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Abstrac t 

In an attractor model of semantic memory, semantic similarity 
i s determine d b y degre e o f  featura l  overlap .  I n contrast ,  i n 
spreadin g activatio n theory ,  tw o concept s ar e simila r  i f  the y 
shar e feature s o r  i f  the y ar e linke d t o th e sam e superordinat e 
categor y node .  W e presen t  a n attracto r  networ k mode l  o f 
computin g wor d meanin g an d us e i t  t o simulat e th e dat a o f 
McRae an d Boisver t  (i n press) ,  wh o foun d tha t  shor t  S O A 
semanti c similarit y primin g directl y depend s o n degre e o f 
featura l  overlap .  Th e tw o account s o f  semanti c similarit y ar e 
the n contraste d i n a  huma n experiment .  I n suppor t  o f  attracto r 
networks ,  primin g effect s wer e determine d b y feanira l 
overlap ,  an d n o evidenc e wa s foun d fo r  primin g throug h a 
purporte d superordinat e node .  I t  i s  conclude d tha t  lexica l 
concept s ar e no t  represente d a s stati c node s i n a  hierarchica l 
system . 

Semantic Similarity 

Semanti c m e m o r y researc h ha s bee n dominate d b y semanti c 
network s an d th e associate d spreadin g activatio n theor y 
(Collin s &  Loftus ,  1975) .  Recently ,  however ,  theorie s o f  th e 
computatio n o f  wor d meanin g hav e bee n expresse d i n term s 
of  distribute d attracto r  network s (Hinto n &  Shallice ,  1991) . 
Semanti c network s ar e typicall y hierarchica l  i n nature ,  wit h 
categorie s a t  differen t  level s represente d b y individua l 
nodes .  Categor y membershi p i s  thu s explicitl y  code d vi a 
link s betwee n exempla r  an d categor y nodes .  I n contrast , 
categor y membershi p i s  no t  code d i n suc h a n explici t 
manner  i n attracto r  networks .  Th e presen t  wor k focuse s o n 
thi s contrastin g aspec t  o f  thes e tw o theories ,  testin g thi s 
differenc e i n th e real m o f  semanti c similarit y priming . 

Semanti c similarit y primin g refer s t o th e fac t  tha t 
respons e latenc y t o a  targe t  wor d suc h a s haw k i s  faste r 
when i t  i s  precede d b y a  simila r  wor d suc h a s eagl e versu s 
an unrelate d wor d suc h a s bread ,  eve n whe n th e simila r 
prim e an d targe t  ar e no t  normativel y associated .  Primin g 
researc h ha s playe d a  ke y rol e i n th e developmen t  an d 
testin g o f  theorie s o f  semanti c m e m o r y becaus e mos t 
researcher s believ e tha t  result s o f  thes e experiment s directl y 
reflec t  th e structur e o f  semanti c memory ,  particularl y whe n 
subjects '  strategie s ar e minimized . 

Th e mechanism s use d t o accoun t  fo r  semanti c similarit y 
primin g diffe r  i n spreadin g activatio n model s versu s 
attracto r  networks .  I n spreadin g activatio n theory , 
recognizin g a  wor d include s activatin g it s  correspondin g 
nod e i n semanti c memory .  Respons e latenc y i s assume d t o 

be directl y relate d t o th e tim e require d fo r  a  word' s nod e t o 
reac h a n activatio n threshold .  Critica l  fo r  explanation s o f 
priming ,  whe n a  wor d i s activated ,  activatio n spread s fro m i t 
t o al l  linke d nodes .  T h e existenc e an d strengt h o f  thes e link s 
i s assume d t o directl y reflec t  learne d semanti c relationship s 
betwee n pair s o f  words .  Similarity-base d primin g i s du e t o 
tw o mechanisms ,  th e first  bein g spreadin g activatio n fro m 
prim e t o targe t  vi a link s betwee n share d feature s (e.g. ,  eagl e 
=> <ha s wings > = *  hawk) .  T h e secon d i s tha t  activatio n i s 
assume d t o sprea d vi a "highl y criteria] "  link s connectin g 
exempla r  an d categor y node s (eagl e = *  bir d ^  hawk ) 
(Collin s an d Loftus ,  1975 ,  p .  413) . 

I n attracto r  networks ,  recognizin g a  wor d involve s 
settlin g int o a  stabl e stat e i n a  multi-dimensiona l  space . 
Short  S O A semanti c primin g i s though t  t o b e du e t o residua l 
activatio n o f  th e prime' s meaning ,  whic h influence s th e eas e 
wit h whic h th e mode l  ca n m o v e fro m on e attracto r  stat e t o 
anothe r  (Masson ,  1995 ;  Plaut ,  1995) .  I n a  typica l 
simulation ,  th e prime' s wor d for m i s  inpu t  t o th e networ k 
and it s meanin g i s computed .  Wit h th e networ k thu s i n a 
stat e representin g th e prim e (eagle) ,  th e target' s wor d for m 
(hawk )  i s  give n a s input .  Facilitatio n result s becaus e th e 
distribute d semanti c representation s o f  th e prim e an d targe t 
overlap ,  s o tha t  som e portio n o f  th e semanti c unit s fo r  th e 
targe t  begi n i n thei r  correc t  state .  Thi s i s no t  th e cas e w h e n 
th e prim e i s no t  relate d t o th e target .  Criticall y importan t  i s 
th e fac t  tha t  categor y membershi p i n thes e network s i s give n 
no specia l  status .  Therefore ,  primin g i s no t  du e t o categor y 
membershi p pe r  se . 

Th e majorit y o f  h u m a n empirica l  studie s o f  semanti c 
similarit y primin g hav e operationalize d similarit y o n th e 
basi s o f  share d superordinat e categor y (e.g. ,  Lupker ,  1984 ; 
Moss ,  Ostrin ,  Tyler ,  an d Marslen-Wilson ,  1995 ;  Shelto n 
and Martin ,  1992) .  However ,  thes e studie s hav e foun d littl e 
or  n o primin g betwee n word s define d a s simila r  o n thi s 
metri c (bu t  se e Chiarell o e t  al. ,  1990) .  O n th e othe r  hand , 
M c R ae an d Boisver t  (i n press )  clearl y demonstrate d tha t 
similarit y primin g depend s o n th e degre e o f  featura l  overla p 
betwee n tw o lexica l  concepts ,  wit h stron g featura l  similarit y 
bein g require d fo r  primin g t o occur .  M c R a e an d Boisver t 
als o note d tha t  th e studie s i n whic h nul l  effect s wer e 
obtaine d use d prime-targe t  pair s tha t  wer e onl y moderatel y 
similar ,  presumabl y becaus e th e researcher s fel t  tha t  share d 
categor y membershi p wa s key ,  followin g spreadin g 
activatio n theory . 
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A l t h o u g h i t  appear s tha t  fcatura l  similarit y i s  th e ke y 
variabl e t o explai n thi s se t  o f  behaviora l  p h e n o m e n a ,  i t  i s 
no t  clea r  w h e t h e r  th e notio n o f  share d categor y m e m b e r s h i p 
i s necessar y t o accoun t  fo r  similarit y pr iming .  Therefore ,  th e 
goal s o f  thi s articl e ar e t o s h o w tha t  a n i m p l e m e n t e d 

attracto r  n e t w o r k simulate s M c R a e a n d Boisvert' s  (i n press ) 
resul t  tha t  deg re e o f  featura l  similarit y determine s a m o u n t 
o f  pr iming ,  a n d t o directl y contras t  featura l  similarit y versu s 

share d superordinat e categor y i n a  h u m a n exper iment . 
Th i s articl e i s  structure d a s follows :  (1 )  w e presen t  a n 

attracto r  m o d e l  o f  c o m p u t i n g w o r d m e a n i n g ;  (2 )  vi a 
simulation ,  w e demonst ra t e tha t  shor t  S O A semant i c 
similarit y p r im in g effect s ar e bes t  predicte d b y similarit y i n 
te rm s o f  featura l  overlap ;  a n d (3 )  w e presen t  a n exper imen t 
s h o w i n g tha t  semant i c similarit y p r im in g effect s ar e 
influence d b y featura l  similarity ,  bu t  no t  hierarchica l 
categor y structur e (typicality) . 

Model of Computing Word Meaning 

The ke y element s o f  th e mode l  are :  (1 )  semanti c 
representation s w e r e derive d f r o m subjects ,  rathe r  tha n 
bein g experimenter-created ,  s o tha t  degre e o f  similarit y i s 
no t  a  free  parameter ;  (2 )  a  word ' s m e a n i n g i s a n attracto r 
poin t  i n semant i c stat e space ;  (3 )  th e m a p p i n g from  w o r d 
f o r m t o m e a n i n g i s  arbitrary ;  an d (4 )  ther e i s  n o explici t 
hierarchica l  structure . 

T h e model ' s architectur e i s  presente d i n Figur e 1 .  T h e 
ne two r k m a p p e d directl y from  1 2 w o r d fo r m unit s t o 1 2 4 2 
semant i c features .  T h e semanti c featur e unit s loope d b a c k t o 
themselve s throug h a  laye r  o f  3 0 hidde n unit s (semanti c 
structur e units) . 

Semanti c 
Structur e 

30 hidde n 
unit s 

Scnunti c 

1242 outpu t 
unit s 

12 Inpu t 

Word 
For m 

F igur e 1 :  M o d e l  Architecture . 

Units 

Inpu t  t o th e networ k wa s a n abstrac t  wor d for m 
representatio n tha t  coul d b e interprete d a s eithe r  spellin g o r 
sound .  Eac h word' s for m wa s represente d b y turnin g o n a 
randoml y selecte d 3  unit s (activatio n =  1) .  Thus ,  th e 
mappin g betwee n meanin g an d for m wa s arbitrary ,  a s i n 
Englis h monomorphemi c words . 

Th e semanti c representation s wer e take n from  McRae ,  d e 
Sa,  an d Seidenber g (1997) ,  wh o aske d subject s t o produc e 

semanti c feature s fo r  1 9 exemplar s from  eac h o f  1 0 objec t 
categories :  birds ,  mammals ,  fruits,  vegetables ,  clothing , 

furniture ,  kitche n items ,  tools ,  vehicles ,  an d weapons .  Th e 
resultin g outpu t  representatio n wa s spars e becaus e a  concep t 
consiste d o f  a t  mos t  2 7 feature s acros s th e semanti c featur e 

layer . 
M c R ae e t  al .  (1997 )  note d tha t  relevan t  structur e i s no t 

restricte d t o mapping s betwee n domain s suc h a s 
orthography ,  phonology ,  an d semantics ,  bu t  als o include s 
structur e withi n a  domain .  Thus ,  th e semanti c structur e unit s 
pla y a n importan t  rol e a s hidde n unit s i n tha t  the y encod e 
semanti c regularitie s (featur e correlations )  an d exploi t  thes e 
regularitie s fo r  computin g wor d meaning .  I n essence ,  thi s 
cyclica l  par t  o f  th e networ k i s  wher e th e attractor s ar e 
formed ,  s o tha t  th e model' s computationa l  dynamic s ar e 
strongl y influence d b y correlation s amon g semanti c 
features ,  suc h a s <ha s wings > an d <ha s a  beak> . 

Training 

Th e semanti c an d semanti c structur e unit s wer e initialize d t o 
rando m startin g value s i n th e rang e 0. 2 ±  .05 .  A  word' s 
for m wa s the n hard-clampe d a t  th e inpu t  layer .  Eac h tic k o f 
processin g tim e (2 0 i n total )  allowe d activatio n t o sprea d 
one laye r  forward .  Tota l  tim e wa s segmente d int o 4  tim e 
step s (t) ,  eac h consistin g o f  5  tim e tick s ( x =  0.2 )  (simila r  t o 
Plaut ,  1995) .  Ne t  input s t o a  uni t  (xj )  wer e average d 
accordin g t o Equatio n 1 , 

(1 ) x^P=tJ^sI'-'\j+(1-t)x^;-' ^ 

,t h th e wher e j j  wa s th e activatio n o f  th e r "  uni t  an d wj i  wa s th e 
weigh t  o n th e connectio n t o th e / "  uni t  from  th e / ™ 
Therefore ,  a  unit' s  inpu t  a t  eac h tim e ste p wa s a  weighte d 
averag e o f  it s previou s inpu t  an d th e curren t  inpu t  from  al l 
sendin g units .  Activatio n wa s the n determine d usin g th e 
standar d sigmoida l  function . 

Weigh t  change s wer e calculate d usin g th e 
backpropagation-through-tim e learnin g algorithm .  Erro r  wa s 
backpropagate d ove r  th e 2 0 processin g tick s i n a  manne r 
analogou s t o th e forwar d pass .  Erro r  wa s injecte d int o th e 
syste m (i.e. ,  th e target' s semanti c representatio n wa s 
provided )  fo r  th e final  tw o tim e step s onl y (1 0 tim e ticks) , 
thereb y trainin g th e networ k t o produc e th e targe t  outpu t 
graduall y ove r  time .  Erro r  derivative s wer e calculate d usin g 
cros s entrop y erro r  (E )  a s i n Equatio n 2 , 

(2) £ = XX<ln}',+(l-^,)ln(l->',) 

p ' 
wher e d i  wa s th e desire d activatio n fo r  unit i  an d >' i  wa s th e 
compute d activation ,  s u m m e d ove r  pattern s p . 

Th e networ k wa s ttained  usin g th e P D P + + (versio n 1.1 ) 
simulato r  develope d a t  Carnegi e Melo n b y R .  C .  O'Reilly , 
C.  K .  Dawson ,  an d J .  L .  McClelland .  Weight s wer e update d 
afte r  eac h patter n presentation .  Th e learnin g rat e wa s 0.0 1 
throughou t  training .  M o m e n t u m wa s se t  a t  0  fo r  th e first  1 0 
epoch s o f  trainin g an d 0. 9 thereafter .  Eac h epoc h consiste d 
of  randoml y presentin g th e 19 0 patterns .  Afte r  8 5 epoch s o f 
training ,  th e ne twor k settle d t o th e correc t  stabl e stat e fo r  al l 
pattern s withi n 2 0 t im e ticks . 
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S i m u l a t i o n : 
M c R a e a n d Bo isver t  (i n p ress .  E x p e r i m e n t  3 ) 

The mode l  wa s use d t o simulat e Experimen t  3  o f  M c R a e 
and Boisver t  (i n press) ,  i n whic h i t  wa s demonstrate d tha t 
semanti c similarit y primin g i s cruciall y dependen t  o n th e 
degre e o f  featura l  overlap .  The y designe d wor d triplet s b y 
pairin g a  targe t  (jar )  wit h bot h a  highl y simila r  prim e 
{bottle )  an d a  les s simila r  prim e (plate) ,  wit h degre e o f 
similarit y bein g establishe d b y subjects '  ratings .  Prime -
targe t  similarit y o f  th e les s simila r  prime s wa s i n th e rang e 
of  Shelto n an d Martin' s (1992 )  items .  S O A s o f  25 0 m s an d 
75 0 m s wer e use d becaus e shor t  S O A s suc h a s 25 0 m s ar e 
believe d t o reflec t  lexical-interna l  factor s only ,  wherea s 
effect s a t  a  longe r  S O A suc h a s 75 0 m s ma y b e influence d 
by subjects '  strategie s (se e Neely ,  199 1 fo r  a  review) . 
Consisten t  wit h thes e notions ,  wit h a  25 0 m s S O A ,  latencie s 
i n a  semanti c decisio n tas k ("Doe s i t  refe r  t o a  concret e 
object?" )  wer e faste r  fo r  target s precede d b y highl y simila r 
prime s (68 5 ms )  tha n b y les s simila r  (71 2 ms )  o r  dissimila r 
prime s (71 1 ms) ,  an d n o primin g obtaine d fo r  th e les s 
simila r  items .  Wit h a  75 0 m s S O A ,  semanti c decision s wer e 
agai n faste r  i n th e highl y simila r  conditio n (64 6 ms )  tha n i n 
bot h th e les s simila r  (66 4 m s )  an d dissimila r  condition s (69 2 
ms) .  However ,  reliabl e primin g wa s foun d fo r  th e les s 
simila r  items ,  replicatin g Shelto n an d Martin' s findings. 

The simulatio n investigate d whethe r  th e networ k woul d 
exhibi t  appropriat e settlin g fo r  th e sam e items .  Tha t  is ,  th e 
model  shoul d sho w faste r  settlin g time s fo r  target s precede d 
by highl y simila r  prime s versu s eithe r  les s simila r  o r 
dissimila r  primes .  W e di d no t  attemp t  t o closel y 
approximat e th e lon g S O A conditio n becaus e i t  i s  unclea r 
h o w t o incorporat e subjects '  strategie s int o th e network .  O f 
interest ,  however ,  i s  th e predictio n tha t  les s simila r  target s 
shoul d converg e somewha t  faste r  tha n dissimila r  one s 
becaus e ther e mus t  b e a  basi s fo r  th e primin g obtaine d a t  th e 
lon g S O A . 

Method 

Prio r  t o presentin g th e prime ,  al l  semanti c an d semanti c 
structur e unit s remaine d i n th e stat e determine d b y th e 
previou s target .  Th e prime' s wor d for m wa s hard-clampe d 
fo r  1 5 ticks .  Th e target' s wor d for m wa s the n clampe d wit h 
al l  othe r  unit s unchanged .  Th e targe t  wa s allowe d t o settl e 

fo r  2 0 tick s an d cross-entrop y a t  th e semanti c featur e laye r 
was recorded .  Primin g trial s wer e ru n usin g five  rando m 
orders ,  wit h th e result s average d acros s runs . 

Results 

The settlin g profile s fo r  th e target s ar e presente d i n Figur e 

2A.  Th e differenc e betwee n th e hig h an d les s simila r  group s 

i s mor e pronounce d tha n betwee n th e les s simila r  an d 

dissimila r  items ,  reflectin g th e huma n data .  I t  i s  no t  clea r 

h o w bes t  t o m a p suc h dat a ont o huma n decisio n latencie s 

becaus e o f  th e uncertaint y involve d i n determinin g th e 

exten t  t o whic h a  representatio n mus t  stabiliz e befor e a 

respons e ca n b e initiate d i n a  speede d task .  Therefore ,  w e 

calculate d th e mea n numbe r  o f  tim e tick s require d t o reac h 

severa l  level s o f  cross-entropy ,  an d thes e result s ar e 

presente d i n Figur e 2b .  Settlin g time s ar e presente d fo r  a 

number  o f  thresholds ,  rangin g fro m 2. 5 t o 0. 5 (i n 

decrement s o f  0.25) . 
A two-wa y repeate d measure s A N O V A wa s conducte d 

wit h erro r  leve l  (2. 5 -  0.5 )  an d prime-targe t  similarit y 
(highl y simila r  vs .  les s simila r  vs .  dissimilar )  a s th e 
independen t  variables ,  an d numbe r  o f  tick s t o reac h th e 
specifie d erro r  leve l  (convergenc e latency )  a s th e dependen t 
variable .  Prim e targe t  similarit y influence d convergenc e 
latency ,  F(2,52 )  =  26.75* .  Wit h th e nin e erro r  level s 
combined ,  convergenc e latenc y fo r  th e highl y simila r  item s 
was significand y shorte r  tha n fo r  th e les s similar ,  F(l,52 )  = 
30.35 ,  an d dissimila r  items ,  F(l,52 )  =  47.90 ,  bu t  th e les s 
simila r  an d dissimila r  target s di d no t  differ ,  F(l,52 )  =  1.99 , 
p>.l . 

Similarit y an d erro r  leve l  interacte d i n tha t  difference s 
among th e thre e condition s decrease d a t  th e lowe r  erro r 
levels ,  F(16,416 )  =  17.75 .  Planne d comparison s reveale d 
tha t  a t  erro r  level s 2. 5 an d 2.25 ,  convergenc e latenc y fo r 
highl y simila r  target s wa s significantl y shorte r  tha n fo r  les s 
simila r  targets ,  whic h wa s i n tur n shorte r  tha n fo r  dissimila r 
targets .  Thes e result s mirro r  thos e o f  th e lon g S O A 
presentatio n conditio n o f  M c R a e an d Boisvert' s  Experimen t 
3.  A t  th e nex t  5  erro r  level s ( 2 t o 1) ,  highl y simila r  target s 
converge d mor e quickl y tha n les s simila r  targets ,  whic h di d 
not  diffe r  significantl y fro m th e dissimila r  condition .  Thes e 
result s mirro r  thei r  shor t  S O A .  A t  erro r  level s o f  0.7 5 an d 
0.5 ,  onl y th e highl y simila r  an d dissimila r  group s differe d 

Diiiimil u 
Leai  SinUa * 

T i m e Tic k 

Figure 2a: Mean error at each tick. Figur e 2b :  M e a n numbe r  o f  tick s t o reac h erro r  level . 

'  Not e tha t  p  <  0.0 5 unles s otherwis e indicated .  Wher e appropriate , 
Fi  refer s  t o analyse s b y subject s wherea s F 2 refer s t o analyse s b y 
items . 
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reliably .  Finally ,  convergenc e latenc y increase d acros s th e 
nin e erro r  levels .  F(8.208 )  =  147.14 . 

Discussion 

Th e primin g effect s demonstrate d b y th e mode l  reflecte d th e 
subtl e effect s see n i n th e huma n data .  Th e smal l  differenc e 
betwee n th e convergenc e latencie s o f  th e les s simila r  an d 
dissimila r  condition s explai n th e smal l  primin g effect s 
foun d b y Lupke r  (1984) ,  M o s s e t  al .  (1995) ,  an d Shelto n 
an d Marti n (1992) .  Not e tha t  th e degree s o f  freedo m fo r 
accountin g fo r  thes e effect s wer e minimize d becaus e degre e 
of  similarit y wa s determine d b y M c R a e e t  al.' s  (1997 ) 
featur e productio n norms ,  rathe r  tha n b y th e experimenters ' 
intuitions ,  an d al l  item s i n th e huma n experimen t  wer e 
include d i n th e model . 

Experiment 

M c R ae an d Boisvert' s (i n press )  Experimen t  3  an d th e 
simulatio n thereo f  sugges t  tha t  featura l  similarit y i s  th e 
primar y determinan t  o f  semanti c similarit y primin g effects . 
I n contrast ,  accordin g t o mos t  semanti c networ k model s 
suc h a s Collin s an d Loftu s (1975) ,  semanti c primin g i s  als o 
mediate d b y superordinat e categor y nodes .  I n thi s account , 
th e strengt h o f  th e exempla r  <= > superordinat e link s ar e 
directl y relate d t o exempla r  typicality .  Thu s primin g 
betwee n categor y co-ordinate s shoul d depen d o n thei r 
typicality .  T o investigat e this ,  Chiarell o an d Richard s 
(1992 )  compare d primin g effect s fo r  typica l  (robin-crow ) 
versu s les s typica l  (duck-crow )  member s o f  a  category ,  wit h 
th e tw o group s equate d fo r  rate d featura l  similarity .  Primin g 
was foun d fo r  th e highl y typica l  prime s i n a  lexica l  decisio n 
tas k whe n prime s an d target s wer e presente d i n th e lef t 
visua l  field ,  bu t  no t  whe n word s wer e presente d t o th e right . 
I n a  pronunciatio n task ,  numericall y bu t  no t  significantl y 
large r  primin g effect s wer e foun d fo r  th e highl y typica l 
prime s i n bot h visua l  fields .  I n summary ,  thes e experiment s 
ar e suggestive ,  bu t  the y d o no t  clarif y th e rol e o f  typicality . 

T o investigat e thi s issu e further ,  w e reanalyze d M c R a e e t 
al.' s  (1997 )  Experimen t  3  shor t  S O A primin g data .  The y 
measure d primin g effect s fo r  8 8 item s tha t  range d bot h i n 
ite m similarit y an d i n typicalit y o f  th e prime s an d targets . 
Ite m b y ite m primin g effect s wer e predicte d usin g typicalit y 
of  th e prime ,  typicalit y o f  th e target ,  s u m m e d typicalit y o f 
th e prim e an d target ,  an d similarit y i n term s o f  individua l 
and correlate d features .  T w o item s wer e delete d becaus e th e 
typicalit y rating s fo r  shed-ba m an d crayon-penci l  wer e 
collecte d wit h respec t  t o th e superordinat e tool ,  an d th e 
rating s showe d tha t  subject s di d no t  conside r  the m par t  o f 
thi s category .  Fo r  th e 8 6 prime-targe t  pairs ,  similarit y i n 
term s o f  correlate d featur e pair s wa s th e stronges t  predictor , 
r 2 =  0.16 ,  F(l,83 )  =  15.60 ,  an d similarit y i n term s o f 
individua l  feature s als o significantl y predicte d primin g 
effects ,  r 2 =  0.15 ,  F(l,83 )  =  14.10 .  I n contrast ,  non e o f  th e 
typicalit y measure s predicte d priming :  prim e typicality ,  r ^  = 
0.03 ,  F(l,83 )  =  2.37 ,  p  >  0.1 ;  targe t  typicality ,  r ^  =  0.01 , 
F(l,83 )  =  1.10,/ j  >  .2 ;  s u m m e d typicaUty ,  r ^  =  0.03 ,  F(l,83 ) 
= 2.15 ,  p  >  0.1 .  Not e tha t  becaus e th e variatio n o f  th e 
typicalit y rating s wa s slightl y greate r  tha n o f  th e tw o 
similarit y measures ,  an y difference s i n predictiv e abilit y 
canno t  b e attribute d t o thi s factor . 

I n th e presen t  experiment ,  similarit y an d typicalit y wer e 
compare d i n a  mor e direc t  fashion .  Target s wer e paire d wit h 

mor e similar/les s typica l  ("Similar" )  an d les s similar/mor e 
typica l  ("Typical" )  prime s (e.g. ,  squas h a s th e target , 
pumpki n a s th e Simila r  prime ,  cor n a s th e Typica l  prime) . 
Extensiv e normin g wa s conducte d t o ensur e thes e 
condition s wer e met .  I f  featura l  similarit y i s  th e ke y 
predicto r  o f  shor t  S O A primin g effects ,  a s predicte d b y a n 
attracto r  network ,  the n primin g shoul d obtai n onl y fo r  th e 
Simila r  prime-targe t  pairs .  I f  primin g occur s throug h a 
superordinat e nod e an d share d features ,  a s i n a  spreadin g 

activatio n network ,  i t  shoul d b e relativel y equa l  fo r  bot h 
type s o f  items .  I n thi s case ,  featura l  similarit y woul d pla y 
th e stronge r  rol e fo r  th e Simila r  items ,  wherea s share d 
superordinat e categor y nod e woul d dominat e whe n th e 
prime s ar e Typical . 

Norming 

Normin g studie s produce d 1 8 triplet s (fro m 7 5 candidat e 
triplets )  tha t  include d a  target ,  a  Simila r  prime ,  an d a 
Typica l  prim e (se e Appendix) . 

Word Association Norms To ensure that the prime-target 
pair s wer e no t  normativel y associated ,  th e experimente r 
rea d alou d eithe r  th e target s o r  on e o f  th e prime s (i n thre e 
lists ,  1 6 subject s each )  fro m th e 7 5 triplet s originall y 
constructed .  A  wor d triple t  wa s discarde d i f  mor e tha n on e 
subjec t  produce d th e targe t  a s a  respons e t o eithe r  prime ,  o r 
vic e versa .  Thi s lef t  5 1 nonassociate d triplets . 

Category Production Norms Forty-five subjects were 
show n on e wor d from  eac h o f  th e 5 1 triplets .  Th e 
experimente r  rea d eac h ite m alou d an d th e subjec t  indicate d 
th e categor y t o whic h sh e believe d th e concep t  belonged . 
The mos t  frequent  respons e wa s designate d a s th e item' s 
dominan t  category .  Eightee n triplet s wer e retaine d o n th e 
basi s tha t  th e dominan t  categor y wa s identica l  fo r  eac h o f  it s 
members an d a t  leas t  5 0 % o f  th e subject s produce d i t  fo r 
each .  Th e mea n percentag e o f  dominan t  categor y responses , 
alon g wit h othe r  stimul i  characteristics ,  ar e presente d i n 
Tabl e 1 .  Subject s produce d th e dominan t  categor y nam e 
mor e frequently  fo r  Typica l  prime s tha n fo r  Simila r  primes , 
Fi(l,42 )  =  8.59 ,  F2(l,34 )  =  13.85 . 

For  a  fe w o f  th e 1 8 items ,  a  secondar y superordinat e 
categor y nam e wa s produce d b y mor e tha n on e subject .  I n 
term s o f  predictin g primin g effects ,  a  concer n arise s i f  th e 
secondar y categor y i s  mor e restricte d tha n th e dominan t 
categor y becaus e i t  coul d b e th e cas e tha t  primin g i s 
mediate d b y tha t  close r  superordinat e node .  Thi s situatio n 
aros e fo r  th e waffl e -  toas t  -  pancak e triple t  only ,  where/oor f 
was th e dominan t  categor y an d breakfas t  foo d wa s th e les s 
inclusiv e secondar y category .  Subject s produce d breakfas t 
foo d 3 3 % o f  th e tim e t o waffl e an d pancake ,  an d 7 % o f  th e 
tim e t o toast ,  whic h wa s th e Typica l  prime . 

Typicality Ratings Seventeen subjects rated the typicality 
of  eac h member  o f  th e 1 8 triplets .  Eac h ite m wa s include d 
wit h it s  dominan t  category .  Sentence s o f  th e form :  " H o w 
typica l  o f  a  V E G E T A B LE i s C O R N ?"  wer e presente d alon g 
wit h a  9  poin t  scale ,  wher e 1  corresponde d t o "no t  a t  al l 
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typical "  an d 9  t o "extremel y typical" .  Subject s rate d th e 
Typica l  prime s a s mor e typica l  tha n th e Simila r  primes , 
Fi(l,32 )  =  45.83 ,  ̂ 2(1.34 )  =  4.95 . 

Similarity Ratings Thirty-six subjects rated the similarity 
of  th e 1 8 triplet s o n a  9  poin t  scale ,  wher e 1  corresponde d t o 
not  a t  al l  simila r  an d 9  t o extremel y similar .  Subject s rate d 
th e Simila r  prime s a s bein g mor e simila r  t o th e target s tha n 

wer e th e Typica l  primes ,  /i(34 )  =  4.79 ,  r2(17 )  =  6.43 . 

Table 1: Characteristics of Stimuli. 

Si m 
Dom 
Typ 
Let s 

Fre q 

Targe t 

72.3(3.5 ) 

6.6(0.3 ) 

6.5(0.4 ) 

7.7(2.7 ) 

Simila r 

Prim e 

6.0(0.3 ) 

70.1(3.3 ) 

6.8(0.3 ) 

5.4(0.3 ) 

10.2(3.7 ) 

Typica l 

Prim e 

4.4(0.3 ) 

83.0(2.4 ) 

7.8(0.2 ) 

5.3(0.3 ) 

16.3(6.5 ) 

Note :  (Standar d erro r  i n parentheses ) 
Si m =  similarit y t o target ;  D o m =  dominan t  categor y 
response ;  Ty p =  typicality ;  Let s =  lengt h i n letters ; 
Fre q =wor d frequenc y (Kucer a an d Francis ,  1967 ) 

Method 

Subject s Sixty-si x Universit y o f  Wester n Ontari o 
undergraduate s participate d (2 2 pe r  list )  eithe r  fo r  cours e 
credi t  o r  fo r  cas h remuneration .  Al l  subject s wer e nativ e 
speaker s o f  English ,  an d ha d norma l  o r  corrected-to-norma l 
vision . 

Materials Three lists were created so that subjects saw no 
prim e o r  targe t  twice .  Fo r  eac h list ,  6  target s wer e paire d 
wit h Simila r  primes ,  6  wit h Typica l  primes ,  an d 6  wit h 
unrelate d primes .  Unrelate d trial s wer e create d b y re-pairin g 
simila r  prime s wit h th e targets .  Ther e wer e 10 2 fille r  trial s 
per  list ,  consistin g o f  4 2 unrelate d word-wor d an d 6 0 word -
nonwor d pairs .  Th e relatednes s proportio n wa s 0.2 ,  an d th e 
nonwor d rati o wa s 0.56 . 

Procedure Subjects were tested individually using 
PsyScop e (Cohe n e t  al. ,  1993 )  o n a  Macintos h L C 6 3 0 wit h 
a 14-inc h colo r  Son y Trinitro n monitor .  The y responde d b y 
pressin g on e o f  tw o button s o n a  C M U butto n box .  Th e 
subjects '  inde x finger  o f  thei r  dominan t  han d wa s use d fo r  a 
"yes "  response .  A  tria l  consiste d o f  a  fixation  poin t  "+ "  fo r 
25 0 ms ,  followe d b y th e prim e fo r  20 0 ms ,  a  mas k 
( & & & & & & & &)  fo r  5 0 ms ,  an d the n th e target ,  whic h 
remaine d o n scree n unti l  th e subjec t  mad e a  lexica l  decision . 
The m wa s 150 0 ms .  Subject s wer e give n 4 0 practic e trial s 
followe d b y 12 0 experimenta l  trials . 

Design The independent variable was prime type (Similar 
vs .  Typica l  vs .  unrelated) .  A  lis t  facto r  (o r  ite m rotatio n 
group )  wa s included .  Prim e typ e wa s withi n subject s an d 
items .  Th e dependen t  measure s wer e decisio n latenc y an d 
accuracy . 

Result s 

M e an decisio n latenc y an d erro r  rat e fo r  eac h conditio n ar e 

presente d i n Tabl e 2 .  Latencie s greate r  tha n 3  standar d 

deviation s abov e th e gran d mea n wer e replace d b y th e 
cutof f  valu e ( 1 % o f  th e scores) . 

Lexica l  decisio n latencie s differe d b y prim e type , 
Fi(2,162 )  =  4.26 ,  F2(2,30 )  =  4.75 .  Planne d comparison s 
reveale d tha t  subject s responde d 2 6 m s faste r  t o th e Simila r 
pair s tha n t o th e unrelate d pairs ,  Fi(l,162 )  =  7.34 ,  F2(l,30 ) 
= 8.72 .  Furthermore ,  subject s responde d 2 2 m s faste r  t o th e 
Simila r  pair s tha n t o th e Typica l  pairs ,  Fi(l,162 )  =  5.29 , 
^2(1,30 )  =  5.02 .  Th e 4  m s primin g effec t  fo r  th e Typica l 
pair s wa s no t  reliable ,  F j  <  1 ,  F 2 <  1 . 

No difference s wer e significan t  i n th e erro r  data . 

Table 2: Mean Decision Latency in ms and % Errors. 

Prim e 

Typ e 

Decisio n 

Latenc y 

Error s 

Simila r 

Typica l 
Unrelate d 

636(12 ) 

65 8 (12 ) 
662(12 ) 

6.2(1.1 ) 
7. 3 (1.2 ) 
9. 7 (1.2 ) 

Note :  (Standar d erro r  i n parentheses ) 

Discussion 

Subject s wer e faste r  t o respon d t o target s precede d b y 
Simila r  prime s tha n thos e precede d b y eithe r  Typica l  o r 
unrelate d primes ,  an d ther e wa s a  smal l  nonsignifican t 
differenc e betwee n th e latte r  tw o conditions .  Thus ,  semanti c 
similarit y primin g i s a  produc t  o f  featura l  overlap ,  rathe r 
tha n share d superordinat e category .  Thes e result s ca n b e 
take n a s evidenc e t o refut e on e centra l  aspec t  o f  mos t 
version s o f  spreadin g activatio n theory ;  semanti c m e m o r y 
doe s no t  consis t  o f  a  se t  o f  concep t  node s organize d i n a 
hierarchica l  fashion .  Not e tha t  althoug h th e hierarchica l 
natur e o f  semanti c memor y an d th e ke y rol e playe d b y 
superordinat e node s ar e critica l  component s o f  semanti c 
networ k theorie s suc h a s Collin s an d Loftu s (1975) ,  thi s 
experimen t  doe s no t  completel y discoun t  spreadin g 
activatio n model s o f  semanti c memory .  Eve n withou t  thi s 
mechanism ,  similarity-base d primin g effect s ca n b e 
attribute d t o featura l  link s betwee n highl y simila r  concep t 
nodes ,  o r  direc t  concept-concep t  links . 

I n additio n t o empirica l  problems ,  ther e ar e logica l 
problem s wit h a n accoun t  o f  semanti c m e m o r y tha t 
emphasize s hierarchica l  semanti c structur e code d i n term s 
of  loca l  categor y nodes .  Fo r  instance ,  ther e ar e inheren t 
difficultie s i n determinin g wha t  categorie s ar e 
psychologicall y  real ,  an d henc e wha t  categor y node s woul d 
be implicate d t o pla y a  rol e in ,  fo r  example ,  semanti c 
priming .  M a n y type s o f  concept s exis t  fo r  whic h th e 
relevan t  superordinate s ar e no t  obvious ,  particularl y t o th e 
averag e person .  Thes e migh t  includ e verb s suc h a s ru n o r 
break ,  adjective s suc h a s silen t  o r  beautiful ,  an d eve n 
concret e noun s suc h a s fenc e o r  garage .  Thi s proble m 
became painfull y apparen t  whe n constructin g candidat e 
item s fo r  th e categor y productio n tas k o f  th e experimen t  i n 
tha t  i t  wa s difficul t  t o creat e basic-leve l  concept s tha t  w e 
fel t  woul d induc e consisten t  superordinat e categor y 
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response s i n th e absenc e o f  an y biasin g context .  Alon g 
simila r  lines ,  Barsalo u (1987 )  ha s argue d tha t  superordinat e 
categorie s shoul d no t  b e viewe d a s stati c node s i n a 
hierarchically-organize d semanti c system .  Rather ,  o n th e 
basi s o f  th e variatio n i n typicalit y rating s acros s individual s 
and withi n individual s ove r  time ,  a s wel l  a s result s showin g 
tha t  peopl e trea t  a d ho c categorie s suc h a s thing s o n m y des k 
i n muc h th e sam e wa y a s taxonomically-base d categories . 
he conclude d tha t  people' s representation s o f  categorie s ar e 
not  stabl e entities ,  bu t  ar e compute d onl y whe n neede d an d 
ar e constantl y changin g a s a  resul t  o f  experience . 

Conclusions 

Evidenc e wa s presente d t o suppor t  a n attracto r  networ k 
theor y o f  th e computatio n o f  wor d meanin g b y 
demonstratin g tha t  semanti c similarit y primin g effect s ar e 
best  explaine d i n term s o f  featura l  overlap ,  rathe r  tha n 
explicitl y  encode d share d categor y membership .  Thi s wor k 
adds t o th e growin g lis t  o f  phenomen a i n wor d recognitio n 
tha t  hav e bee n accounte d for ,  o r  predicte d by ,  attracto r 
network s o f  lexica l  processing . 
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A p p e n d i x 1 :  Prime-targe t  pair s from  th e Exper imen t 

Mor e Typica l 
Prim e 

sparro w 
robi n 
vultur e 
appl e 
peac h 
com 
carro t 
cucumbe r 
toas t 
strude l 
peppe r 
ocea n 
shir t 
torc h 
sil k 
tub a 
rak e 
gun 

Mor e Simila r 
Prim e 

eagl e 
parakee t 
duc k 
plu m 
coconu t 
pumpki n 
radis h 
peas 
waffl e 
cupcak e 
nutme g 
strea m 
bra 
lam p 
deni m 
flute 
hoe 
missil e 

Targe t 

hawk 
budgi e 
chicke n 
prun e 
pineappl e 
squas h 
beet s 
bean s 
pancak e 
muffi n 
cinnamo n 
cree k 
camisol e 
chandelie r 
corduro y 
clarine t 
shove l 
bomb 

Dominan t 
Categor y 

bir d 
bir d 
bir d 
frui t 
frui t 
vegetabl e 
vegetabl e 
vegetabl e 
foo d 
foo d 
spic e 
bod y o f  wate r 
clothin g 
ligh t  sourc e 
fabri c 
musica l  instrumen t 
gardenin g too l 
weapo n 
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