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Regularitie s i n a  R a n d o m M a p p i n g f r o m O r t h o g r a p h y t o Semant i c s 

Daniel S. Clouse and Garrison W. Cottrell 
Compute r  Scienc e &  Engineerin g 011 4 

Universit y o f  California ,  Sa n Dieg o 

L a Jolla,C A 9209 3 

{ d c l o u s e , g a r y } @ c s . u c s d . e d u 

Abstrac t 

In this paper we investigate representational and methodolog-
ica l  issue s i n a  attracto r  networ k mode l  o f  th e mappin g fro m 
orthograph y t o semantic s base d o n [Plaut ,  1995] .  W e find  that , 
contrar y t o psycholinguisti c studies ,  th e respons e tim e t o con -
cret e word s (represente d b y mor e 1  bit s i n th e outpu t  pattern ) 
i s slowe r  tha n fo r  abstrac t  words .  Thi s mode l  als o predict s 
tha t  respons e time s t o word s i n a  dens e semanti c neighbor -
hood wil l  b e faste r  tha n word s whic h hav e fe w semanticall y 
simila r  neighbor s i n th e language .  Thi s i s conceptuall y consis -
ten t  wit h th e neighborhoo d effec t  see n i n th e mappin g fro m 
orthograph y t o phonolog y [Seidenber g &  McClelland ,  1989 , 
Plau t  etal. ,  1996 ]  i n tha t  pattern s wit h man y neighbor s ar e 
faste r  i n bot h pathways ,  bu t  sinc e ther e i s n o regularit y i n th e 
rando m mappin g use d here ,  i t  i s  clea r  tha t  th e caus e o f  thi s 
effec t  i s  differen t  tha n tha t  o f  previou s experiments .  W e als o 
repor t  a  rathe r  distressin g finding.  Reactio n tim e i n thi s mode l 
i s  measure d b y th e tim e i t  take s th e networ k t o settl e afte r  be -
in g presente d wit h a  ne w input .  Whe n th e criterio n use d t o 
determin e whe n th e networ k i s "settled "  i s  change d t o includ e 
testin g o f  th e hidde n units ,  eac h o f  th e result s reporte d abov e 
chang e th e directio n o f  effec t  -  abstrac t  word s ar e no w slower , 
as ar e word s i n dens e semanti c neighborhoods .  Sinc e ther e 
ar e independen t  reason s t o exclud e hidde n unit s fro m th e stop -
pin g criterion ,  an d thi s i s wha t  i s don e i n common practice , 
we believ e thi s phenomeno n t o b e o f  interes t  mostl y t o neura l 
networ k practitioners .  However ,  i t  doe s provid e som e insigh t 
int o th e interactio n betwee n th e hidde n an d outpu t  unit s durin g 
setthng . In t roduc t io n 

Th e publicatio n o f  th e Seidenber g an d McClellan d (1989 ) 

model  o f  namin g se t  int o motio n a n extensiv e debat e o n th e 

natur e o f  th e processe s use d i n th e recognitio n an d pronunci -

atio n o f  Englis h words .  A  numbe r  o f  existin g model s relie d 

on tw o separat e mechanisms :  a  rule-followin g mechanis m fo r 

th e pronunciatio n o f  regula r  word s an d nove l  no n words ,  an d a 

look-u p mechanis m fo r  th e pronunciatio n o f  irregula r  words . 

Seidenber g an d McClellan d claime d tha t  a  singl e mechanis m 

i n th e for m o f  a  neura l  networ k coul d perfor m bot h rule-lik e 

and exceptio n mappings ,  an d accoun t  fo r  regularit y effect s 

see n i n reactio n tim e studie s usin g th e lexica l  decisio n an d 

namin g tasks .  The y showe d tha t  thei r  paralle l  distribute d pro -

cessin g mode l  demonstrate s a  so-calle d neighborhoo d effec t 

i n whic h th e reaction-tim e t o a  wor d i s decrease d i f  i t  ha s a 

number  o f  neighbor s wit h simila r  orthographi c t o phonologi -

cal  mappings . 

Th e principa l  attribut e o f  a  neura l  networ k whic h make s i t 

a goo d mode l  o f  regularit y effect s i n readin g i s tha t  o f  neigh -

borhoo d training .  W h e n th e inpu t  an d outpu t  representation s 

ar e chose n appropriately ,  trainin g a  singl e input/outpu t  pat -

ter n improve s th e performanc e no t  onl y o f  tha t  pattern ,  bu t 

of  simila r  pattern s also .  Thus ,  a  rule-lik e behavio r  i s  induce d 

whic h cause s nove l  input s t o b e pronounce d i n a  manne r  simi -

la r  t o huma n subjects ,  an d als o account s fo r  th e neighborhoo d 

effect . 

Sinc e tha t  time ,  th e focu s i n modelin g lexica l  acces s effect s 

has shifte d fro m feed-forwar d t o attracto r  networks ,  recurren t 

network s whic h ar e traine d t o settl e t o a  stabl e output .  Us -

in g attracto r  networ k models ,  A  numbe r  o f  experiment s hav e 

bee n reporte d whic h len d credenc e t o th e ide a tha t  man y o f 

th e effect s see n durin g lexica l  acces s wit h huma n subject s ar e 

naturall y modele d usin g attracto r  networks . 

Plau t  e t  al .  (1996 )  showe d tha t  th e regularit y effec t  demon -

strate d b y [Seidenber g &  McClelland ,  1989 ]  hold s fo r  attrac -

to r  network s a s wel l  a s fo r  feed-forwar d networks .  Plau t 

(1995 )  demonstrate d semanti c an d associativ e primin g i n a n 

attracto r  networ k mode l  whic h implemente d a  rando m map -

pin g whos e inten t  wa s t o simulat e th e mappin g fro m orthog -

raph y t o semantics .  Plau t  an d Shallic e (1993 )  demonstrate d 

an attracto r  networ k mode l  which ,  whe n damage d showe d a 

number  o f  symptom s o f  dee p dyslexia . 

The purpos e o f  ou r  researc h i s t o loo k fo r  regularitie s i n 

th e behavio r  o f  attracto r  network s implementin g a  mappin g 

fro m orthograph y t o semantics .  Th e principl e aspec t  o f  th e 

mappin g fro m orthograph y t o phonology ,  tha t  o f  regularity ,  i s 

lackin g i n th e mappin g fro m orthograph y t o semantics .  Eve n 

thoug h tw o word s whic h ar e spelle d similarl y hav e a  goo d 

chanc e o f  havin g simila r  pronunciations ,  ther e i s littl e reaso n 

t o believ e tha t  the y wil l  hav e simila r  meanings .  I n spit e o f  thi s 

lac k o f  regularit y i n th e mapping ,  w e sho w tha t  regularitie s 

stil l  persis t  i n th e behavio r  o f  attracto r  networ k model s o f  thi s 

mapping . 

We presen t  a  comprehensiv e se t  o f  networ k simulation s i n 

whic h w e independentl y var y severa l  factors : 

• the frequency with which an input/output pattern is seen 

durin g trainin g 

• the semantic neighborhood density, the proximity and 

number  o f  outpu t  pattern s whic h ar e simila r  t o a  patter n 

of  interest , 

• the number of bits which are on in an output pattern. 
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The first  factor ,  trainin g frequency ,  w e equat e wit h th e fre -

quenc y o f  occurrenc e o f  a  wor d i n speec h o r  tex t  fo r  huma n 

subjects .  Sinc e wor d frequency  i s perhap s th e mos t  reliabl e 

determine r  o f  reactio n tim e i n reading ,  an y stud y whic h lef t 

out  thi s facto r  woul d b e incomplete . 

Th e secon d factor ,  semanti c neighborhoo d density ,  i s  on e 

possibl e sourc e o f  a  neighborhoo d effec t  i n network s whic h 

ar e traine d withou t  a  regula r  mapping .  Evidenc e fo r  suc h 

an effec t  withou t  a  regula r  mappin g woul d hav e interestin g 

implication s fo r  ou r  understandin g o f  th e regularit y effec t  i n 

reading .  I t  woul d als o mak e a  uniqu e predictio n o f  attrac -

to r  networks .  W e ar e awar e o f  onl y on e pape r  tha t  look s fo r 

an effec t  o f  semanti c neighborhoo d [Buchana n e t  al. ,  1996] . 

Thi s pape r  report s th e result s o f  testin g thre e dee p dyslexi c 

patient s i n a  namin g task .  Readin g error s o f  on e o f  th e pa -

tient s showe d significan t  correlatio n wit h th e densit y o f  th e 

semanti c neighborhoo d o f  th e stimulu s words .  Thoug h thi s 

stud y count s error s rathe r  tha n lookin g a t  reactio n time s a s 

does ou r  model ,  b y showin g som e effec t  o f  a  semanti c neigh -

borhood ,  i t  doe s len d credenc e t o th e concept . 

The thir d factor ,  outpu t  patter n bi t  density ,  ha s bee n 

use d t o encod e concretenes s o f  wor d meanin g i n a 

number  o f  connectionis t  model s [Cottrel l  &  Plunkett ,  1995 , 

Plau t  &  Shallice ,  1993] .  I n thi s research ,  pattern s whic h hav e 

more bit s o n ar e take n a s havin g mor e feature s instantiated , 

thu s representin g mor e concret e concepts . 

A numbe r  o f  psycholinguisti c studie s sho w a n effec t  o f 

concretenes s o n reactio n time .  A  significan t  facilitatio n i n re -

actio n tim e fo r  eithe r  concret e o r  highl y imageabl e word s ha s 

been reporte d bot h fo r  th e lexica l  decisio n tas k [James ,  1975 , 

Whaley ,  1978 ,  Krol l  &  Merves ,  1986 ,  deGroot ,  1989] ,  an d 

th e namin g tas k [d e Groot ,  1989] .  I n general ,  th e effec t  seem s 

t o b e stronge r  i n th e lexica l  decisio n tas k tha n i n th e namin g 

task . 

Al l  o f  thes e lexica l  decisio n studie s whic h foun d th e mai n 

effec t  an d whic h include d statistic s o n interactions ^  reporte d 

a significan t  interactio n betwee n frequenc y an d concrete -

nes s o r  imageabilit y  suc h tha t  th e concretenes s effec t  wa s 

stronge r  fo r  lo w frequency  words .  Indeed ,  tw o o f  th e stud -

ie s [James ,  1975 ]  [Krol l  &  Merves ,  1986 ]  repor t  n o concrete -

nes s effec t  fo r  hig h frequency  word s whil e reportin g a  signif -

ican t  effec t  fo r  lo w frequency . 

De Groo t  (1989 )  doe s no t  repor t  a  significan t  interac -

tio n betwee n frequenc y an d imageability ,  bu t  analysi s o f 

[Strai n e t  al. ,  1995 ]  show s a  nonsignifican t  tren d i n th e sam e 

directio n a s th e lexica l  decisio n studies .  I n thei r  first  experi -

ment ,  whic h i s th e onl y experimen t  whic h include s hig h fre -

quenc y words ,  th e facilitatio n fo r  hig h imageabl e word s over 

lo w imageabl e word s i s 24. 5 msec ,  fo r  lo w frequenc y words , 

but  onl y 6  msec ,  fo r  hig h frequenc y words .  Mos t  o f  thi s dif -

ferenc e come s from  word s wit h exceptiona l  pronunciations . 

Thei r  secon d experimen t  show s a  significan t  interactio n be -

twee n th e regularit y o f  pronunciation s an d imageabilit y  suc h 

[10 0 Semanti c Unit ; 

O I 
@ 

100 Hidde n Unit s 

H 
[2 0 Orth c 

'On e stud y [Whaley ,  1978 ]  reporte d multipl e regressio n statis -
tic s an d therefor e di d no t  repor t  statistic s o n an y interactions . 

Figur e 1 :  Networ k Architectur e 

tha t  facilitatio n fo r  highl y imageabl e word s i s muc h stronge r 

fo r  exceptio n words . 

Togethe r  thes e result s sugges t  tha t  semantic s play s a 

rol e i n lexica l  decisio n an d naming ,  an d als o i n th e pro -

nunciatio n o f  exceptio n words ,  a s ha s bee n suggeste d b y 

[Plau t  &  Shallice ,  1993 ,  Plau t  e t  al. ,  1996] . 

Network Simulations 

To com e t o a  bette r  understandin g o f  th e factor s tha t  affec t 

settlin g tim e i n a n attracto r  networ k mode l  whic h map s fro m 

orthograph y t o semantics ,  w e ra n a  numbe r  o f  simulations .  I n 

thi s section ,  w e explai n ou r  simulatio n method s an d presen t 

results .  Thes e experiment s represen t  a  parametri c stud y o f 

th e effect s o f  certai n kind s o f  semanti c structur e o n lexica l 

access . 

Network Architecture 

Figur e 1  show s th e networ k architectur e use d i n ou r  simula -

tions .  Ther e wer e 2 0 inputs ,  10 0 hidde n units ,  an d 10 0 out -

put s unit s wit h recurren t  connection s withi n th e outpu t  laye r 

and bac k t o th e hidde n layer .  Thi s architectur e an d m u c h 

of  th e trainin g metho d ar e take n directl y fro m [Plaut ,  1995] . 

M u ch o f  th e techniqu e i s simila r  t o tha t  use d i n experimen t  3 

of  [Plau t  etal. ,  1996] . 

I n orde r  t o approximat e continuou s time ,  continuou s net -

wor k unit s ar e used .  Th e followin g formul a describe s th e ac -

tivatio n behavio r  o f  thes e units .  Th e activatio n o f  uni t  j  a t 

tim e t ,  s y ,  i s  simpl y th e squashe d ne t  inpu t  o f  uni t  j  a t  tha t 

time .  Th e ne t  inpu t  x y i s a  tim e varyin g average : 

Th e T  paramete r  regulate s th e granularit y o f  discret e tim e 

use d t o approximat e continuou s tim e b y specifyin g th e small -

est  tic k o f  tim e th e networ k operate s on .  W e wil l  refe r  t o thes e 

smalles t  unit s o f  tim e a s ticks ,  an d th e actua l  unit s o f  tim e w e 

ar e approximating ,  t ,  a s simulatio n tim e units .  I n th e graph s 

below ,  settlin g tim e i s i n term s o f  simulatio n tim e units . 

Th e recurtenc e an d th e us e o f  continuou s unit s m a y see m 

overl y complex ,  sinc e th e proble m o f  mappin g betwee n ou r 

representation s o f  orthograph y an d semantic s ca n b e learne d 

by a  feed-forwar d network .  W e chos e thi s methodolog y be -

caus e w e ar e intereste d i n a n accurat e simulatio n o f  th e tim e 

i t  take s th e networ k t o settl e t o th e correc t  outpu t  patter n af -

te r  th e inpu t  i s changed ,  a s a  measur e o f  reactio n tim e t o th e 

stimulus . 
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Trainin g Pattern s 

The networ k wa s traine d t o ma p fro m "orthography "  t o "se -

mantics. "  W e includ e quotatio n mark s aroun d thes e tw o la -

bel s becaus e w e d o no t  attemp t  t o se t  u p a  correspondenc e 

betwee n a  wor d representatio n an d an y wor d o f  Englis h o r 

any othe r  natura l  language .  Instead ,  followin g (Plau t  1995) , 

we us e rando m 0/ 1 bi t  pattern s t o represen t  bot h th e orthog -

raph y an d semantic s o f  eac h word .  Th e inpu t  "orthographic " 

pattern s wer e uniforml y distributed ,  spars e bi t  patterns .  Th e 

probabilit y  o f  an y bi t  bein g o n i s 0.1 .  W e impose d a  mor e 

interestin g structur e o n th e outpu t  "semantic "  representatio n 

t o captur e th e concept s o f  imageability ,  an d semanti c neigh -

borhood . 

Highl y imageabl e o r  concret e word s ar e ofte n charac -

terize d i n th e literatur e a s havin g a  riche r  representatio n 

[Breedi n e t  al. ,  1994] .  Thi s ma y tak e th e for m o f  mor e se -

manti c feature s fo r  concret e words ,  o r  mor e sensor y con -

nection s fo r  highl y imageabl e words .  I n th e contex t  o f  ou r 

simulations ,  w e captur e thi s concep t  b y varyin g a  singl e pa -

rameter ,  P { O N E ) ,  th e probabilit y  o f  a  bi t  bein g a  on e i n 

th e outpu t  representation .  Representation s wit h mor e fea -

tures ,  o r  1  bits ,  w e cal l  concrete .  Thos e wit h fewe r  bits , 

we cal l  abstract .  Th e P { O N E )  paramete r  i s se t  t o 0. 5 fo r 

concret e words ,  an d 0. 1 fo r  abstrac t  words .  Not e tha t  sim -

ila r  representation s ar e assume d elsewher e i n th e literatur e 

[Cottrel l  &  Plunkett ,  1995 ,  Plau t  &  Shallice ,  1993] . 

To captur e th e concep t  o f  a  semanti c neighborhood ,  i n 

whic h a  numbe r  o f  word s hav e simila r  meanings ,  w e wan t 

t o generat e outpu t  pattern s suc h tha t  tw o pattern s fro m th e 

same semanti c neighborhoo d hav e mor e bit s  i n common tha n 

tw o pattern s fro m differen t  neighborhoods .  W e captur e thi s 

concep t  usin g th e P { F L I P )  parameter .  Thi s paramete r  i s th e 

probabilit y  tha t  an y singl e bi t  i n th e semanti c representatio n 

wil l  change ,  o r  "flip "  betwee n tw o neighbors .  Thi s control s 

ho w tightl y packe d th e pattern s i n a  neighborhoo d wil l  be . 

We us e th e term s "dense "  an d "sparse "  t o distinguis h lo w an d 

hig h P { F L I P )  value s respectively . 

Al l  pattern s i n a  neighborhoo d ar e generate d fro m a  sin -

gl e prototyp e patter n whic h i s no t  include d i n th e final  se t  o f 

trainin g patterns .  Th e proces s w e us e t o produc e thes e pat -

tern s i s designe d s o that : 

• the probability that a bit in any pattern is a 1 is independent 

of  al l  othe r  bits ,  an d i s give n b y P { O N E ) , 

• the probability that two corresponding bits between a pair 

of  pattern s i n a  neighborhoo d ar e differen t  i s  independen t 

of  al l  othe r  bit s  i n th e patter n an d i s give n b y P{FLIP) . 

First a prototype pattern is generated where each bit is ran-

doml y se t  t o 1  wit h probabilit y  P { O N E ) .  T o generat e a  sin -

gl e exempla r  patter n fro m th e prototype ,  w e randoml y an d 

independentl y decid e whethe r  o r  no t  t o flip  eac h bit .  Thi s de -

cisio n i s mad e i n tw o stages .  First ,  wit h probabilit y  p ,  th e bi t 

i s designate d t o b e resampled .  Next ,  eac h bi t  s o designate d 

i s se t  t o 1  wit h probabilit y  P { O N E )  simila r  t o th e proces s 

fo r  th e origina l  prototype .  Th e valu e o f  an y bi t  whic h i s no t 

designate d t o b e resample d i s lef t  unchanged . 

The valu e o f  th e probabilit y  p  i s chose n s o tha t  th e proba -

bilit y  o f  correspondin g bit s bein g differen t  betwee n tw o pat -

tern s i n th e neighborhoo d wil l  b e P{FLIP) .  Th e valu e o f 

p necessar y t o achiev e a  give n P{FL IP )  varie s dependin g 

upon th e P { O N E )  parameter .  Tha t  is ,  wit h on e settin g o f  p 

fo r  tw o differen t  setting s o f  P { O N E ) ,  th e expecte d distanc e 

betwee n pattern s i n a  neighborhoo d woul d change .  Henc e 

we ha d t o comput e th e prope r  valu e o f  p  fo r  eac h valu e o f 

P{FLIP )  s o tha t  th e expecte d distanc e betwee n tw o pattern s 

i n a  neighborhoo d i s independen t  o f  ou r  choic e o f  P { O N E ) . 

A thir d parameter ,  N N B O R S,  i s  th e tota l  numbe r  o f  pat -

tern s i n th e neighborhood .  Not e tha t  N N B O RS i s inde -

penden t  o f  P{FLIP) .  Fo r  instance ,  i t  i s  possibl e t o hav e 

a tightl y packe d neighborhoo d containin g onl y a  fe w pattern s 

(smal l  P{FLIP) ,  smal l  N N B O R S ) ,  o r  a  loosel y packe d 

neighborhoo d containin g man y pattern s (larg e P{FLIP) , 

larg e N N B O R S ) .  Despit e th e tw o parameter s bein g inde -

pendentl y controlled ,  w e d o expec t  thes e tw o parameter s t o 

have simila r  effect s o n th e simulation ,  s o w e wil l  cal l  a  neigh -

borhoo d containin g man y pattern s "dense "  an d on e wit h fe w 

"sparse" . 

So fa r  w e hav e mentione d thre e parameter s use d t o gen -

erat e ou r  rando m semanti c representations :  Th e P { O N E ) 

paramete r  determine s th e concretenes s o r  imageabilit y  o f  a 

word ,  whil e N N B O RS an d P{FL IP )  determin e ho w man y 

semanti c neighbor s a  wor d ha s an d ho w clos e togethe r  the y 

are .  Ther e i s a  fourt h an d final  paramete r  attache d t o eac h 

word ,  th e F R E Q parameter .  Thi s determine s th e relativ e fre -

quenc y o f  th e word ,  o r  ho w ofte n i t  i s  see n durin g training . 

Tabl e 1  record s th e variou s level s use d fo r  eac h o f  th e fou r 

parameters .  Ou r  bas e simulatio n wa s a 2 x 2 x 2 x 2 exper -

imen t  wit h 6  pattern s i n eac h cel l  fo r  eac h networ k resultin g 

i n 9 6 wor d pattern s fo r  eac h network . 

Table 1: Summary of Simulation Parameters. 

P{ONE) 

P{FLIP ) 

N N B O RS 

F R EQ 

Probablit y tha t  a  bi t  i n 

th e patter n i s a  on e 

Prob .  tha t  bi t  flips  be -

twee n 2  pattern s i n n'hoo d 

Number  o f  pattern s i n 

th e neighborhoo d 

Relativ e numbe r  o f 

presentation s i n trainin g 

0. 1 =  abstrac t 

0. 5 =  concret e 

0.0 5 =  dens e 

0.1 5 =  spars e 

6 =  dens e 

2 =  spars e 

1 =lo w 

4 =  hig h 

Trainin g Metho d 

We traine d an d teste d te n separat e networks ,  eac h wit h dif -

feren t  initia l  weigh t  values ,  an d differen t  set s o f  pattern s gen -

erate d usin g th e parameter s describe d above .  Ou r  network s 

wer e traine d usin g Pearlmutter' s metho d fo r  continuous ,  re -

curren t  back-propagatio n throug h tim e [Pearlmutter ,  1989] . 
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Durin g training ,  befor e th e presentatio n o f  a  ne w inpu t  pat -

tern ,  th e activatio n o f  eac h uni t  (sy )  wa s se t  t o 0.3 ,  an d th e 

time-average d ne t  inpu t  (ly' )  wa s se t  t o -0.8473 ,  whic h i s 

th e inverse-sigmoi d o f  th e initia l  activatio n o f  0.3 .  Thi s ini -

tia l  activatio n valu e wa s chose n a s i t  i s  th e averag e valu e o f 

al l  outpu t  patter n bit s i n th e trainin g set . 

On eac h presentation ,  mea n 0  Gaussia n nois e wit h standar d 

deviatio n 0.0 5 wa s use d t o corrup t  th e inpu t  portio n o f  th e 

trainin g pattern .  Th e activatio n value s o f  th e inpu t  laye r  wer e 

set  a t  tim e t  =  0t o thi s corrupte d pattern ,  an d activatio n wa s 

propagate d forwar d usin g th e formul a o f  th e previou s page , 

unti l  simulatio n tim e t  =  A .  Durin g thi s tim e th e inpu t  laye r 

activation s wer e clampe d t o thei r  noise-corrupte d value s s o 

the y di d no t  chang e betwee n tim e 0  an d 4 . 

Durin g th e bac k propagatio n phase ,  cros s entrop y erro r 

[Hinton ,  1989 ]  betwee n th e activatio n o f  th e outpu t  laye r  an d 

th e outpu t  trainin g patter n wa s injecte d betwee n tim e t  =  2 

and 4 .  Th e erro r  accumulate d durin g thi s perio d wa s back -
propagate d t o tim e 0 ,  bu t  n o farther . 

Gradien t  descen t  wit h m o m e n t u m wa s use d t o calculat e 

ne w weights ,  an d th e weigh t  change s wer e applie d befor e th e 
nex t  patter n wa s presented .  Th e learnin g rat e wa s 0.005 ,  wit h 

momen tu m 0.8 .  Eac h networ k wa s traine d fo r  100 0 epoch s 

at  T  =  0.2 .  Thi s wa s followe d b y "annealin g training "  con -

sistin g o f  6 0 epoch s a t  t  =  0.05 ,  an d 4 0 mor e epoch s a t 

r  =  0.01 . 

Simulation 1 - Results & Discussion 

Afte r  training ,  w e assesse d th e settlin g time s fo r  eac h o f  th e 

96 pattern s fo r  eac h o f  th e te n networks .  Eac h networ k uni t 

was initialize d t o it s startin g activatio n o f  0.3 ,  an d allowe d t o 

settle .  I n thi s simulation ,  th e networ k wa s considere d settle d 

when n o outpu t  uni t  change d b y mor e tha n 0.00 1 i n a  singl e 

tim e tick .  Thi s i s th e metho d use d i n [Plaut ,  1995] ,  an d i s 

simila r  t o tha t  o f  [Plau t  e t  al. ,  1996] . 

At  thi s point ,  fo r  ever y trainin g pattern ,  th e su m square d 

erro r  o n th e final  activatio n o f  th e networ k i s withi n y/O ^  o f 

th e trainin g pattern ,  whic h i s adequat e t o assur e u s tha t  n o bi t 

i s of f  b y mor e tha n 0.5 . 

Figur e 2  plot s th e mai n effect s o n settlin g tim e fo r  th e fou r 

parameters .  I n thes e graphs ,  th e dependen t  axi s plot s th e av -

erag e amoun t  o f  simulatio n tim e th e networ k too k t o settl e t o 

a stabl e semanti c output .  Th e erro r  bar s plo t  on e standar d er -

ro r  o n eac h sid e o f  th e mean .  M e a n settlin g time s ar e plotte d 

afte r  variou s amount s o f  trainin g rangin g fro m 20 0 t o 100 0 

epochs .  Th e weight s use d i n thes e graph s wer e derive d b y 

doin g annealin g trainin g startin g fro m th e weight s produce d 

on th e sam e se t  o f  1 0 network s afte r  200 ,  400 ,  600 ,  800 ,  an d 

100 0 epoch s o f  training . 

We performe d 2 x 2 x 2 x 2 repeate d measure s A N O V As 

on th e settlin g time s a t  100 0 epochs .  Eac h o f  th e 1 0 network s 

was treate d a s a  separat e subject ,  an d al l  4  factor s wer e treate d 

as withi n subjec t  source s o f  variance .  Th e result s sho w tha t 

al l  th e mai n effects ,  excep t  fo r  N N B O R S,  ar e significant . 

Frequen t  word s settl e faste r  tha n infrequen t  (FpREQi'i-,^ ) 
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Figur e 2 :  Mai n Effec t  fo r  Simulatio n 1 

= 897 7 < 0 001). Abstract words are faster than con-

Cret e ( F ; L k ) ( 1 . 9 )  =  12.1 ,  P  =  0.007) .  Th e influenc e o f 
th e P ( F L I P )  paramete r  i s t o mak e word s i n dens e seman -

ti c neighborhood s faste r  {Fp(FUP){'^,^ )  =  6.90 ,  p  =  0.027) . 

Th e directio n o f  influenc e fo r  N N B O R S i s consisten t  wit h 

P { F L I P ) ,  bu t  th e resul t  i s  no t  significan t  {Fnnbors{ ' ^ ,  9 ) 

= 4.92 ,  p  =  0.054) . 

Th e sam e patter n o f  significanc e i s obtaine d whe n th e anal -

ysi s i s performe d a t  200,400 ,  600 ,  an d 80 0 epochs .  W e hav e 

als o performe d preliminar y trial s usin g a  numbe r  o f  othe r 

manipulations :  changin g th e magnitud e o f  th e stoppin g cri -

terion ,  th e rang e o f  th e P { O N E )  parameter ,  an d th e rang e 

of  F R E Q .  Wit h th e exceptio n o f  th e F R E Q experiment , 

non e o f  thes e manipulation s ha d an y noticeabl e effec t  o n th e 

result .  I n th e F R E Q manipulation ,  frequencie s o f  1  an d 8 

wer e used .  Al l  significan t  effect s wer e th e sam e a s reporte d 

abov e excep t  fo r  P { F L I P )  whic h showe d a  non-significan t 

tren d consisten t  wit h ou r  reporte d results .  Informa l  analysi s 

suggest s tha t  muc h o f  th e effec t  o f  P { F L I P )  i s los t  a t  hig h 

frequencies . 

Th e fac t  tha t  abstrac t  word s ar e faste r  tha n concret e word s 

i s inconsisten t  wit h th e findings  o f  a  numbe r  o f  psycholin -

guisti c studie s whic h repor t  tha t  reactio n time s t o abstrac t 

word s i n th e namin g an d lexica l  decisio n task s ar e slowe r 

tha n t o concret e words .  Thes e findings  wer e summarize d i n 

th e introductio n t o thi s paper .  Thi s i s a  proble m fo r  thos e w h o 

believ e tha t  attracto r  network s mak e goo d model s o f  lexica l 

acces s phenomena ,  whil e a t  th e sam e tim e hol d tha t  th e pri -

mar y distinctio n betwee n abstrac t  an d concret e word s i s tha t 

concret e word s hav e dense r  semanti c bi t  representations .  Ou r 

finding  suggest s tha t  a  differenc e i n th e densit y o f  th e bi t  rep -

resentatio n i s inadequat e t o explai n reactio n tim e difference s 
of  huma n subjects . 

Th e simulatio n show s tha t  bein g i n a  dens e semanti c neigh -

borhoo d result s i n decrease d settlin g times .  Thi s i s consis -

ten t  wit h th e regularit y effec t  i n reading .  There ,  accordin g 

t o [Seidenber g &  McClelland ,  1989 ]  an d [Plau t  etal. ,  1996 ] 
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th e effec t  i s a  resul t  o f  neighborhoo d training .  Trainin g o n 
on e patter n ha s th e effec t  o f  reducin g reactio n time s o n sim -
ila r  patterns .  I n ou r  simulation ,  th e mappin g betwee n input s 
and output s i s random .  Knowin g th e correc t  outpu t  fo r  som e 
inpu t  ca n giv e n o informatio n abou t  wha t  i s th e correc t  out -
put  fo r  an y othe r  input .  Therefore ,  th e resul t  reporte d i n thi s 
pape r  canno t  b e cause d b y th e sam e kin d o f  neighborhoo d 
training .  W e sugges t  rathe r  tha t  trainin g o n a  patter n ma y 
hav e th e effec t  o f  decreasin g settlin g tim e o f  pattern s whic h 
ar e nearb y i n outpu t  space .  Thi s within-domai n neighbor -
hoo d effec t  i s  distinc t  fro m th e neighborhoo d trainin g ob -
serve d b y [Seidenber g &  McClelland ,  1989 ]  whic h w e wil l 
cal l  a  between-domai n neighborhoo d effect ,  althoug h i t  ma y 
hav e significan t  influenc e o n settlin g time s eve n i n problem s 
whic h featur e a  regula r  mapping .  Furthe r  stud y t o determin e 
th e relativ e siz e o f  thes e tw o effect s i s required . 

For  problem s withou t  a  regula r  mapping ,  thi s within -
domai n neighborhoo d effec t  ma y serv e a s a  distinctiv e pre -
dictio n o f  attracto r  networ k models .  A s such ,  i t  i s a  candidat e 
fo r  distinguishin g betwee n suc h model s an d alternativ e hy -
potheses . 

Simulation 2 • Results & Discussion 

We rera n th e testin g phas e o f  th e previou s section ,  usin g 
th e sam e se t  o f  te n networks ,  an d th e sam e fina l  weights . 
Th e onl y differenc e betwee n thi s ru n an d th e earlie r  on e i s 
tha t  i n thi s secon d ru n hidde n unit s a s wel l  a s outpu t  unit s 
wer e include d i n th e tes t  fo r  settling .  Unde r  thi s ne w stop -
pin g criterion ,  eac h o f  th e mai n effect s i s significan t  a t  p  < 
0.05 .  Unfortunately ,  th e directio n o f  al l  o f  th e effect s ex -
cep t  frequenc y ar e reversed .  Frequen t  word s ar e stil l  facili -
tate d (Ff req{1 ,  9 )  =  247.1 ,  p  <  0.001) .  However ,  no w con -
cret e word s ar e faste r  tha n abstrac t  {Fp(^oNE )  (1.9 )  =  208.5 , 
p <  0.001) .  Also ,  eac h o f  th e factor s controllin g th e den -
sit y o f  a  semanti c neighborhoo d no w interfere s wit h settlin g 
(i^p(FL/P)(1.9 )  =  52.5 ,  p  <  0.001 ;  F n n b o « 5 ( 1 , 9 )  =  13.1 , 
p =  0.006) .  Figur e 3  plot s th e results . 

We hav e recentl y successfull y reproduce d th e result s o f 
[Plaut ,  1995] ,  whic h demonstrate s possibl e mechanism s be -
hin d associativ e an d semanti c primin g i n a n attracto r  networ k 
model .  I n [Plaut ,  1995] ,  associativ e primin g i s show n t o hav e 
a muc h stronge r  influenc e o n reactio n time s tha n doe s seman -
ti c priming .  W e hav e foun d tha t  i n ou r  replicatio n includin g 
hidde n unit s i n th e stoppin g criterio n ha s th e effec t  o f  revers -
in g thi s result .  Wit h hidde n unit s i n th e stoppin g criterion , 
semanti c primin g ha s a  stronge r  influenc e tha n doe s associa -
tiv e priming .  Fo r  detail s se e [Clouse ,  1998] . 

Not e tha t  i n bot h set s o f  simulations ,  th e onl y chang e i n 
methodolog y wa s th e introductio n o f  hidde n unit s int o th e 
stoppin g criterion .  H o w coul d suc h a  smal l  chang e hav e suc h 
a larg e impac t  o n th e results ? 

Give n som e inpu t  patter n an d som e se t  o f  weights ,  th e tra -
jector y followe d throug h activatio n spac e fo r  th e tw o test s 
must  necessaril y  b e identica l  u p t o th e poin t  wher e th e output -
onl y criterio n i s met .  Afte r  thi s point ,  th e outpu t  unit s chang e 
ver y little ,  bu t  th e hidde n unit s continu e t o chang e unti l  th e 
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Figure 3: Main Effect for Simulation 2 
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Figur e 4 :  Settlin g time s fo r  tw o word s 

settling criterion is met. The time during which the hidden 
unit s chang e b y themselve s i s approximatel y hal f  th e lengt h 
of  tim e require d fo r  th e outpu t  unit s t o reac h criterion .  Thi s 
i s lon g enoug h t o revers e muc h i f  no t  al l  o f  th e differenc e i n 
settlin g time s o f  th e outpu t  units .  Se e figure  4 . 

For  th e cas e o f  th e P { O N E )  effect ,  w e hav e som e under -
standin g o f  wh y th e settlin g tim e reverse s whe n hidde n unit s 
ar e include d i n th e stoppin g criterion .  Th e settlin g behavio r 
ca n b e characterize d b y a  numbe r  o f  stages .  I n th e earlies t 
stag e littl e influenc e from  th e inpu t  patter n ha s ye t  "leake d 
through "  t o th e outpu t  layer .  Th e observe d behavior ,  whic h 
we believ e i s base d mainl y o n th e bia s weight s o f  th e out -
put  units ,  i s  t o tur n al l  output s off .  Thi s i s followe d b y a 
secon d stag e i n whic h selecte d bit s correspondin g t o one s i n 
th e targe t  patter n ar e turne d o n i n th e output .  Th e distanc e 
travele d fro m al l  zero s t o th e correc t  numbe r  o f  outpu t  one s 
i s muc h greate r  fo r  pattern s wit h P { O N E )  =  0. 5 tha n fo r 
thos e wit h P { O N E )  =0.1 .  Thi s ma y accoun t  fo r  th e longe r 
settlin g time s fo r  concret e pattern s whe n onl y th e outpu t  unit s 
ar e teste d fo r  settling .  I n th e final  stage ,  afte r  th e outpu t  unit s 
hav e settled ,  th e outpu t  unit s chang e ver y little ,  therefor e th e 
hidde n unit s ar e settlin g unde r  constan t  input .  Th e formula s 
governin g activatio n unde r  thes e condition s dictat e tha t  unit s 
wit h mor e extrem e input s wil l  ten d t o reac h settlin g criterio n 
faste r  tha n thos e wit h input s nea r  zero .  W e hav e observe d 
tha t  th e input s t o hidde n unit s ar e generall y mor e extrem e fo r 
pattern s wit h P { O N E )  =  0.5 ,  whic h account s fo r  th e faste r 
settlin g o f  hidde n unit s fo r  thes e patterns .  Tha t  th e input s 
t o P { O N E )  — 0. 5 pattern s ar e mor e extrem e i s reasonabl e 
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considerin g tha t  thes e input s consis t  o f  mor e non-zer o terms , 

due t o th e greate r  numbe r  o f  one s i n th e output .  W e hav e ye t 

t o wor k ou t  a  satisfyin g explanatio n fo r  th e semanti c neigh -

borhoo d effect . 

Sinc e changin g th e stoppin g criterio n ha s suc h a  profoun d 

influenc e o n th e simulatio n results ,  a  principle d choic e o f 

stoppin g criterio n i s ver y important .  C o m m on practic e i s t o 

exclud e hidde n unit s fro m th e stoppin g criterion .  This ,  w e 

believe ,  i s  base d o n th e reasonabl e assumptio n tha t  th e ac -

tivatio n o f  th e hidde n unit s is ,  b y definition ,  no t  visibl e t o 

othe r  networks ,  an d therefor e ha s n o influenc e thei r  behavior , 

includin g an y networ k whos e tas k require s decidin g i f  thi s 

networ k ha s settled . 

Conclusion 

I n thi s pape r  w e hav e reporte d th e result s o f  a  simulatio n o f 

th e effect s o f  a  numbe r  o f  differen t  variable s o n a n existin g 

attracto r  networ k mode l  o f  th e mappin g fro m orthograph y t o 

semantics .  W e find  significan t  effect s o f  frequency,  th e num -

ber  o f  one s i n th e outpu t  pattern ,  an d tw o measure s o f  neigh -

borhood  density . 

We find  tha t  mor e one s i n th e outpu t  patter n tend s t o slo w 

setding .  On e possibl e representatio n o f  concret e word s use d 

by connectionist s include s mor e on e bits .  Sinc e th e psy -

cholinguisti c literatur e suggest s tha t  reactio n time s t o con -

cret e word s ar e faste r  tha n t o abstract ,  ou r  resul t  suggest s tha t 

thi s representatio n cause s a  conflic t  wit h huma n behavior .  A 

more radica l  conclusion ,  no t  share d b y bot h authors ,  i s  tha t 

concret e word s shoul d b e represente d b y pattern s wit h fe w 

bit s on ,  suggestin g a  mor e "focal "  patter n o f  activity .  W e als o 

find  a  semanti c neighborhoo d effec t  i n whic h word s whic h 

hav e man y semanticall y simila r  word s i n th e languag e ten d 

t o settl e faster . 

I n a  secon d se t  o f  simulations ,  w e sho w tha t  bot h o f  thes e 

effect s revers e whe n hidde n unit s ar e include d i n th e stop -

pin g criterion .  Thi s w e interpre t  a s a n effec t  whic h i s o f  inter -

est  principall y t o neura l  networ k researchers ,  rathe r  tha n a s a 

predictio n o f  huma n behavior . 
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