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Departmen t  o f  Psychology ,  Exete r  Universit y 

Perr y Rd. ,  Exeter .  E X 4 4 Q G ,  U K 

Abstrac t 

Category-specific semantic deficits refers to the inability to 
name object s fro m a  particula r  categor y whil e th e namin g o f 
word s outsid e tha t  categor y i s  relativel y unimpaired .  W e 
sugges t  tha t  suc h semanti c deficit s aris e fro m th e rando m 
lesionin g o f  a  unifie d semanti c networ k i n whic h interna l 
categor y representation s reflec t  th e variabilit y o f  th e 
categorie s themselves .  Thi s i s  demonstrate d b y lesionin g 
network s tha t  hav e learne d t o categoris e butterfiie s an d 
chairs .  Th e mode l  show s category-specifi c  semanti c deficit s 
of  th e narrowe r  (butterfly )  categor y wit h th e occasiona l 
revers e semanti c deficit s o f  relativel y impaire d chai r 
category . 

Introduction 

Category-specifi c  semanti c defici t  refer s t o th e inabilit y 
t o n a m e object s fi-om  a  particula r  categor y a s a  resul t  o f 
neurologica l  damage .  Th e namin g o f  object s outsid e th e 
impaire d categor y i s relativel y wel l  preserved .  Perhap s th e 
most  strikin g category-specifi c  semanti c defici t  i s  th e 
dissociatio n foun d betwee n animat e vs .  inanimat e objects . 
I n general ,  namin g o f  inanimat e object s i s foun d t o b e bette r 
preserve d tha n namin g o f  animat e object s (Warringto n an d 
Shallice ,  1984 ;  Silver i  &  Gainotti ,  1989 ;  Gainott i  &  Silveri , 
1996 :  Sartor i  &  Job ,  1988 ;  Funnel l  &  Sheridan ,  1992 ; 
Farah ,  Meyer ,  &  McMul ien ,  1996) .  However ,  fo r  a  smal l 
number  o f  patients ,  th e namin g o f  animat e object s i s bette r 
preserve d (Warringto n &  McCarthy ,  1987 ;  Hilli s & 
Caramazza ,  1991 ,  Sacchet t  &  Humphreys ,  1992) . 

Warringto n an d Shallic e (1984 )  hav e trie d t o explai n 
thes e findings  b y suggestin g tha t  word s fo r  animat e an d 
inanimat e object s ar e learn t  i n differen t  ways .  Word s fo r 
animat e object s ar e learn t  primaril y thoug h associatio n wit h 
perceptua l  cue s becaus e animat e object s ten d t o b e 
describe d b y thei r  surfac e feature s (e.g. ,  color ,  size) . 
However ,  word s fo r  inanimat e object s ar e learn t  primaril y 
throug h associatio n wit h th e object' s fiinction  becaus e 
inanimat e (man-made )  object s ten d t o b e describe d b y thei r 
us e (e.g. ,  a  ca r  i s  fo r  driving) .  Accordin g t o thi s view ,  th e 
namin g dissociatio n doe s no t  reflec t  a  taxonomi c orderin g 
of  semanti c m e m o r y ,  bu t  rather ,  th e differin g proportio n o f 
th e typ e o f  semanti c feature s (perceptua l  vs .  functional ) 
associate d wit h a  word . 

Fara h an d McClellan d (1991 )  explore d thi s hypothesi s b y 
constructin g a  connectionis t  mode l  o f  semanti c m e m o r y an d 
lesionin g it .  I n thi s model ,  bot h animat e an d inanimat e 
word s wer e associate d wit h functiona l  a s wel l  a s perceptua l 
features .  However ,  th e proportio n o f  functiona l  an d 
perceptua l  feature s differe d fo r  animat e an d inanimat e 
word s respectively .  The y foun d tha t  b y lesionin g eithe r  th e 
perceptua l  o r  functiona l  component s o f  semanti c memory , 
animat e o r  inanimat e word s wer e impaire d respectively . 
Thi s wa s use d t o corroborat e Warringto n an d Shallice' s 
accoun t  o f  category-specifi c  semanti c deficits .  Category -
specifi c  semanti c deficit s aros e eve n thoug h word s wer e no t 
store d wit h respec t  t o semanti c category . 

Whil e thi s i s  a  plausibl e accoun t  o f  th e sourc e o f 
category-specifi c  semanti c deficit s tha t  doe s no t  appea l  t o 
th e prio r  taxonomi c organizatio n o f  semanti c memory ,  i t 
stil l  implie s tha t  ther e exist s a n intrinsi c dissociatio n i n th e 
w ay tha t  functiona l  an d perceptua l  feature s ar e store d i n 
semanti c memory .  Th e Fara h an d McClellan d mode l  onl y 
work s becaus e ther e ar e identifiabl e region s tha t  encod e on e 
or  th e othe r  typ e o f  semanti c information ,  an d tha t  thes e 
region s ca n b e lesione d selectively .  Thi s accoun t  stil l  relie s 
on a n a  prior i  structurin g o f  semanti c m e m o r y t o explai n 
th e observe d semanti c dissociation .  Th e onl y differenc e i s 
tha t  rathe r  tha n positin g a n explici t  taxonomi c order ,  th e 
taxonomi c orderin g i s  mediate d b y a  hig h correlatio n 
betwee n perceptua l  feature s wit h animat e objects ,  an d 
functiona l  feature s wit h inanimat e objects . 

Th e greates t  shortcomin g o f  th e mode l  i s tha t  i t  fail s t o 
explai n w h y damag e shoul d occu r  eithe r  (a )  selectivel y t o 
th e perceptua l  feature s (thereb y preservin g knowledg e o f 
inanimat e words )  o r  (b )  selectivel y t o th e fiinctiona l  feature s 
(thereb y preservin g knowledg e o f  animat e objects) . 

S o me evidenc e fo r  separat e perceptua l  o r  fiinctional 
m e m o ry damag e come s fi-om  th e neuropathologie s 
associate d wit h categor y specifi c  semanti c deficits . 
Localise d damag e (e.g. ,  from  herpe s encephalitis )  t o th e 
temporolimbi c syste m (resultin g i n a  los s o f  percepua l 
features) ,  o r  t o th e frontoparietal  region s (resultin g i n a  los s 
of  functiona l  feature s hav e bee n associate d wit h th e los s o f 
on e semanti c catgeor y o r  th e othe r  (Saffra n &  Schwart A 
1988) .  However ,  categor y specifi c  impairement s hav e als o 
bee n foun d i n patient s wit h Alzheimer' s disease ,  a 
widesprea d pathology ,  causin g damag e t o bot h th e 
temporolimbi c syste m an d th e frontoparietal  regions . 
(Gonnerman ,  Andersen ,  Devlin ,  Kempler ,  &  Seidenberg ,  i n 
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press ;  McKrae ,  D e Sa ,  &  Seidenberg ,  1997 ;  Silver i  & 
Gainotti ,  1988) .  Thi s sor t  patholog y canno t  b e modelle d b y 
selectivel y leasionin g neuron s i n separat e memories .  On e 
woul d expec t  tha t  th e diffus e neura l  damag e foun d i n 
Alzheimer' s patient s wit h category-specifi c  semanti c 
deficit s woul d resul t  i n equa l  damag e t o perceptua l  an d 
functiona l  features .  Hence ,  eve n i f  inanimat e word s hav e 
mor e functiona l  feature s an d animat e word s hav e mor e 
perceptua l  feature s bot h categorie s woul d b e equall y 
impaire d b y th e rando m damage . 

I n thi s pape r  w e presen t  a  connectionis t  mode l  o f 
category-specifi c  semanti c deficit s tha t  doe s no t  assum e a n 
initia l  partitionin g o f  semanti c m e m o r y alon g eithe r  a 
taxonomi c o r  a  perceptual/fiinctiona l  divide .  Th e mode l 
posit s a  unifie d semanti c m e m o r y i n whic h al l  feature s ar e 
treate d equall y (e.g. ,  Caramazza ,  Hills ,  Rapp ,  &  Romani , 
1990) .  Category-specifi c  semanti c deficit s arise s fro m 
rando m lesionin g o f  th e network .  Th e mode l  w e propos e 
suggest s tha t  category-specifi c  semanti c deficit s reflec t 
difference s i n th e variabilit y  o f  feature s encodin g bot h 
animat e an d inanimat e objects . 

The res t  o f  thi s pape r  proceed s a s follows .  First ,  w e 
briefl y presen t  th e pseudo-recurren t  networ k architectur e 
develope d b y Frenc h (1997a )  an d use d fo r  modellin g 
semanti c memor y (french ,  1997b) .  A n explanatio n fo r 
category-specifi c  semanti c deficit s i s the n presented .  Th e 
nex t  sectio n illustrate s thi s proces s b y lesionin g network s 
tha t  hav e bee n traine d wit h tw o rea l  worl d categories .  Thes e 
result s ar e extende d t o accoun t  fo r  concret e vs .  abstrac t 
nou n dissociations .  Finally ,  th e likelihoo d o f  recover y fro m 
damage i s discussed . 

P s e u d o - R e c u r r e n t  C o n n e c t i o n i s t  N e t w o r k s 
The architectur e discusse d i n thi s pape r  wa s first 

develope d b y Frenc h (1997a )  t o overcom e catastrophi c 
interferenc e i n backpropagatio n (BP )  networks .  I t  suggest s 
tha t  catastrophi c interferenc e i n m e m o r y ca n b e overcom e 
by mixin g i n previousl y learne d approximation s 
("  pseudopattems "  o f  Robins ,  1995 )  wit h n e w informatio n 
durin g learning .  Learnin g proceed s i n tw o stage .  Th e first 
stag e (whic h involve s mixin g ne w an d ol d information ) 
take s plac e i n a n early-processin g are a o f  th e network .  Th e 
secon d stag e (whic h involve s layin g d o w n th e n e w 
knowledge )  take s plac e i n th e final  storag e area . 

Thi s metho d i s analogou s t o tha t  use d b y McClelland , 
McNaughton ,  an d O'Reill y  (1995 )  t o mode l  th e exchang e o f 
informatio n betwee n th e hippocampu s an d th e neocorte x 
involve d i n th e layin g dow n o f  memories .  Th e shuntin g o f 
informatio n betwee n tw o m e m o r y system s i s believe d t o 
hav e evolve d a s a  natura l  wa y o f  overcomin g th e proble m o f 
catastrophi c interferenc e i n a  distribute d syste m suc h a s th e 
brain . 

The networ k consist s o f  a  feedforwar d B P networ k tha t  i s 
divide d int o tw o parts ,  on e use d t o hel p trai n th e othe r 
(Figur e 1) .  W e wil l  cal l  th e left-han d sid e o f  th e networ k th e 
"early-processin g m e m o r y "  an d th e right-han d sid e th e 
"  fmal-storag e memory. "  I t  i s  perhap s easies t  t o explai n 
h o w th e networ k work s i n term s o f  a  specifi c  example . 

Suppos e tha t  th e "  fmal-storage "  are a contain s wha t  th e 
networ k ha s learne d u p t o th e presen t  time .  Th e networ k i s 
the n aske d t o sequentiall y  lear n 2 0 ne w patterns ,  P, ,  Pj ,  .. . 

inhibitor y lin k 
T E A C H ER N O D ES 

J N E W PATTERN,  (OUTPUT)  = £ ? 

Erro r  signa l 

Q 

FINAL-STORAGE\AR£A 

EARLY-PROCESSING ARE A 

^  N E W P A H E R N,  (INPUT )  : R A N D OM INPUT ' 

\  NE W PAnERN2 
I  NE W PAHERN] 

NEW PAnERN4 
NEW PAHERNs 

Figur e 1 .  Th e pseudo-recurren t  networ k architectur e 
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Pjo -  Eac h o f  thes e patterns ,  P „  consist s o f  a n inpu t  an d a n 
outpu t  ("teacher" )  association :  (I| ,  T|) .  B y sequentiall y 
learnin g thes e pattern s w e mea n tha t  eac h individua l  patter n 
must  b e learne d t o criterio n befor e th e syste m ca n begi n t o 
lear n th e subsequen t  pattern .  T o lear n patter n P, ,  it s  inpu t  I , 
i s  presente d t o th e network .  Activatio n flow s throug h bot h 
part s o f  th e network ,  bu t  th e outpu t  from  th e final-storage 
par t  i s  prevente d from  reachin g th e teache r  node s b y th e 
th e final-storage  m e m o r y an d wil l  b e learne d b y th e early -
processin g m e m o r y alon g wit h P, . 

Pseudopattem s ar e generate d b y final-storage  an d learne d 
by th e early-processin g m e m o r y a s follows .  A  rando m 
inpu t  pattern ,  / „  i s  presente d t o th e inpu t  node s o f  th e 
system .  Thi s inpu t  produce s a n output ,  o, ,  a t  th e outpu t 
laye r  o f  th e early-processin g m e m o r y an d als o produce s a n 
output ,  / „  o n th e teache r  node s o f  th e final-storage  memory . 

Thi s input-outpu t  pai r  (/ „  /, )  define s a  pseudopattem ,  y/y , 
tha t  reflect s th e content s o f  th e final-storage  memory .  Th e 
differenc e betwee n r ,  an d o ,  determine s th e erro r  signa l  fo r 
changin g th e weight s i n th e early-processin g memory . 
Similarly ,  th e othe r  rando m inputs ,  /j ,  h ,  .  . .  in ,  produc e 

pseudopattems ,  V6 ,  ̂ j , . . .  i/ „  tha t  ar e als o b e learne d b y th e 
early-processin g memory .  Onc e th e weigh t  change s hav e 

bee n m a d e fo r  th e firs t  epoc h fo r  th e se t  o f  pattern s {P „  y/̂ , 

iff-i ,  .  . .  if/̂ } ,  th e early-processin g m e m o r y cycle s throug h 
thi s se t  o f  pattern s agai n an d agai n unti l  i t  ha s learne d the m 
al l  t o criterion .  B y learnin g th e patter n P ,  th e early -
processin g m e m o r y i s  learnin g th e n e w informatio n 

presente d t o it ;  b y learnin g th e pseudopattem s y/ ^  y/ „  th e 
early-processin g m e m o r y is ,  i n addition ,  leiamin g a n 
approximatio n o f  th e informatio n previousl y store d i n final 
storage .  Obviously ,  th e mor e pseudopattem s tha t  ar e 
generated ,  th e mor e accuratel y the y wil l  reflec t  th e content s 
of  final  storage .  Onc e leamin g i n th e early-processin g 

networ k ha s converge d fo r  P, ,  ̂ / „  y/-̂ ,  .  .  .  yf „  th e early -
processin g weight s tiien  replac e th e final-storage  weights . 
I n othe r  words ,  th e early-processin g m e m o r y become s th e 
final  storag e m e m o r y an d th e networ k i s  read y t o lea m th e 
nex t  pattem ,  Pj .  CNot e tha t  thi s weight-copyin g strateg y i s 
certainl y no t  biologicall y plausible .  However ,  i t  ha s bee n 
show n (French ,  1997 )  tha t  informatio n transfe r  ca n als o b e 
effectivel y don e from  early-processin g t o final-storage  b y 
means o f  th e abov e typ e o f  pseudo-patter n transfer . 

Th e essenc e o f  thi s techniqu e i s t o interleav e ne w 
informatio n t o b e leame d wit h pseudopattem s tha t  reflec t 
th e content s o f  final-storage.  Thus ,  rathe r  tha n interleavin g 
th e real ,  originall y leame d pattern s wit h th e n e w inpu t 
comin g t o th e early-processin g memory ,  w e d o th e nex t  bes t 
thin g — namely ,  w e interleav e pseudopattem s tha t  ar e 
approximation s o f  th e previousl y store d patterns .  Onc e th e 
n e w patte m an d th e pseudopattem s ar e leame d i n th e early -
processin g area ,  th e weight s from  th e early-processin g 
networ k ar e copie d t o th e correspondin g weight s i n th e 
final-storage  networ k (or ,  mor e plausibly ,  th e early -
processin g are a train s th e final-storage  are a usin g it s o w n 
set  o f  pseudopattems) . 

Th e mode l  i s  calle d "  pseudo-recurrent "  no t  onl y becaus e 
of  th e recurren t  natur e o f  th e trainin g o f  th e early -
processin g m e m o r y b y th e final-storage  m e m o r y — 
approximation s o f  previousl y learne d informatio n i s 
continuall y fe d bac k int o th e early-processin g are a from 
final-storage  — ,  bu t  als o a s a  mean s o f  acknowledgin g th e 

"real "  teache r  T, .  I n othe r  words ,  th e teache r  patte m T , 
fills  th e teache r  nodes .  Th e early-processin g networ k the n 
adjust s it s  weight s wit h th e standar d backpropagatio n 
algorith m usin g a s th e erro r  signa l  th e differenc e betwee n T , 
and th e outpu t  O ,  o f  th e early-processin g network. 
Crucially ,  however ,  th e early-processin g networ k doe s no t 
onl y lea m th e patte m P, .  Intemall y creite d pseudopattems , 
reflectin g th e content s o f  final-storage,  ar e als o generate d b y 
all-importan t  mechanis m o f  informatio n transfe r  from final-
storag e t o early-processin g storag e — namely , 
pseudopattems .  Durin g sequentia l  leaming ,  informatio n i s 
continuall y passe d bac k an d fort h betwee n th e tw o memor y 
area s b y mean s o f  pseudopattems . 

O ne unanticipate d resul t  o f  thi s us e o f  pseud o pattern s i s 
th e compressio n o f  th e representation s tha t  develo p i n final 
storage .  Thi s i s  illustrate d fo r  a  particula r  exampl e i n 
Figure s 2  an d 3 ,  an d discusse d i n mor e detai l  below . 
Compressio n ha s a  numerou s advantages .  I n particular , 
ther e i s a  decreas e i n th e numbe r  o f  resource s require d t o 
activat e an y give n word ,  an d a  decreas e i n th e amoun t  o f 
overla p i n final  storage .  Compac t  representation s may , 
presumably ,  allo w fo r  mor e efficien t  processin g o f 
incomin g stimul i  becaus e o f  thei r  reduce d deman d o n 
syste m resource s (i.e. ,  les s activatio n i s  require d t o fiill y 
activat e a  compac t  representation .  However ,  highl y compac t 
representation s ar e mor e vulnerabl e t o selectiv e damag e 
tha n highl y distribute d representations . 

I t  i s  wort h repeatin g tha t  pseudorecurren t  architectur e i s 
meant  t o captur e th e natura l  proces s b y whic h th e brai n ma y 
be overcomin g catastrophi c interferenc e (McClelland , 
McNaughton ,  an d O'Reilly ;  1995) .  Th e compressio n o f 
categorica l  representation s i s a  processin g by-produc t  tha t 
fall s  naturall y ou t  o f  th e pseudo-recurren t  mechanism . 

A Mechanism for Category-Specific Loss 
I n contras t  t o explanation s o f  category-specifi c  semanti c 

deficit s tha t  rel y o n th e perception/functio n distinctio n 
(Warringto n &  Shallice ,  1984 ;  Durrant-Paetfield ,  Tyler , 
Moss,  &  Levy ,  1997 ;  Fara h &  McClelland ,  1991) ,  w e 
sugges t  tha t  thi s selectiv e m e m o r y los s i s due ,  a t  leas t  i n 
part ,  t o th e considerabl e differenc e i n th e averag e variabilit y 
withi n mos t  biologica l  an d artificia l  kinds .  Thi s difference , 
i s combine d wit h th e phenomeno n o f  gradua l  compressio n 
of  representation s a s the y ar e consolidate d i n final-storage 
— makin g the m increasingl y susceptibl e t o damage . 

W h en tw o real-worl d categorie s tha t  hav e ver y differen t 
varianc e ar e store d i n a  networ k — connectionis t  o r  huma n 
— th e differenc e i n varianc e wil l  b e reflecte d i n a  differenc e 
i n th e varianc e o f  th e interna l  representation s o f  th e tw o 
categories .  Th e greate r  th e varianc e i n th e real-worl d 
category ,  th e greate r  th e varianc e i n th e interna l 
representatio n o f  tha t  category ,  wher e th e varianc e o f  a n 
intema l  representatio n i s determine d b y th e "  spread "  o f  th e 
distributio n o f  hidden-uni t  activatio n patte m correspondin g 
t o a  representatio n w h e n i t  i s activated . 

Th e mor e compac t  th e distributio n (i.e. ,  th e lowe r  th e 
variance )  th e mor e vulnerabl e th e categor y i s t o catastrophi c 
damage.  Thi s i s  becaus e th e los s o f  on e o r  tw o node s i n a 
narrowl y define d categor y correspond s t o a  greate r 
proportiona l  los s o f  information .  Thi s i s  tru e i n an y 
distribute d connectionis t  network .  Th e pseudo-recurren t 
networ k enhance s thi s effec t  b y effectivel y reducin g th e 
number  o f  node s participatin g i n th e representations .  W e 
explor e thi s accoun t  furthe r  b y trainin g a  partiall y  recurren t 
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pseud o patter n networ k wit h tw o categories :  on e artificia l 
( T A B L E )  an d th e othe r  natura l  ( B U T T E R F L Y ) . 

Animate vs. Inanimate Semantic 

Dissociation s 
Twent y standar d Backpropagatio n (BP )  an d 2 0 pseudo -

recurren t  networ k wit h 1 3 inpu t  units ,  1 3 outpu t  units ,  an d 
32 hidde n unit s eac h wer e traine d t o autoassociat e 2 0 
example s o f  bot h butterflie s an d table s (fo r  a  tota l  o f  4 0 
tokens) .  Th e paramete r  trainin g value s wer e a s follows : 
learnin g rat e =  0.1 ,  m o m e n t u m =  0.9 ,  initia l  weigh t  rang e 
=2 ,  an d Fahlma n offse t  =0.01 .  Th e pseudo-recurren t 
network s use d 1 5 pseudo-pattern s i n learning . 

The categorie s o f  C H A I R an d B U T T E R F L Y wer e chose n 
becaus e the y wer e familia r  categorie s wit h extremel y hig h 
namin g reliabilit y  ( 1 0 0 % fo r  both )  an d ver y simila r  imag e 
agreement s (chair=3.2 2 an d butterfly = 3.92 )  accordin g t o 
th e Snodgras s an d Vanderwar t  (1980 )  pictur e namin g data . 
Subject s recognis e thes e categorie s eas i  y  an d hav e similarl y 
well-define d menta l  image s fo r  bot h categories .  Th e 4 0 
exemplar s wer e code d alon g th e followin g 1 3 dimensions : 
head-length ,  hea d width ,  ey e separatio n ,  antenn a length , 
dominan t  colour ,  le g length ,  numbe r  o f  legs ,  vertica l  extent , 
horizonta l  extent ,  numbe r  o f  angles ,  material ,  surfac e 
incline ,  deformability .  Measurement s wer e take n from 
randoml y selecte d actua l  example s o f  butterflie s an d chair s 
as detaile d i n Howart h (1973 )  an d Humphrey s (1970 ) 
respectively . 
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Figur e 2 .  Hidde n uni t  activatio n profil e fo r  Butterflie s an d 
Chair s i n a  standar d B P network . 

Exemplars were selected randomly and were learned 
sequentially :  eac h exempla r  wa s learne d t o criterio n befor e 
th e nex t  wa s presented .  Trainin g wa s stoppe d whe n al l 
output s wer e withi n 0. 2 o f  thei r  targe t  o r  afte r  100 0 epoch s 
of  training .  Figur e 2  show s a n exampl e o f  th e interna l 

representatio n develope d acros s th e hidde n unit s fo r  th e 
B U T T E R F LY an d C H A I R categories . 

Bot h categorie s ar e encode d ove r  th e whol e ban d o f 
hidde n units .  Presentatio n o f  a  butterfl y  exempla r  produce s 
activatio n o n 2 8 ou t  o f  3 2 hidde n unit s whil e presentatio n o f 
a chai r  produce s activatio n o n 3 2 ou t  o f  3 2 units .  Al l  hidde n 
unit s ar e involve d i n codin g th e distribute d categor y 
information . 

Figur e 3  show s th e sam e interna l  representation s fo r  th e 
pseudo-recurren t  network s traine d wit h 1 5 pseudo-patterns . 
Thes e hidde n uni t  representation s ar e m u c h mor e compact . 
The B U T T E R F L Y categor y i s onl y code d acros s 2  hidde n 
unit s whil e th e C H A I R categor y i s code d acros s 1 9 units .  A s 
compare d wit h th e standar d B P networks ,  ther e i s a  ne t 
decreas e i n th e varianc e o f  th e interna l  representatio n o f  a 
categor y a s measure d b y th e numbe r  o f  unit s require d t o 
encod e it .  I t  i s  wort h notin g tha t  a  los s i n informatio n als o 
accompanie s thi s representationa l  compression .  Althoug h 
th e pseudo-recurren t  network s ca n autoassociat e a s wel l  a s 
th e standar d B P networks ,  th e finer  detail s o f  th e exemplar s 
ar e los t  durin g th e compressio n process . 
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Figur e 3 .  Hidde n uni t  activatio n profil e fo r  Butterflie s an d 
Chair s i n a  networ k traine d wit h 1 5 pseudopattems . 

To explore the robustness of these representations, the 40 
network s wer e systematicall y lesione d b y removin g eac h o f 
th e hidde n unit s on e a t  a  time .  Ther e wer e 3 2 possibl e 
lesion s fo r  eac h networ k fo r  a  tota l  o f  64 0 lesionin g 
instances .  Th e systemati c lesionin g approac h guarantee s tha t 
th e whol e spac e o f  possibl e damag e i s explored .  Tabl e 1 
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shows th e proportio n o f  network s havin g completel y los t  th e 
B U T T E R F LY o r  CHAI R categorie s (bu t  havin g preserve d 
th e othe r  category )  fo r  bot h standar d B P an d pseudo -
recurren t  networks . 

Table 1. Percentage of lesions resulting in total category 
los s (n=640 ) 

CHAIR 
BUTTERFLY 

Standar d B P 
-Wo 
0 % 

Pseudorecurren t 
i n % 
3 % 

Wit h standar d B P non e o f  th e lesion s resulte d i n tota l 
categor y loss .  Th e distribute d representation s ar e immun e t o 
thi s typ e o f  lesioning .  Howeve r  categor y los s di d appea r  i n a 
number  o f  pseudo-recurren t  networks .  Thre e percen t  o f 
lesion s resulte d i n th e los s o f  BUTTERFLY (whil e 
preservin g CHAIR )  an d 0. 3 % resulte d i n th e los s o f  CHAI R 
(whil e preservin g BUTTERFLY) .  Th e natura l  kin d categor y 
was mor e likel y t o b e selectivel y los t  tha n th e artificia l  kind . 
However ,  i t  i s  importan t  t o not e tha t  abou t  1/10t h a s man y 
lesion s resulte d i n th e opposit e effect :  th e selectiv e los s o f 
th e artificia l  category .  Thi s i s compatibl e wit h th e findin g 
tha t  fo r  a  smal l  numbe r  o f  patients ,  th e namin g o f  animat e 
object s i s bette r  preserve d (Warringto n &  McCarthy ,  1987 ; 
Hilli s  &  Caramazza ,  1991 ,  Sacchet t  &  Humphreys ,  1992) . 
Bot h phenomen a ca n b e explaine d b y appealin g t o th e sam e 
rando m damag e an d th e differen t  distributio n characteristic s 
of  th e categories . 

One implicatio n o f  thi s approac h i s tha t  relativ e categor y 
los s ca n onl y b e meaningft i  l y  evaluate d betwee n categorie s 
tha t  ar e a t  a  simila r  taxonomi c level .  Basi c individua l 
categorie s suc h a s B U T T E R F LY an d CHAI R woul d bot h b e 
los t  befor e superordinat e categorie s suc h a s A N I M A L an d 
FURNITURE becaus e bot h th e late r  categorie s hav e muc h 
more variatio n tha n eithe r  o f  th e basi c leve l  categories . 

Recovery From Damage 
Earl y i n learnin g fe w pseudopattem s hav e bee n mixe d i n 

wit h th e categorica l  information .  Eac h categor y remain s 
relativel y broadl y define d acros s th e hidde n units .  A s 
learnin g progresse s (a s th e networ k get s olde r  an d mor e 
pseudo-pattern s ar e mixe d in )  th e categorie s becom e mor e 
compact  an d mor e tightl y defined .  On e implicatio n i s tha t 
rando m damag e earl y i n learnin g (a t  a  youn g age )  wil l 
produc e genera l  damag e t o al l  categorie s bu t  i s unlikel y t o 
catastrophicall y damag e an y on e category .  Becaus e n o 
categor y i s eradicate d ther e i s a  muc h bette r  chanc e tha t  a 
smal l  amoun t  o f  subsequen t  exposur e t o example s o f  tha t 
categor y wil l  produc e a  complet e recover y o f  th e category . 

I n contrast ,  olde r  network s hav e narrowl y defined , 
relativel y spars e categor y representations .  A s a  result , 
rando m damag e i s les s likel y t o effec t  an y o f  them . 
However ,  i f  a  categor y i s damaged ,  i t  i s  mor e likel y t o b e 
catastrophicall y damage d an d unabl e t o recove r  wit h 
subsequen t  exposur e t o example s o f  tha t  category . 

I n short ,  youn g network s ar e mor e susceptibl e t o mino r 
damage bu t  ca n recove r  fro m th e damag e wherea s olde r 
network s ar e mor e resilien t  t o damag e bu t  mor e brittl e an d 
les s abl e t o recove r  from  damage . 

Discussion 
I n thi s pape r  w e hav e presente d a  simpl e mode l  o f 

category-specifi c  semanti c deficits .  Th e mode l  use s th e 
pseudorecurren t  architectur e devise d b y Frenc h (1997a) . 
Learnin g occur s b y mixin g i n informatio n alread y presen t 

withi n a  networ k wit h th e ne w informatio n befor e layin g i t 
down i n a  networ k b y usin g backpropagation .  On e resul t  o f 
thi s proces s i s tha t  categorica l  representation s becom e mor e 
compact ,  les s distributed ,  an d mor e susceptibl e t o 
catastrophi c damage .  W e sugges t  tha t  suc h a  mechanis m 
coul d accoun t  fo r  a  rang e o f  category-specifi c  semanti c 
deficits . 

The pseudorecurren t  architectur e wa s use d t o mode l  th e 
category-specifi c  semanti c deficit s observe d betwee n 
animat e an d inanimat e objects .  Thi s wa s illustrate d b y 
teachin g th e networ k o n on e animat e categor y 
(BUTTERFLY)  an d on e inanimat e categor y (CHAIR) . 
Afte r  consolidatio n wit h pseudopattem s th e network s wer e 
expose d t o rando m diffus e lesioning .  Ther e wa s a 
predominan t  los s o f  th e animat e categor y (Butterfly )  wit h a 
smal l  minorit y of f  network s showin g th e revers e effec t  o f 
losin g th e inanimat e category .  Thi s closel y matche s wha t  i s 
foun d wit h huma n patients .  Th e mode l  doe s no t  hav e t o 
appea l  t o a  structure d semanti c memor y (fo r  exampl e b y 
positin g taxonomi c o r  percept/fiinctio n structure s i n 
memory)  an d i s therefor e mor e parsimoniou s tha n previou s 
model s o f  semanti c dissociation . 

Minima l  systemati c lesionin g wa s use d t o explor e th e 
robusmes s o f  th e categor y representations .  Clearly , 
increasin g th e amoun t  o f  lesionin g woul d increas e th e 
amount  o f  los s i n bot h categories .  A n importan t  implicatio n 
of  th e mode l  i s  tha t  category-specifi c  semanti c deficit s ca n 
occu r  eve n wit h minima l  lesioning .  However ,  th e larg e 
majorit y o f  subjec t  experiencin g thi s typ e o f  damag e woul d 
not  repor t  an y loss .  Thi s suggest s tha t  th e populatio n o f 
subject s havin g suffere d damag e ma y b e fa r  greate r  tha n th e 
number  wh o ar e diagnose d wit h a n semanti c deficits . 

We d o no t  wis h t o clai m tha t  ther e ar e n o difference s 
betwee n perceptua l  o r  functiona l  objec t  information .  Ther e 
ar e man y reason s t o believ e difference s exis t  (a t  th e ver y 
leas t  i n term s o f  encoding )  an d tha t  thes e differenc e ma y 
impac t  o n th e abilit y  t o retriev e animat e o r  inanimat e words . 
The mode l  w e presen t  i s  ver y simpl e an d explore s a  single , 
simpl e mechanis m tha t  ca n produc e category-specifi c 
deficit s a s a  result s o f  rando m damage .  Th e basi c poin t  i t 
makes i s tha t  on e doe s no t  nee d t o appea l  t o a  structured ,  o r 
separat e semanti c memorie s t o accoun t  fo r  category-specifi c 
dissociations .  McRae ,  D e S a an d Seidenber g (1997 )  mak e a 
relate d point .  The y sugges t  tha t  knowledg e o f  animat e 
object s i s mor e susceptibl e t o diffus e damag e i n a  unifie d 
memory becaus e tha t  knowledg e i s encode d acros s a 
smalle r  se t  o f  mor e highl y correlate d feature s unit s tha n 
knowledg e o f  inanimat e objects . 

Finally ,  th e mode l  suggest s tha t  mor e attentio n shoul d b e 
pai d t o th e inpu t  statistic s o f  th e categorie s use d fo r  testin g 
semanti c deficits .  A  stron g predictio n o f  th e mode l  i s tha t  -
withi n a  subject -  th e variabilit y  o f  categorie s shoul d b e a 
stron g predicto r  o f  whethe r  the y ar e preserve d o r  not .  Thus , 
withi n a  subjec t  showin g semanti c deficits ,  th e categorie s 
wit h broade r  definition s shoul d b e preserve d independentl y 
of  whethe r  the y ar e animate ,  inanimate ,  concrete ,  o r 
abstract . 
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