona l  pro -
cessin g level s als o determin e wor d frequenc y an d wor d 
superiorit y effects .  I t  migh t  b e argue d o n th e ground s 
of  parsimon y tha t  ther e i s n o nee d t o mode l  addition -
al  processin g mechanisms ,  sinc e th e relativel y lo w level , 
classificatio n mechanis m ca n accoun t  fo r  th e findings. 
However ,  i t  seem s mor e reasonabl e t o assum e tha t  learn -
in g act s a t  multipl e level s becaus e lette r  classificatio n 
processe s ar e likel y t o nee d al l  th e hel p the y ca n get . 
Curren t  extension s o f  th e wor k reporte d her e involv e ex -
pandin g th e inpu t  windo w t o cove r  8  o r  mor e letters , 
as wel l  a s requirin g th e networ k t o lear n t o classif y 8 
or  mor e letters .  Thi s wor k indicate s tha t  classificatio n 
accurac y drop s considerabl y wit h suc h extensions ,  an d 
therefor e i t  seem s reasonabl e t o propos e tha t  word-leve l 
or  phonological-leve l  codin g woul d stil l  pla y a  critica l 
rol e i n improvin g lette r  classificatio n accuracy . 

T h e result s als o rais e th e questio n o f  whethe r  o r 
not  factor s tha t  determin e lette r  classificatio n learn -
in g als o determin e readin g disabilitie s an d developmen -
ta l  stage s o f  reading .  T h e presen t  wor k demonstrate s 
th e importanc e o f  consistencie s i n ey e fixation  position -
s.  S o m e readin g problem s ar e associate d wit h reduce d 
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input/outpu t  dimensionality ,  a s measure d b y perceptua l 
spa n (Rayner ,  1986 ;  Rayner ,  e t  al. ,  1989 )  an d wit h ir -
regul w ey e fixatio n pattern s (Rayne r  &  PoUatsek ,  1989) . 
Such irregularitie s woul d increas e input/outpu t  variabil -
ity ,  eui d henc e reduc e th e dimensionalit y a t  whic h hig h 
accurac y level s coul d b e maintained .  Thi s patter n sup -
port s th e relevanc e o f  lette r  classificatio n learnin g factor s 
t o readin g disabilitie s an d developmenta l  differences . 
PerceptUEi l  an d classificatio n processe s hav e sometime s 
bee n discounte d a s cause s o f  readin g disabilitie s o n th e 
ground s tha t  readin g disabilitie s an d developmenta d dif -
ference s becom e mor e apparen t  wit h mor e difficul t  con -
tent .  Conten t  factor s hav e traditionall y bee n associate d 
wit h processe s beyon d lette r  classification .  Th e presen t 
result s sugges t  tha t  thi s assumptio n warrant s furthe r 
consideratio n sinc e a  facto r  tha t  i s ofte n dissociate d wit h 
conten t  difficulty-wor d frequency-wa s show n t o impac t 
classificatio n accuracy . 

A thir d issu e pertain s t o th e questio n o f  wh y th e hu -
msi n readin g syste m doesn' t  avoi d al l  o f  thes e dimen -
sionalit y problem s b y takin g th e sam e approac h chose n 
by developer s o f  optica l  characte r  recognitio n systems -
classifyin g individua l  letter s rathe r  tha n lette r  sequences . 
O ne possibilit y  i s  tha t  th e brai n can' t  easil y separat e s -
mal l  (lette r  sized )  individua l  part s o f  a n image ,  classif y 
eac h an d retai n th e origina l  orde r  o f  th e image s t o in -
fe r  lette r  sequenc e information ,  an d s o i t  i s  force d int o 
dealin g wit h th e hig h dimensionality .  I n thi s case ,  th e 
h u m an mechanism s woul d b e les s optima l  tha n th e cor -
respondin g machine-base d mechanisms .  Alternatively ,  i t 
i s  possibl e tha t  incorporatin g lette r  sequenc e familiarit y 
at  multipl e stage s o f  processing ,  a s i s possibl e i n th e cur -
ren t  system ,  woul d lea d t o highe r  overal l  accurac y rates . 
I n thi s case ,  th e h u m a n mechanism s woul d b e superio r 
t o th e machine-base d mechanisms . 

Th e final  issu e pertain s t o th e directio n o f  futur e re -
search .  A s note d earlier ,  th e curren t  focu s i s o n develop -
in g a  mode l  tha t  ca n a t  leas t  partiall y  classif y betwee n 8 
t o 1 3 letter s withi n a  singl e "fixation. "  Onc e thi s mode l 
has reache d som e degre e o f  stabl e performance ,  th e focu s 
wil l  shif t  t o incorporatin g additiona l  aspect s o f  reading . 
O ne o f  thes e aspect s i s th e contro l  o f  ey e movements . 
Previou s wor k (Martin ,  Rashi d &  Pittman ,  1993 )  indi -
cate s tha t  i t  i s possibl e t o trai n network s t o generat e bal -
listi c  an d correctiv e saccade s t o navigat e alon g a  pat h o f 
text .  Othe r  aspect s includ e integratin g th e informatio n 
obtaine d fro m successiv e fixations ,  an d usin g word-leve l 
informatio n t o improv e classificatio n accuracy . 
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