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Abstrac t 

An investigatio n o f  th e capacit y o f  distribute d system s t o 
represen t  pattern s o f  activatio n i n paralle l  i s  presented . 
Connectionis t  model s o f  lexica l  ambiguit y hav e capture d 
thi s capacit y b y activatin g th e arithmeti c mea n o f  th e 
vector s representin g th e relevan t  meaning s t o for m a  lexica l 
blend .  However ,  a  mor e extrem e tes t  o f  thi s syste m occur s 
i n a  distribute d mode l  o f  lexica l  acces s i n speec h 
perception ,  whic h ma y requir e a  lexica l  blen d t o represen t 
transientl y th e meaning s o f  hundred s o f  words .  I  sho w tha t 
ther e i s a  stric t  limi t  o n th e numbe r  o f  distribute d pattern s 
tha t  ca n b e represente d effectivel y b y a  lexica l  blend .  Thi s 
limi t  i s  dependen t  t o som e exten t  o n th e structur e an d 
conten t  o f  th e distribute d space ,  whic h i n th e cas e o f  lexica l 
acces s correspond s t o structur e an d conten t  o f  th e menta l 
lexicon .  Thi s limitatio n implie s tha t  distribute d model s 
canno t  b e simpl e re-implementation s o f  paralle l  localis t 
model s an d offer s a  valuabl e opportunit y t o distinguis h 
experimentall y betwee n localis t  an d distribute d model s o f 
cognitiv e processes . 

Introduction 

O ne o f  th e cornerstone s o f  th e connectionis t  enterpris e i s 
th e representatio n o f  informatio n i n a  distribute d fashion : 
Eac h patter n i s represente d ove r  m a n y processin g unit s an d 
eac h processin g uni t  form s par t  o f  m a n y patterns .  Thi s 
contrast s directl y wit h localis t  systems ,  i n whic h eac h 
concep t  i s represente d b y th e activatio n o f  a  singl e word . 
Localis t  model s hav e bee n valuabl e i n modelin g perceptua l 
processe s i n whic h th e degre e o f  matc h betwee n sensor y 
inpu t  an d a  se t  o f  possibl e candidate s fo r  identificatio n ca n 
be represente d i n term s o f  a  se t  o f  activatio n values ;  eac h 
candidat e havin g a  separat e activatio n (e.g. ,  Morton , 
1969) .  T h e essentia l  poin t  abou t  thi s typ e o f  syste m i s tha t 
ther e i s n o limi t  t o th e numbe r  o f  candidate s tha t  ca n b e 
activate d i n parallel ,  sinc e eac h i s  independentl y 
represented . 

Activatio n o f  multipl e candidate s i n distribute d network s 
has bee n achieve d b y averagin g o r  "blending "  th e relevan t 
vector s t o for m a  patter n simila r  t o al l  it s  constituents . 
Multipl e candidate s ca n b e sai d t o b e activate d t o th e 
exten t  tha t  the y ar e nea r  t o th e blen d i n vecto r  spac e (e.g. , 
K a w a m o t o ,  1993) .  However ,  i t  i s  no t  clea r  whethe r  thi s 
approac h represent s a  litera l  re-implementatio n o f  localis t 

activation s o r  whethe r  i t  i s  merel y a n approximatio n t o th e 
localis t  systems ,  wit h inheren t  limitations . 

I n thi s article ,  I  pu t  th e distribute d blendin g approac h 
throug h it s  paces ,  examinin g a  variet y o f  lexica l 
representations .  I  tackl e thi s proble m fro m a n abstrac t 
perspective ,  rejectin g actua l  networ k simulation s i n favo r 
of  simpl e mathematica l  an d statistica l  analyse s o f  vecto r 
spaces .  Thi s allow s a  wid e rang e o f  relevan t  parameter s t o 
be explore d withou t  restrictin g th e scop e o f  th e analysi s t o 
on e particula r  networ k architectur e o r  learnin g algorithm . 

Thes e analyse s ar e discusse d wit h referenc e t o localis t 
and distribute d model s o f  h u m a n speec h perception . 
Speec h perceptio n provide s a n importan t  test-be d fo r 
question s o f  paralle l  activation ,  partl y becaus e th e field  ha s 
bee n dominate d b y model s i n whic h wor d candidate s ar e 
represente d i n a  localis t  fashio n (e.g. ,  Marslen-Wilson , 
1987 ;  McClellan d &  Ehnan ,  1986) .  M o r e importantly , 
however ,  th e tempora l  natur e o f  speec h allow s u s t o 
examin e paralle l  activatio n durin g th e time-cours e o f 
perceptio n o f  word s (e.g. ,  Zwitserlood ,  1989) .  Thi s create s 
th e potentia l  fo r  experimentall y distinguishin g betwee n 
localis t  an d distribute d model s o f  cognitiv e processing . 

A Distributed Model of Speech Perception 

Paralle l  model s o f  speec h perceptio n suc h a s Cohor t 
(Marslen-Wilson ,  1987 )  an d T R A C E (McClellan d & 
Ehnan ,  1986 )  assum e tha t  a s a  wor d i s heard ,  m a n y wor d 
candidate s ar e assesse d simultaneously .  Th e Cohor t  mode l 
goe s further ,  arguin g tha t  a s thes e wor d candidate s ar e 
evaluate d thei r  meaning s als o becom e activated . 
Experimenta l  evidenc e fo r  thi s behavio r  come s fro m 
primin g studie s (e.g. ,  Zwitserlood ,  1989) ,  i n whic h a n 
ambiguou s wor d onse t  (e.g. ,  /kaept/ )  facilitate s th e 
recognitio n o f  target s relate d i n meanin g t o mor e tha n on e 
possibl e continuatio n o f  th e stimulu s (e.g. ,  shi p relate d t o 
captain ,  priso n relate d t o captive) .  However ,  th e exten t  t o 
whic h paralle l  activatio n occur s (i.e. ,  whethe r  i t  extend s t o 
larg e cohorts )  remain s unknown . 

Cohor t  an d T R A C E ar e essentiall y  localis t  models ,  i n 
whic h th e goodnes s o f  fit  betwee n eac h wor d candidat e an d 
th e incomin g speec h i s represente d b y a  separat e activatio n 
value .  Gaskel l  &  Marslen-Wilso n (1995 )  examine d th e 
effect s o f  implementin g th e lexica l  acces s proces s fo r 
speec h i n a  distribute d learnin g system .  The y traine d a 
simpl e recurren t  networ k t o lea m th e mappin g from  a 
strea m o f  phoneti c feature s (segmente d int o phoneme-lik e 
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units )  ont o distribute d representation s encompassin g th e 
meanin g an d phonologica l  for m o f  words .  Lexica l  acces s i s 
interprete d i n term s o f  movemen t  throug h a  multi -
dimensiona l  space ,  wit h wor d representation s bein g fixe d 
point s i n thi s spac e (se e Figur e 1) .  Th e outpu t  o f  th e 
networ k plot s th e cours e o f  thi s movement :  A s speec h 
informatio n graduall y enter s th e network ,  th e activatio n o f 
matchin g word s i s reflecte d b y constructin g a  blen d o f  thei r 
distribute d representations .  W h e n th e onse t  o f  a  wor d i s 
presente d a t  th e input ,  th e networ k output s a  blen d o f  th e 
representation s o f  al l  th e word s containin g tha t  onset .  A s 
mor e speec h come s in ,  thi s blen d ca n b e refine d t o 
represen t  th e reduce d se t  o f  word s tha t  stil l  matc h th e 
speec h inpu t  Thi s refinemen t  continue s unti l  th e numbe r 
of  word s matchin g th e inpu t  reduce s t o 1 .  A t  thi s poin t  (th e 
uniquenes s point )  th e networ k ca n isolat e th e ful l 
distribute d representatio n o f  th e remainin g word :  I t  ha s 
reache d a n endpoin t  i n th e lexica l  space . 

at  bes t  outpu t  a  valu e hal f  wa y betwee n th e correspondin g 
point s i n lexica l  space .  W h e n mor e word s ar e par t  o f  a 
lexica l  blend ,  th e distanc e betwee n th e blen d an d tJi e 
componen t  word s i s greate r  (an d thu s i n localis t  terms , 
lliei r  activation s ar e smaller) . 

Figur e 2  (bol d line )  illustrate s thi s patter n usin g a 
randoml y define d lexica l  spac e wit h 20 0 binar y 
dimensions .  Eac h wor d i s represente d b y a  vector ,  wit h 
eac h elemen t  o f  th e vecto r  havin g a  5 0 % chanc e o f  bein g 
on o r  off .  Set s o f  targe t  pattern s wer e randoml y selecte d 
and a  blen d vecto r  wa s calculate d b y takin g th e m e a n ove r 
al l  targe t  value s fo r  eac h element .  Th e root-mea n square d 
( R M S)  distanc e fro m thi s blen d vecto r  wa s the n calculate d 
fo r  al l  th e targe t  vectors .  Eac h poin t  i n Figur e 2  i s base d o n 
th e mea n o f  6 4 values .  A s th e numbe r  o f  targe t  pattern s 
increases ,  tliei r  distanc e fro m th e blen d als o increases . 
Thus ,  wor d activatio n a s modele d b y proximit y i s highl y 
dependen t  o n th e numbe r  o f  candidate s remainin g active . 

C a p t a i n 
/kaeptm / 

/kaepti / 
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/ks / 
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Figur e 1 .  Lexica l  acces s a s a  trajector y throug h lexica l 
space .  T h e dot s m a r k w o r d representation s an d th e lin e 

mark s th e pat h o f  th e networ k outpu t  vecto r  a s speec h i s 
processed . 

Lexical Distance and Activation 

Localis t  model s o f  auditor y lexica l  acces s us e th e 
activatio n metapho r  t o indicat e th e statu s o f  recognitio n 
process—th e degre e o f  matc h betwee n eac h wor d an d th e 
incomin g speec h i s reflecte d i n th e word' s activatio n value . 
I n th e distribute d model ,  thi s activatio n i s encode d 
implicitl y  b y th e positio n o f  th e outpu t  vecto r  i n lexica l 
space—th e degre e t o whic h an y word' s lexica l 
representatio n ha s bee n retrieve d depend s o n th e proximit y 
of  th e representatio n t o th e outpu t  o f  th e network .  Thi s 
proximit y valu e i s highl y dependen t  o n th e numbe r  o f 
word s tha t  mus t  b e activated .  I f  th e uniquenes s poin t  o f  a 
wor d ha s bee n reached ,  th e networ k merel y ha s t o 
reproduc e th e lexica l  representatio n o f  tha t  wor d an d s o th e 
distanc e betwee n th e outpu t  o f  th e networ k an d th e 
representatio n o f  tha t  wor d i s likel y t o b e small .  Thi s 
correspond s t o a  hig h degre e o f  activatio n fo r  th e wor d i n a 
localis t  model .  I f  (a s i n th e captain/captiv e case )  th e inpu t 
i s temporaril y  consisten t  wit h tw o words ,  th e networ k ca n 

Figur e 2 .  Mean ,  m a x i m u m an d m i n i m u m distance s fro m 
blend s o f  target s t o targe t  an d competito r  populations . 

It is important to relate the distance of these lexical 
blend s fro m targe t  representation s t o th e overal l  populatio n 
of  distances .  T o b e a n effectiv e representatio n o f  it s 
component s a  blen d shoul d no t  onl y b e clos e t o th e 
components ,  i t  shoul d als o b e relativel y distan t  fro m othe r 
words .  I t  follow s tha t  representationa l  effectivenes s ca n b e 
evaluate d i n signa l  detectio n terms :  a  blen d i s a n effectiv e 
representatio n o f  it s component s (th e targets )  i f  th e targe t 
and competito r  population s ca n b e separate d o n th e basi s o f 
lexica l  distanc e alone .  Figur e 2  als o plot s th e distance s 
fro m th e lexica l  blend s t o a  se t  o f  vector s representin g 
unrelate d word s i n th e network' s menta l  lexicon :  300 0 
randoml y chose n vector s wit h th e sam e propertie s a s th e 
targe t  vectors . 

W h en th e numbe r  o f  targe t  pattern s i s small ,  lexica l 
blend s ar e m u c h close r  t o thos e targe t  vector s tha n t o an y 
of  th e competito r  words .  Fo r  example ,  whe n th e lexica l 
blen d i s base d o n tw o targe t  patterns ,  th e R M S distanc e 
betwee n thos e pattern s an d th e blen d i s 0.36 .  Thi s i s 
comfortabl y close r  tha n th e neares t  competitor ,  whic h i s 
0.5 3 fro m th e blend .  HowevCT ,  a s th e numbe r  o f  targe t 
pattern s increases ,  th e signa l  begin s t o merg e wit h th e 
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nois e an d th e blend s becom e les s informative .  I t  soo n 
becomes impossibl e t o wor k ou t  whic h o f  th e word s th e 
blen d i s intende d t o represen t  o n th e basi s o f  proximity .  I t 
seems tha t  modelin g paralle l  activatio n i n thi s wa y impose s 
a limi t  o n th e numbe r  o f  word s tha t  ca n b e usefull y 
activated .  I f  to o m a n y distribute d pattern s ar e blende d 
together ,  th e interferenc e betwee n the m become s larg e an d 
ther e i s a  goo d chanc e o f  som e spuriou s patter n fallin g 
close r  t o th e blen d tha n m a n y o f  th e targe t  patterns .  Hinto n 
an d Shallic e (1991 )  sho w tha t  a  blen d o f  tw o vector s i n thi s 
typ e o f  syste m wil l  alway s b e a s clos e t o thos e vector s a s 
an y othe r  vecto r  (i f  no t  closer) .  However ,  fo r  blend s o f  a 
large r  numbe r  o f  word s thi s i s no t  th e case :  i t  become s 
possibl e (an d eve n probable )  tha t  othe r  vector s wil l  fal l 
close r  t o th e blen d tha n on e o r  mor e o f  th e targe t  vectors . 

I t  follow s tha t  a  distribute d syste m canno t  implemen t 
localis t  activatio n model s literally .  Suc h model s m a y 
permi t  m a n y thousand s o f  candidate s t o b e activ e earl y i n 
th e processin g o f  a  stimulus .  Becaus e representation s ar e 
localist ,  thes e candidate s ca n b e simultaneousl y activate d 
withou t  an y dange r  o f  confusin g th e activ e candidate s fro m 
th e inactiv e ones .  Th e distribute d equivalen t  ca n reac h th e 
same endpoin t  a s a  localis t  mode l  (th e correc t 
identificatio n o f  a  perceptua l  stimulus) ,  bu t  i n th e earl y 
stage s o f  processin g it s stat e doe s no t  completel y 
distinguis h betwee n matchin g an d mismatchin g candidates . 
Th e numbe r  o f  candidate s a  distribute d networ k ca n 
activat e effectivel y i n paralle l  i s  limited . 

Thi s conclusio n seem s reasonable ,  bu t  sinc e th e assume d 
lexica l  syste m involve s a  numbe r  o f  arbitrar y parameter s i t 
shoul d b e treate d wit h som e caution .  I n th e followin g 
sections ,  I  explor e th e exten t  t o whic h usin g differen t 
lexica l  system s alte r  th e propertie s o f  a  distribute d lexica l 
acces s process . 

Dimensionality of Lexical Space 

Th e exten t  t o whic h multipl e lexica l  representation s ca n b e 
activate d simultaneousl y i n a  distribute d lexico n depend s 
i n par t  o n th e numbe r  o f  dimension s i n tha t  lexica l  space . 
I n orde r  t o discriminat e betwee n th e component s o f  a 
lexica l  blen d (th e "active "  words )  an d thei r  competitor s 
(al l  othe r  word s i n th e menta l  lexicon) ,  th e component s 
must  matc h th e blen d o n mor e feature s tha n th e 
competitors .  Again ,  assumin g competitor s ar e randoml y 
distribute d throug h th e lexica l  space ,  thi s mean s tha t  eac h 
competito r  wil l  hav e a  certai n chanc e o f  matchin g th e 
blen d o n eac h feature .  I f  ther e i s a  smal l  numbe r  o f 
feature s an d a  larg e numbe r  o f  competitors ,  the n th e lexica l 
spac e become s crowde d an d ther e i s a  goo d chanc e o f  a t 
leas t  on e competito r  bein g sufficientl y simila r  t o a  lexica l 
blen d t o caus e interference .  A s th e numbe r  o f  dimension s 
or  feature s rises ,  thi s likelihoo d diminishe s an d th e 
capabilit y  o f  th e lexica l  syste m t o accommodat e multipl e 
representation s increases . 

Thi s wa s demonstrate d usin g randoml y chose n 
competito r  sets ,  agai n wit h binar y dimension s an d a  5 0 % 
chanc e o f  eac h elemen t  bein g se t  t o 1 .  W e define d th e 
separabilit y  o f  targe t  an d competito r  population s t o b e th e 
differenc e betwee n th e mea n targe t  distanc e an d th e 

m i n i m u m competito r  distance .  Thi s give s a  simpl e measur e 
of  th e representationa l  effectivenes s o f  th e blend .  A  hig h 
separabilit y  valu e implie s tha t  th e tw o population s ar e 
separabl e o n th e basi s o f  distanc e fro m th e blen d vecto r 
and indicate s tha t  th e syste m i s adequatel y representin g th e 
targe t  pattern s i n parallel . 

For  eac h lexica l  space ,  consistin g o f  betwee n 5 0 an d 80 0 
dimensions ,  th e separabilit y  o f  th e targe t  an d competito r 
set s decrease s a s th e numbe r  o f  pattern s i n th e targe t 
increase s (se e Figur e 3) .  However ,  a s th e dimensionalit y o f 
th e spac e rises ,  th e targe t  representation s becom e easie r  t o 
separat e fro m th e noise .  Thi s effec t  i s  mos t  obviou s i n th e 
x-axi s zero-crossin g point s fo r  eac h space ,  whic h ca n b e 
though t  o f  a s a  measur e o f  th e capacit y o f  th e syste m fo r 
simultaneou s representatio n o f  distribute d forms .  Thi s 
capacit y rise s fro m abou t  4  t o 3 2 a s th e dimensionalit y o f 
th e spac e ris e fro m 5 0 t o 800 .  Thus ,  increasin g th e numbe r 
of  dimension s i n th e lexica l  spac e improve s th e capacit y 
fo r  activatin g multipl e representation s i n parallel .  I t  i s 
difficul t  t o determin e wher e th e huma n syste m lie s alon g 
thi s continuu m o f  dimensionality ,  bu t  i t  m a y b e bes t  t o 
thin k o f  dimensionalit y a s a  measur e o f  richnes s o r  degree s 
of  freedo m i n lexica l  representations .  Eac h wa y o f 
distinguishin g betwee n tw o word s add s a n extr a dimensio n 
or  featur e t o th e representatio n an d mor e obliquel y add s t o 
th e capacit y o f  th e syste m t o represen t  multipl e lexica l 
entrie s i n parallel . 

o 

o 
c 
» 
o 

»<-20 0 

Pattern s 

Figure 3. Effect of dimensionality on separability of target 
and competito r  populations .  Th e y-axi s plot s th e min imu m 

competito r  distanc e minu s th e mea n targe t  distance . 

Sparseness of Lexical Representations 

M a ny model s o f  cognitiv e functionin g (e.g. ,  Hinto n & 
Shallice ,  1991 ;  Plau t  &  Shallice ,  1993 )  hav e assume d tha t 
distribute d lexica l  representation s ar e sparse ,  meanin g tha t 
eac h word' s representatio n wil l  involv e th e activatio n o f 
onl y a  smal l  numbe r  o f  elements .  Th e nee d fo r  spars e 
representation s i s mos t  obviou s wit h binar y micro-featura l 
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representation s o f  wor d meaning ,  wher e eac h featur e i s 
onl y relevant  t o a  smal l  minorit y o f  words .  I n les s litera l 
representations ,  sparsenes s m a y translat e t o a  hig h degre e 
of  correlatio n betwee n th e distribute d vector s representin g 
words .  Thi s facto r  seem s boun d t o affec t  th e capacit y fo r 
simultaneou s activation—^afte r  al l  th e localis t  position , 
whic h i s ideall y suite d t o paralle l  activation ,  occupie s on e 
end o f  th e continuu m o f  sparseness .  Th e representation s 
examine d s o far ,  i n whic h 5 0 % o f  al l  element s wer e 
randoml y se t  t o 1 ,  li e a t  th e opposit e en d o f  thi s continuum . 

Figur e 4  show s th e effect s o f  manipulatin g sparseness , 
usin g th e separabilit y  measur e define d earlier .  Target s an d 
competito r  set s i n a  20 0 dimensiona l  spac e wer e assigne d 
distribute d representation s randomly ,  bu t  th e probabilit y  o f 
any elemen t  bein g se t  t o 1  (p„ )  varie d fro m 0.0 5 t o 0.5 . 
Competito r  se t  siz e wa s fixed  a t  300 0 words .  Als o plotte d 
i s th e sam e measur e fo r  a  se t  o f  localis t  representation s 
(local )  an d fo r  a  "near-Iocalist "  syste m o f  2  element s o n 
per  wor d (2feat) .  Fo r  th e localis t  representation ,  th e 
number  o f  competitor s i s limite d b y th e numbe r  o f 
element s i n th e vector ,  bu t  sinc e eac h competito r  i s 
equidistan t  from  th e blends ,  thi s ha s n o effec t  o n th e 
results . 

0.6 

0,5 -

x-S" / 

A - 2 0 % 

t—50% 

Pattern s 
64 

Figur e 4 .  Effec t  o f  sparsenes s o f  representatio n o n 
separability .  Th e ke y give s th e mea n percentag e o f 

element s se t  t o 1  pe r  pattern .  Th e loca l  an d 2fea t  curve s ar e 
explaine d i n th e text . 

The pattern that emerges from this manipulation is 
complex .  Thi s i s partl y becaus e a s sparsenes s decrease s th e 
rang e o f  possibl e distance s i n th e lexica l  spac e i s reduced , 
whic h ha s th e effec t  o f  flattening  th e curve s fo r  th e sparse r 
representations .  Th e mos t  salien t  featur e o f  eac h curv e i s 
th e X-axi s zero-crossin g poin t  Thi s mark s th e poin t  a t 
whic h th e neares t  competito r  i s  a s clos e t o th e blend s a s th e 
averag e targe t  an d give s a n indicatio n o f  th e poin t  a t  whic h 
th e signa l  disappear s int o th e noise .  A s p „  reduce s from  0. 5 

t o 0.05 ,  thi s zero-CTOssin g drop s from  roughl y 8  t o 2 
patterns .  Thi s implies ,  perhap s surprisingly ,  tha t  th e 
capacit y fo r  multipl e representatio n drop s a s sparsenes s 
increases .  Th e curv e fo r  th e 2-featur e representatio n fits  i n 
wit h thi s pattern ,  crossin g th e x-axi s a t  roughl y 2  patterns . 
However ,  th e curv e fo r  th e localis t  representatio n i s ver y 
different :  i t  i s  stil l  (minimally )  abov e th e x-axi s fo r  a  blen d 
of  6 4 pattern s an d i n fac t  shoul d neve r  cros s th e x-axis . 

I n summary ,  increasin g sparsenes s i n a  distribute d 
representatio n deepen s th e proble m o f  representin g word s 
simultaneously ,  despit e th e fac t  tha t  th e sparse r 
representation s see m mor e simila r  t o a  localis t 
representation ,  whic h i s onl y limite d b y th e numbe r  o f 
element s i n th e vector .  Th e spars e representation s ar e 
problemati c becaus e the y plac e a  restrictio n o n th e 
position s i n lexica l  spac e tha t  word s ca n occupy .  Thi s i s 
simila r  t o reducin g th e dimensionalit y o f  th e space ,  whic h 
als o reduce s th e capacit y o f  th e system .  Th e localis t  syste m 
i s cruciall y different :  i t  als o restrict s th e lexica l  spac e bu t  i t 
guarantee s tha t  eac h wor d i s orthogona l  t o an d equidistan t 
fro m ever y othe r  word .  Thi s compartmentalize s th e space , 
meanin g tha t  a  blen d o f  an y numbe r  o f  word s wil l  alway s 
be close r  t o thos e word s tha n t o al l  others . 

Non-random Distribution in Lexical Space 

Th e lexica l  system s examine d s o fa r  hav e assume d tha t 
wor d representation s ar e randoml y distribute d throug h 
lexica l  space .  Thi s assumptio n seem s implausibl e i f  lexica l 
spac e encode s an y kin d o f  similarit y betwee n words . 
Gaskel l  &  Marslen-Wilso n (1995 )  describ e lexica l  acces s 
as a  mappin g ont o wor d representation s i n a  combine d 
phonologica l  an d semanti c space .  Eac h o f  thes e type s o f 
knowledg e provide s structure ,  whic h shape s th e lexica l 
spac e an d m a y alte r  th e natur e o f  th e blendin g o f 
representation s a s speec h i s perceived . 

T o addres s thi s issue ,  w e nee d a  distribute d 
representatio n tha t  encode s th e similarit y structur e bot h o f 
th e meaning s an d th e phonologica l  form s o f  words .  Lund , 
Burges s &  Atchle y (1995 )  hav e argue d tha t  similarit y i n 
meanin g ca n b e capture d usin g co-occurrenc e statistic s 
draw n fro m larg e corpor a o f  language .  Thi s metho d relie s 
on th e assumptio n tha t  word s wit h simila r  meaning s wil l 
occu r  i n simila r  contexts .  Althoug h thi s approac h i s 
unlikel y t o captur e th e ful l  richness  o f  wor d meanings ,  i t  i s 
a simpl e an d convenien t  wa y t o captur e som e aspect s o f 
semanti c similarit y i n a  distribute d system . 

Figur e 5  compare s a  rando m lexica l  spac e t o tw o set s o f 
mor e structure d representation s take n fro m Lun d e t  al . 
(1995) .  Th e structure d representation s ar e o f  a  se t  o f  277 9 
wor d representation s (mostl y o f  monosyllabi c words) .  Eac h 
one i s a  20 0 elemen t  vecto r  wit h value s rangin g from 0  t o 
645 .  Th e 20 0 dimension s wer e selecte d fro m a  large r 
matri x o f  co-occurrenc e statistic s i n orde r  t o captur e th e 
m a x i m u m varianc e betwee n th e vector s fo r  th e chose n 
words .  Th e 6 4 targe t  word s wer e selecte d randoml y fro m 
thi s set ,  wit h al l  othe r  word s actin g a s competitors .  A 
secon d analysi s use d a  binar y for m o f  thes e vectors ,  i n 
whic h eac h elemen t  wa s se t  t o eithe r  1  o r  0  dependin g o n 
whethe r  i t  wa s abov e o r  belo w th e m e a n valu e acros s al l 
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words .  T h e rando m spac e als o ha d 20 0 binar y dimensions , 
wit h eac h elemen t  havin g a  5 0 % chanc e o f  bein g se t  t o 1 . 
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Figur e 5 .  Effec t  o f  semanti c clusterin g o n separability .  T h e 
R MS score s fo r  th e continuou s spac e ar e normalized . 

The separability curves show that both forms of 
structure d vector s suffe r  m o r e fro m th e proble m o f 
blendin g tha n th e rando m vectors .  T h e zer o crossin g fo r 
th e rando m vector s i s a t  roughl y 1 6 patterns ,  wherea s fo r 
th e binar y structure d vector s i t  i s  betwee n 2  an d 4 ,  an d fo r 
th e continuou s structure d syste m i t  i s  belo w 2 .  Thi s implie s 
tha t  fo r  th e latte r  syste m ther e i s a  fai r  chanc e o f  a  blen d o f 
eve n 2  vector s fallin g close r  t o som e othe r  wor d tha n t o th e 
constituent s o f  th e blend . 

T h e m o r e realisti c spac e ha s mor e problem s 
distinguishin g signa l  from  nois e becaus e group s o f  word s 
for m tigh t  cluster s i n th e space .  Fo r  example , 
representation s o f  foo d word s m a y b e highl y simila r  t o 
eac h othe r  bu t  ver y differen t  t o al l  othe r  representations . 
Thi s m e a n s tha t  w h e n on e o f  thes e representation s i s 
blende d wit h th e representatio n o f  a n unrelate d wor d ther e 
i s a  goo d chanc e o f  on e o f  th e othe r  word s i n th e cluste r 
bein g a s clos e o r  close r  t o th e blen d tha n th e target .  T h e 
non-binar y for m o f  thi s representatio n fare s eve n wors e 
becaus e Uier e ar e n o restriction s o n th e position s wor d 
representation s ca n occup y i n th e space .  I n particular , 
word s m a y wel l  occup y position s clos e t o th e middl e o f  th e 
space ,  whic h i s  wher e th e blends ,  bein g arithmeti c means , 
ten d t o sit . 

I n general ,  therefore ,  addin g mo r e realisti c clusterin g 
worsen s th e proble m o f  activatin g distribute d 
representation s simultaneously .  However ,  ther e i s on e cas e 
i n whic h m o r e realisti c clusterin g lessen s thi s problem .  Fo r 
model s o f  speec h perceptio n thi s i s th e cas e wher e lexica l 
dimension s reflec t  similaritie s i n th e phonologica l  for m o f 
words .  Thi s i s  becaus e th e phonologica l  representation s o f 
word s tha t  mus t  b e activate d i n paralle l  (i.e. ,  cohor t 
m e m b e r s )  wil l  b e m o r e simila r  t o eac h othe r  tha n t o 
unrelate d words .  Alon g th e dimension s tha t  encod e th e 
similarities ,  th e blen d wil l  matc h th e targe t  representation s 
exactly ,  bu t  wil l  mismatc h competitors .  Thi s give s th e 
target s a  hea d star t  i n term s o f  thei r  overal l  distanc e t o th e 
blen d i n lexica l  space ,  an d decrease s th e chance s o f  non -
cohor t  m e m b e r s fallin g clos e t o th e blen d vector . 

T o illustrat e thi s effect ,  targe t  an d competito r  wor d set s 
wer e selecte d usin g cohor t  grouping s fo r  a  wor d chose n 

randoml y from  th e 262 8 monosyllable s i n th e Lund , 
Burges s an d Atchle y (1995 )  se t  (th e wor d bound) .  Th e 22 3 
word s wit h /b /  a s initia l  segmen t  forme d th e targe t  se t  fo r 
th e first  blend ,  wit h al l  othe r  word s treate d a s competito r 
set ;  th e secon d blen d use d onl y th e 2 5 word s wit h onse t 
/ba /  a s target s an d s o on .  T h e lexica l  spac e consiste d o f  5 2 
phonologica l  dimensions ,  whic h encode d a  modifie d for m 
of  th e Plant .  McClelland ,  Seidenber g &  Patterso n (1996 ) 
monosyllabi c representation ,  an d 5 2 semanti c dimensions , 
whic h wer e random ,  binar y an d matche d th e phonologica l 
representation s o n sparsenes s (p „  =  0.08) .  Thi s spac e wa s 
compare d t o a  contro l  spac e i n whic h al l  10 4 dimension s 
wer e rando m (se e Figur e 6) .  Fo r  bot h lexica l  spaces ,  th e 
abilit y t o separat e cohor t  (target )  fro m competito r  set s 
increase s furthe r  int o th e word ,  a s th e cohor t  se t  siz e 
decreases .  However ,  th e spac e incorporatin g phonologica l 
structur e i s  mor e abl e t o separat e cohor t  from  competito r 
set s a t  al l  points ,  reflectin g th e similarit y betwee n cohor t 
m e m b e rs alon g th e phonologica l  dimension s o f  th e lexica l 
space . 
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Figur e 6 .  Effec t  o f  phonologica l  clusterin g o n separability . 
Th e targe t  set s represen t  th e word-initia l  cohor t  group s a t 

eac h poin t  i n th e word . 

Discussion 

Th e previou s section s hav e attempte d t o quantif y th e 
effectivenes s o f  th e blendin g approac h t o multipl e 
representation s i n a  distribute d space .  I t  seem s tha t  ther e i s 
quit e a  stric t  limi t  o n th e numbe r  o f  distribute d pattern s 
tha t  ca n b e usefull y combine d int o a  singl e blend .  I n 
general ,  combinin g mor e tha n a  handfu l  o f  representation s 
result s i n a n unsatisfactor y blend ,  fo r  whic h simpl e 
distanc e i n lexica l  spac e doe s no t  properl y distinguis h th e 
component s o f  th e blen d from  thei r  competitors .  Thi s 
means tha t  distribute d network s d o no t  simpl y re -
implemen t  localist ,  activatio n based  system s suc h a s th e 
Cohor t  (Marslen-Wilson ,  1987 )  o r  logoge n (Morton ,  1969 ) 
models .  Thi s conclusion ,  althoug h introduce d wit h 
referenc e t o model s o f  speec h perception ,  m a y hav e 
implication s fo r  man y domain s o f  cognitiv e processing , 
suc h a s short-ter m m e m o r y capacit y (e.g. .  Miller ,  1956 )  o r 
conceptua l  combination . 

Variou s structura l  factor s affec t  th e capacit y fo r  multipl e 
representation .  I t  correlate s positivel y wit h th e numbe r  o f 
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dimension s o r  degree s o f  freedo m i n th e lexica l  space . 
Similarly ,  th e sparsenes s o f  lexica l  representation s ha s 
some effect ,  wit h mor e spars e representation s decreasin g 
th e capacit y t o accommodat e multipl e distribute d 
representations ,  despit e thei r  surfac e similarit y t o localis t 
representations .  Th e additio n o f  structur e t o th e distributio n 
of  word s i n lexica l  spac e generall y increase s th e proble m 
of  multipl e disuibute d representation ,  becaus e word s tha t 
ar e closel y packe d togethe r  i n spac e ar e difficul t  t o 
discriminat e o n th e basi s o f  lexica l  distanc e alone .  Thi s 
proble m become s mor e acut e whe n th e dimension s o f 
lexica l  spac e ar e continuou s rathe r  tha n binary .  Th e on e 
cas e i n whic h th e additio n o f  structur e doe s hel p i s whe n 
th e targe t  pattern s ar e al l  simila r  alon g certai n dimensions . 
I n th e cas e o f  speec h perception ,  thi s occur s whe n 
phonolog y i s adde d t o lexica l  space . 

A potentia l  criticis m o f  thes e finding s i s tha t  the y hav e 
al l  bee n base d o n a  distanc e measure .  Althoug h thi s ha s 
been th e dominan t  too l  fo r  explorin g distribute d 
representations ,  i t  i s  possibl e tha t  som e othe r  measur e 
woul d b e mor e discriminating .  I n particular ,  i t  ma y b e 
more usefu l  t o examin e spars e representation s b y lookin g 
at  th e angl e betwee n th e relevan t  vectors .  A  reanalysi s o f 
th e sparsenes s investigatio n di d remov e th e comparativ e 
disadvantag e foun d fo r  th e mor e spars e representations ,  bu t 
i f  anythin g i t  emphasize d th e gul f  betwee n localis t  an d 
distribute d representation s i n term s o f  thei r  capacit y t o 
represen t  activatio n pattern s i n parallel . 

An alternativ e i s tha t  lexica l  spac e shoul d no t  b e treate d 
uniformly ,  s o fo r  example ,  paralle l  activatio n o f  cohor t 
members ma y reflec t  onl y th e phonologica l  dimensions , 
whic h ar e mor e abl e t o distinguis h cohor t  fro m non-cohor t 
members an d ar e mor e interpretabl e whe n partiall y 
activated .  Similarly ,  give n th e freedo m t o construc t  thei r 
own distribute d spac e (e.g. ,  i n th e hidde n units) , 
connectionis t  network s ca n ensur e tha t  word s tha t  ar e 
frequend y coactivate d (suc h a s cohor t  competitor s i n 
speec h perception )  hav e simila r  representations .  However , 
th e distribute d spac e mus t  als o b e abl e t o accommodat e 
unlikel y o r  infrequen t  combination s o f  item s (perhaps ,  fo r 
example ,  t o entertai n th e notio n o f  a  concret e cow) .  Also , 
th e distribute d spac e ma y b e subjec t  t o separat e constraint s 
tha t  d o no t  allo w suc h reorganizatio n o f  representations . 
Some o f  th e stronges t  evidenc e fo r  earl y multipl e 
activatio n i n speec h perceptio n come s fro m experiment s 
involvin g semanti c primin g (Zwitserloo d &  Schriefers , 
1995) .  I f  disuibute d model s ar e t o acconmiodat e thes e 
data ,  the n th e domai n o f  multipl e activatio n mus t  b e a 
disuibute d semanti c space ,  whic h b y definitio n doe s no t 
permi t  clusterin g o n th e basi s o f  phonologica l  form . 

At  th e moment ,  th e experimenta l  dat a o n th e exten t  o f 
paralle l  activatio n i n speec h perceptio n ar e equivocal .  W e 
do no t  kno w ho w man y lexica l  representation s ca n b e 
activate d i n parallel ,  no r  whethe r  th e numbe r  o f 
representation s activate d affect s thei r  degre e o f  activation . 
Maybe di e mos t  profitabl e reactio n t o thi s finding  i s t o 
accep t  i t  a s a  limitatio n o f  distribute d connectionis m an d 
conduc t  furthe r  experiment s t o se e whethe r  i t  correspond s 
t o a  simila r  propert y o f  th e huma n system .  Connectionis t 
model s ar e ofte n accuse d o f  bein g to o powerful ,  bu t  her e 

we hav e a  clea r  cas e o f  somethin g distribute d 
representation s find  difficult .  I f  thi s limitatio n turne d ou t  t o 
be on e tha t  huma n system s share ,  i t  woul d b e a  powerfu l 
argumen t  fo r  th e validit y o f  modelin g cognitiv e processe s 
usin g th e distribute d metaphor . 

Acknowledgments 

Thi s researc h wa s supporte d b y a  U K M R C progra m gran t 
awarde d t o Willia m Marslen-Wilso n an d Lorrain e Tyler .  I 
a m gratefu l  t o Willia m Marslen-Wilson ,  Joh n BuUinaria , 
Mat t  Davis ,  Jef f  Elman ,  Mar y Har e an d Gar y Cottrel l  fo r 
usefu l  discussion s o f  thi s work . 

References 

Gaskell ,  G. ,  &  Marslen-Wilson ,  W .  (1995) .  Modelin g di e 
perceptio n o f  spoke n words .  I n J .  D .  Moor e &  J .  F . 
Lehman (Eds.) ,  Proceeding s o f  th e 17t h Annua l 
Conferenc e o f  th e Cognitiv e Scienc e Societ y (pp .  19 -
24) .  Mahwah ,  NJ :  Erlbaum . 

Hinton ,  G .  E. ,  &  Shallice ,  T .  (1991) .  Lesionin g a n attracto r 
network :  Investigation s o f  acquire d dyslexia . 
Psychologica l  Review ,  98(1) ,  74-95 . 

Kawamoto ,  A .  H .  (1993) .  Nonlinea r  dynamic s i n th e 
resolutio n o f  lexica l  ambiguity :  A  paralle l  distribute d 
processin g account .  Journa l  o f  Memor y an d 
Language ,  32,474-516 . 

Lund ,  K ,  Burgess ,  C ,  &  Atchley ,  R .  A .  (1995) .  Semanti c 
and associativ e primin g i n high-dimensiona l  semanti c 
space .  I n J .  D .  Moor e &  J .  F .  Lehma n (Eds.) , 
Proceeding s o f  th e 17t h Annua l  Conferenc e o f  th e 
Cognitiv e Scienc e Societ y (pp .  660-665) .  Mahwah , 
NJ:  Eribaum . 

Marslen-Wilson ,  W .  D .  (1987) .  Functiona l  parallelis m i n 
spoke n wor d recognition .  Cognition ,  25 ,  71-102 . 

McClelland ,  J .  L. ,  &  Ehnan ,  J .  L .  (1986) .  Th e T R A C E 
model  o f  speec h perception .  Cognitiv e Psychology , 
18,  1-86 . 

Miller ,  G .  A .  (1956) .  Th e magica l  numbe r  seven ,  plu s o r 
minu s two :  Som e limit s o n ou r  capacit y fo r 
processin g information .  Psychologica l  Review ,  63 , 
81-97 . 

Morton ,  J .  (1969) .  Th e interactio n o f  informatio n i n wor d 
recognition .  Psychologica l  Review ,  76 ,  165-178 . 

Plant ,  D .  C ,  McClelland ,  J .  L. ,  Seidenberg ,  M .  S. ,  & 
Patterson ,  K .  E .  (1996) .  Understandin g norma l  an d 
impaire d wor d reading :  computationa l  principle s i n 
quasi-regula r  domains .  Psychologica l  Review ,  103 , 
56-115 . 

Plant ,  D .  C ,  &  Shallice ,  T .  (1993) .  Dee p dyslexia :  a  cas e 
stud y o f  connectionis t  neuropsychology .  Cognitiv e 
Neuropsychology ,  10 ,  377-500 . 

Zwitserlood ,  P .  (1989) .  Th e locu s o f  th e effect s o f 
sentential-semanti c contex t  i n spoken-wor d 
processing .  Cognition ,  32 ,  25-64 . 

Zwitseriood ,  P. ,  &  Schriefers ,  H .  (1995) .  Effect s o f  sensor y 
informatio n an d processin g tim e i n spoken-wor d 
recognition .  Languag e an d Cognitiv e Processes ,  10 ,  121 -
136. 

289 


	cogsci_1996_284-289

