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Abstrac t 

A considerable body of evidence from prosopagnosia, a deficit 
i n fac e recognitio n dissociabl e fro m nonfac e objec t  recogni -
tion ,  indicate s tha t  th e visua l  syste m devote s a  specialize d 
functiona l  are a t o mechanism s appropriat e fo r  fac e process -
ing .  W e presen t  a  modula r  neura l  networ k compose d o f  tw o 
"expert "  network s an d on e mediatin g "gate "  networ k wit h th e 
ta.s k o f  learnin g t o recogniz e th e face s o f  1 2 individual s an d 
classifyin g 3 6 nonfac e object s a s member s o f  on e o f  thre e 
classes .  Whil e learnin g th e task ,  th e networ k tend s t o divid e 
labo r  betwee n th e tw o exper t  modules ,  wit h on e exper t  special -
izin g i n fac e processin g an d th e othe r  specializin g i n nonfac e 
objec t  processing .  Afte r  training ,  w e observ e th e network' s 
performanc e o n a  tes t  se t  a s on e o f  th e expert s i s progres -
sivel y damaged .  Th e result s roughl y agre e wit h dat a reporte d 
fo r  prosopagnosi c patients :  a s damag e t o th e "face "  exper t  in -
creases ,  th e network' s fac e recognitio n performanc e decrease s 
dramaticall y whil e it s  objec t  classificatio n performanc e drop s 
slowly .  W e conclud e tha t  data-drive n competitiv e learnin g be -
twee n tw o unbiase d functiona l  unit s ca n giv e rise  t o localize d 
fac e processing ,  an d tha t  selectiv e damag e i n suc h a  syste m 
coul d underli e prosopagnosia . 

Introduction 

For  years ,  researcher s attemptin g t o deduc e th e functiona l 
architectur e o f  th e visua l  syste m hav e debate d whethe r  fac e 
recognitio n occur s i n a  speciahze d "module "  no t  use d fo r 
recognitio n o f  nonfac e objects .  A  considerabl e bod y o f  ev -
idenc e fro m prosopagnosi a seem s t o indicat e tha t  face s ar e 
processe d b y a  mor e o r  les s independen t  system .  Prosopag -
nosi a i s a  rar e conditio n i n whic h brai n damag e reduce s a 
person' s abilit y  t o recogniz e faces .  Althoug h th e conditio n i s 
almos t  alway s accompanie d b y othe r  visua l  impairments ,  th e 
defici t  ca n b e remarkabl y specifi c  t o faces . 

O ne possibl e explanatio n i s tha t  fac e recognitio n i s i n som e 
way mor e difficul t  tha n othe r  type s o f  recognition ,  s o mil d 
damage t o a  general-purpos e recognitio n syste m coul d af -
fec t  fac e recognifio n mor e tha n nonfac e objec t  recognifio n 
(Damasio ,  Damasio ,  &  Va n Hoesen ,  1982 ;  Humphrey s & 
Riddoch ,  1987) .  However ,  recen t  experiment s showin g a 
doubl e dissociatio n betwee n fac e an d nonfac e objec t  recogni -
tio n provid e evidenc e tha t  s o m e separabl e mechanis m serve s 
fac e recognifio n bette r  tha n objec t  recognitio n an d vic e versa . 

McNei l  an d Warringto n (1993 )  repor t  tha t  W.J. ,  a  pafien t 
wit h sever e prosopagnosi a bu t  apparenfl y norma l  recogni -
fion  o f  famou s buildings ,  do g breeds ,  ca r  makes ,  an d flower 

species ,  ha d acquire d a  flock  o f  shee p an d learne d t o recog -
niz e th e individual s fro m thei r  markings .  I n a  tes t  wit h un -
familia r  shee p o f  a  bree d unfamilia r  t o W.J. ,  a  contro l  grou p 
performe d significantl y bette r  o n recognifio n o f  h u m a n face s 
fiian  o f  th e shee p faces ,  indicafin g th e advantage s h u m a n s 
normall y hav e i n identifyin g h u m a n faces .  Bu t  W.J .  per -
forme d significanfi y bette r  o n th e shee p fac e tas k tha. n o n th e 
h u m an fac e task .  Th e unfamilia r  shee p fac e recognifio n tas k 
was i n m a n y way s a s difficul t  i n term s o f  complexit y an d con -
fusabiUt y a s fac e recognifion ,  ye t  W.J .  performe d well . 

Marth a Fara h an d he r  colleague s hav e performe d tw o im -
portan t  experiment s providin g furthe r  evidenc e o f  a  special -
izafio n fo r  fac e processing .  I n th e first,  the y consfiiicte d a 
within-clas s discriminafio n tas k involvin g face s an d visuall y 
simila r  eyeglasse s (Farah ,  Levinson ,  &  Klein ,  1995a) .  Nor -
mal  subject s wer e significanfi y bette r  a t  discriminafin g th e 
face s fiian  fiie  eyeglasses ,  bu t  th e prosopagnosi c pafien t  L.H . 
di d no t  sho w thi s effect .  Hi s fac e discriminafio n performanc e 
was significanfi y lowe r  flian fiiat  o f  th e contro l  group ,  bu t 
hi s eyeglas s discriminafio n performanc e w a s comparabl e t o 
Uia t  o f  file  controls .  I n th e othe r  experiment ,  th e researcher s 
compare d L.H.' s  performanc e i n recognizin g inverte d face s 
t o fiiat  o f  normal s (Farah ,  Wilson ,  Drain ,  &  Tanaka ,  1995b) . 
Th e surprisin g resul t  wa s tha t  wherea s norma l  subject s wer e 
significantl y bette r  a t  recognizin g uprigh t  face s ttian  inverte d 
ones ,  L.H .  performe d normall y o n th e inverte d face s bu t  wa s 
actuall y wors e a t  recognizin g \h t  uprigh t  face s flian  fiie  in -
verte d ones .  Thi s sfiid y indicate s tha t  norma l  fac e recogni -
tio n no t  onl y ufiHze s som e for m o f  specialize d processing , 
but  als o fiiat  fiie  fac e processin g pathwa y i s mandatory ,  eve n 
afte r  damage . 

On file  othe r  hand ,  studie s o f  severa l  pafient s hav e show n 
tha t  visua l  objec t  recognifio n ca n b e impaire d whil e fac e 
recognifio n i s spared .  Feinber g e t  al .  (1994) ,  o n th e basi s 
of  neuroanatomica l  assessmen t  o f  suc h pafients ,  argu e tha t 
comple x objec t  recognifio n largel y depend s o n visua l  decom -
posifio n int o parts ,  fo r  whic h th e lef t  hemispher e i s superior , 
wherea s fac e sfimul i  d o no t  requir e suc h decomposifion .  Thi s 
doubl e dissociafio n betwee n fac e an d objec t  recognifio n pro -
vide s a  sfi-on g argumen t  tha t  ttie  visua l  syste m contain s el -
ement s specialize d fo r  fac e processing ,  althoug h i t  doe s no t 
necessaril y  impl y a  disfinc t  fac e "module "  (Plaut ,  1995) . 

I n ligh t  o f  file  doubl e dissociafion ,  w e propos e a  simpl e 
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visua l  sys te m m o d e l 

Stimulu s 

Face 
Recognitio u 

Objec t 
Recognitio n 

ictio n 
Mediato r -  Decisio n 

Recogni t io n o f  face-lik e stimul i  an d non-face-lik e stim -
ul i  i s  accomp l i she d b y specialize d bu t  possibl y overlappin g 
m e c h a n i s m s .  A  mediator ,  o n th e basi s o f  a  representatio n o f 
th e stimulu s itself ,  m i x e s th e outpu t  o f  th e t w o system s t o 
generat e a  fina l  decisio n o n th e identit y o r  clas s o f  th e stimu -
lus . 

For  th e curren t  study ,  w e implemente d th e mode l  wit h th e 
mixtur e of  expert s neura l  networ k architectur e (Jorda n &  Ja -
cobs ,  1995) ,  traine d th e networ k t o perfor m a  combine d fac e 
identificatio n an d objec t  classificatio n task ,  an d foun d tha t 
competitiv e learnin g betwee n tw o identica l  "expert "  module s 
ca n resul t  i n a  divisio n o f  labo r  i n whic h on e exper t  domi -
nate s i n fac e patter n processin g an d th e othe r  dominate s i n 
nonfac e objec t  patter n processing .  Furthermore ,  damag e t o 
th e "face "  exper t  disproportionatel y ablate s th e model' s fac e 
recognitio n performance ,  indicatin g tha t  data-drive n special -
izatio n o f  separat e processor s an d th e fac t  tha t  face s requir e 
fin e within-clas s discriminatio n migh t  pla y a n importan t  rol e 
i n th e typ e o f  dissociatio n observe d i n prosopagnosia .  Afte r 
describin g th e experimen t  an d it s results ,  w e discus s th e pos -
sibl e implication s o f  thes e findings  an d direction s fo r  furthe r 
research . 

Experimental Methods 

Fac e a n d Objec t  D a t a 

Thi s stud y ufiUze d stati c image s o f  1 2 individuals '  faces ,  1 2 
differen t  cups ,  1 2 differen t  books ,  an d 1 2 differen t  sod a cans . 
See Figur e 1  fo r  example s fro m eac h class . 

For  th e faces ,  w e collecte d 5  image s o f  eac h o f  1 2 individ -
ual s fro m th e Cottrel l  an d Metcalf e databas e (1991) .  I n thes e 
images ,  th e subject s attemp t  t o displa y variou s emotions , 
whil e th e hghtin g an d camer a viewT)oin t  i s hel d constant .  W e 
the n capuire d 5  image s o f  eac h o f  th e 3 6 object s wit h a  C C D 
camer a an d vide o fram e grabber .  Fo r  thes e images ,  w e per -
forme d minor ,  pseudorando m perturbation s o f  eac h object' s 
positio n an d orientatio n whil e lightin g an d camer a viewpoin t 
remaine d constant .  Afte r  capturin g th e 640x48 0 grayscal e 
images ,  w e croppe d an d scale d the m t o 64x64 ,  th e sam e siz e 
as th e fac e images . 

Image Preprocessing 

I n orde r  t o transfor m ra w 64x6 4 8-bi t  grayscal e image s int o a 
representatio n mor e appropriat e fo r  a  neura l  networ k classi -
fier,  w e preprocesse d th e image s wit h a  Gabo r  wavelet-base d 
featur e detecto r  an d principa l  component s analysi s (PCA) . 
Thes e preprocessin g step s qualitativel y resembl e som e o f  th e 
preprocessin g don e i n earl y stage s o f  th e visua l  system . 

Th e Gabo r  Je t  Featur e Detecto r  W e first  transforme d th e 

inpu t  imag e se t  b y extractin g Gabo r  "jet "  features .  Th e 
wavele t  resemble s a  sinusoi d restricte d b y a  Gaussia n func -
tion ,  m a y b e tune d t o a  particula r  orientatio n an d frequency , 
and i s simila r  t o th e observe d receptiv e fields  o f  simpl e cell s 
i n primar y visua l  corte x (Jone s &  Palmer ,  1987) .  A  "jet "  i s 
forme d b y combinin g th e respons e o f  severa l  filters  wit h dif -
feren t  orientations .  A s a n imag e featur e detector ,  th e je t  ex -
hibit s som e invarianc e t o background ,  translation ,  distorfion , 
and siz e (Buhmann ,  Lades ,  &  vo n de r  Malsburg ,  1990) . 

The basi c wavele t  is : 

G{k ,  x )  =  ex p {i k •  x )  ex p 
(-

k^x_x \ 
2ct 2 

wher e 
k =  k{cos<j>,sin<l> ) 

and k  =  \k \  control s th e wavelengt h o r  "scale "  o f  th e filter 
functio n G ,  x  i s a  poin t  i n th e plan e relativ e th e wavelet' s 
origin ,  c p i s th e angula r  orientatio n o f  th e filter,  an d ct  i s  a 
constant .  A s i n Buhman n e t  al .  (1990) ,  w e le t  a  =  n ,  le t  (f > 
rang e ove r  {0 ,  f ,  f ,  ̂ ,  f ,  ̂ ,  ̂ ,  ̂ } ,  an d w e le t 

ki = -^2', withi 6 {1,...,6}. 

Since the input image size is 64x64, N = 64. 
Agai n a s i n Buhman n e t  al .  (1990) ,  fo r  eac h ofjh e eigh t 

orientation s an d si x wavelengths ,  w e convolv e G{k,x )  wit h 
th e inpu t  imag e /(x) : 

iWI)ik,x-h) = J G^ix-o - x)I{x)d^x 

then normalize the response values across scales: 

{TI){k,xh )  = 
\{WI){k,x'o ) 

J\{WI)ik,x)\d^xd4 > 

Wit h eigh t  orientation s an d si x scal e factors ,  th e proces s re -
sult s i n a  vecto r  o f  4 8 comple x value s a t  eac h poin t  o f  a n 
imag e (se e Figur e 2  fo r  a n example) .  W e subsample d a n 8x 8 
gri d o f  thes e vector s an d compute d th e magnitud e o f  th e com -
ple x value s t o ge t  a  3072-elemen t  vecto r  representin g th e im -
age. 

Dimensionality Reduction with Principal Components 
Analysi s Th e featur e extractio n metho d describe d abov e 
produce d 24 0 inpu t  pattern s o f  307 2 elements .  T o reduc e th e 
dimensionalit y o f  th e inpu t  patterns ,  w e first  divide d the m 
int o a  trainin g se t  compose d o f  fou r  example s fo r  eac h indi -
vidua l  fac e o r  objec t  (19 2 pattern s total )  an d a  tes t  se t  com -
pose d o f  on e exampl e o f  eac h individua l  (4 8 pattern s total) . 
Usin g th e techniqu e describe d b y Tur k an d Pentlan d (1991) , 
we projecte d eac h patter n ont o th e basi s forme d b y th e 19 2 
most-significan t  eigenvector s o f  th e trainin g set' s covarianc e 
matrix ,  resultin g i n 19 2 coefficient s fo r  eac h pattern .  A s a 
final  step ,  w e normalize d eac h patter n b y dividin g eac h o f 
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Figur e 1 :  E x a m p l e face ,  cup ,  book ,  an d ca n i m a g e s 

'  'T, ,  -ŷ,-- / 
'•w M 

Figur e 2 :  Origina l  i m a g e an d G a b o r  jet s a t  si x scales .  E a c h pixel' s  intensit y i n th e processe d i m a g e s represent s th e lo g o f  th e 
s u m o f  th e magn i tude s o f  th e filte r  response s i n eac h o f  th e eigh t  directions . 

Gatin g 
Networ k 
~~l 

Networ k 
Exper t 
Networ k 

Figur e 3 :  Modula r  mixtur e o f  expert s networ k 

it s coefficient s b y it s m a x i m u m coefficien t  magnitud e s o al l 
coefficient s fel l  i n th e rang e [-1,1] . 

Wit h th e resultin g representation ,  ou r  network s exhibite d 
good trainin g se t  accurac y an d adequat e generalization ,  s o w e 
di d no t  furthe r  reduc e th e patter n dimensionalit y  o r  normaliz e 
th e varianc e o f  th e coefficients .  Not e tha t  wit h 19 2 pattern s 
and 19 2 dimensions ,  th e gainin g se t  i s almos t  certainl y Hn -
earl y separable . 

Mixture of Experts Network Architecture 

We modeled the face and object recognition task with the 
"mixtur e o f  experts "  architectur e (Jorda n &  Jacobs ,  1995) . 

Figur e 3  show s a  simpl e modula r  network .  Eac h exper t 
networ k i  i s  a  single-laye r  linea r  networ k tha t  compute s a n 
outpu t  vecto r  O j  a s a  functio n o f  th e inpu t  vecto r  x  an d a  se t 

ofparameters^j . 
We assum e tha t  eac h exper t  specialize s i n a  differen t  are a 

of  th e inpu t  space .  Th e gatin g networ k assign s a  weigh t  g i  t o 
eac h o f  th e experts '  output s O^ .  Th e gatin g networ k deter -
mine s th e Qi  a s a  functio n o f  th e inpu t  vecto r  x  an d a  se t  o f 
parameter s w .  Th e g ^  ca n b e interprete d a s estimate s o f  th e 
prio r  probabilit y  tha t  exper t  i  ca n generat e th e desire d outpu t 
y,  o r  P(i|x ,  w ) .  Th e gatin g networ k i s a  single-laye r  linea r 
networ k wit h a  softma x nonlinearit y  a t  it s output .  Tha t  is ,  th e 
linea r  networ k compute s 

^̂  =  E - i iWu 

the n applie s th e softma x functio n t o ge t 

^  exp te ) 

^'  E ,exp(^ , ) 

Clearly ,  then ,  th e g i  ar e nonnegativ e an d su m t o 1 .  Th e final , 
mixe d outpu t  o f  th e networ k i s 

O = ^giOi. 
i 

Adaptatio n b y M a x i m u m Likelihoo d Gradien t  Ascen t 
For  adaptin g th e network' s estimate s o f  th e parameter s w  an d 
di ,  w e use d th e gradien t  ascen t  algorith m fo r  maximizin g th e 
lo g likelihoo d describe d b y Jorda n &  Jacobs .  Assumin g th e 
probabilit y  densit y associate d wit h eac h exper t  i s  Gaussia n 
wit h identit y covarianc e matrix ,  the y obtai n th e onlin e learn -
in g algorithm s 
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Figur e 4 :  Weight s assigne d t o th e face-dominan t  exper t  net -
w o r k fo r  eac h stimulu s class .  Erro r  bar s denot e standar d er -

ror . 

and 
Awi=r)g{hi-gi)x.' ^ 

wher e rj e an d rj g ar e learnin g rate s fo r  th e exper t  network s 
and th e gatin g network ,  respectively ,  an d h i  i s a n estimat e o f 
th e posterio r  probabilit y  tha t  exper t  i  ca n generat e th e desire d 
outpu t  y : 

hi  = 
9 i e x p { - ^ { y - O i ) ' ^ { y - O i ) ) 

Thi s i s essentiall y  a  softma x functio n compute d o n th e invers e 
of  th e s u m square d erro r  o f  eac h expert' s  output ,  smoothe d b y 
th e gatin g network' s curren t  estimat e o f  th e prio r  probabilit y 
tha t  th e inpu t  patter n wa s draw n from  exper t  i' s  are a o f  spe -
cialization . 

As th e networ k learns ,  th e exper t  network s "compete "  fo r 
eac h inpu t  pattern ,  whil e th e gat e networ k reward s th e win -
ner  o f  eac h competitio n wit h stronge r  erro r  feedbac k signals . 
Thus ,  ove r  time ,  th e gat e partition s th e inpu t  spac e i n re -
spons e t o th e experts '  performance .  W e foun d tha t  addin g 
m o m e n t u m term s t o th e updat e rule s enable d th e networ k t o 
lear n mor e quickl y an d th e gat e networ k t o partitio n th e inpu t 
spac e mor e reliably .  Wit h thi s change ,  i f  c  i s a  weigh t  chang e 
compute d a s above ,  th e updat e rul e fo r  a n individua l  weigh t 
become s Awi{ t )  =  c  +  aAw i { t  -  1) .  Th e nex t  sectio n de -
scribe s h o w w e chos e th e learnin g parameter s T)g,rie,ag ,  an d 
ae durin g th e trainin g process . 

I n thes e experiments ,  th e network' s tas k wa s t o recog -
niz e th e face s a s individual s an d th e object s a s member s 
of  thei r  class .  Thu s th e networ k ha d 1 5 outputs ,  corre -
spondin g t o cup ,  book ,  can ,  fac e 1 ,  fac e 2 ,  etc .  Fo r  ex -
ample ,  th e desire d outpu t  vecto r  fo r  th e cu p pattern s an d 
th e fac e 5  pattern s wer e [1,0,0,0,0,0,0,0,0,0,0,0,0,0,0] ^ 
and [0,0,0,0,0,0,0,1,0,0,0,0,0,0,0]^ ,  respectively . 

Network Training 

Afte r  removin g on e exampl e o f  eac h fac e an d objec t  (4 8 
patterns )  fro m th e trainin g se t  fo r  us e a s a  validatio n se t  t o 
sto p training ,  w e use d th e followin g trainin g procedure : 

1. Initialize network weights to small random values. 

2. Train each expert network on 10 randomly-chosen patterns 
fro m th e (reduced )  trainin g set .  Withou t  thi s step ,  bot h net -
work s woul d perfor m equall y wel l  o n ever y patter n an d th e 
gatin g networ k woul d no t  lear n t o differentiat e betwee n 
thei r  abilities ,  becaus e th e gat e weigh t  updat e rul e i s in -
sensitiv e t o smal l  difference s betwee n th e experts '  perfor -
mance. 

3. Repeat 10 times: 

(a) Randomize the training set's presentation order. 

(b )  Trai n th e networ k fo r  on e epoch . 

4. Test the network's performance on the validation set. 

5. If mean squared error over the validation set has not in-
crease d tw o consecutiv e times ,  g o t o 3 . 

6. Test the network's performance on the test set. 

The training regimen was sufficient to achieve near-perfect 
performanc e o n th e tes t  se t  (se e Figur e 5  result s fo r  0 % dam -
age) ,  bu t  w e foun d tha t  th e a  prior i  estimate s (g i  an d 32 ) 
learne d b y th e gat e networ k wer e extremel y sensitiv e t o th e 
learnin g parameter s r]g,T}e,ag ,  an d ag .  I f  th e gat e networ k 
learn s to o slowl y relativ e t o th e experts ,  the y generall y receiv e 
th e sam e amoun t  o f  erro r  feedbac k an d theg j  neve r  deviat e fa r 
fro m 0.5 .  I f  th e gat e networ k learn s to o quickl y relativ e t o th e 
experts ,  i t  tend s t o assig n al l  o f  th e inpu t  pattern s t o on e o f  th e 
experts .  T o addres s thi s problem ,  w e performe d a  searc h fo r 
paramete r  setting s tha t  partitio n th e trainin g se t  effectively . 
For  27 0 point s i n th e four-dimensiona l  paramete r  space ,  w e 
compute d th e varianc e o f  on e o f  th e gat e networ k output s ove r 
th e trainin g set ,  average d ove r  te n runs .  Thi s varianc e mea -
sur e wa s maxima l  whe n rj e =  0.05 ,  ri g =  0.15 ,  a g =  0.4 ,  an d 
ag =0 .6 . 

Maximizin g th e gat e outpu t  varianc e i s a  reasonabl e strat -
egy fo r  selectin g th e model' s learnin g parameters .  I t  encour -
ages a  fairl y  shar p partitio n betwee n th e experts '  area s o f  spe -
cializatio n withou t  favorin g on e partitio n ove r  another .  O n 
th e othe r  hand ,  i t  woul d hav e bee n preferabl e t o includ e a 
ter m penalizin g lo w gat e valu e varianc e i n th e network' s ob -
jectiv e function ,  sinc e thi s woul d eliminat e th e nee d fo r  a  pa -
ramete r  search . 

Results 

Figur e 4  summarize s th e divisio n o f  labo r  performe d b y th e 
gat e networ k ove r  1 0 run s wit h rj e =  0.05 ,  rj g =  0.15 ,  O e = 
0.4 ,  an d a g =  0.6 .  Th e bar s denot e th e weight s th e 
gat e networ k assigne d t o whicheve r  exper t  emerge d a s face -
dominant ,  broke n dow n b y stimulu s class ,  an d th e erro r  bar s 
denot e standar d error .  Figur e 5  illustrate s th e performanc e 
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Figur e 5 :  (a )  Fac e identificatio n classificatio n error s increas e a s damag e t o th e face-dominatin g exper t  modul e increases ,  (b ) 
Objec t  categorizatio n classificatio n error s increas e a s damag e t o th e non-face-dominatin g exper t  modul e increases . 

effect s o f  damagin g on e exper t  b y randoml y removin g con -
nection s betwee n it s inpu t  an d outpu t  units .  Damagin g th e 
face-specializin g networ k resulte d i n a  dramati c decreas e i n 
performanc e o n th e fac e patterns .  W h e n th e networ k no t  spe -
cializin g i n face s wa s damaged ,  however ,  th e opposit e ef -
fec t  wa s presen t  bu t  les s severe .  Clearly ,  th e fac e specialis t 
learne d enoug h abou t  th e objec t  classe s durin g earl y stage s 
of  trainin g (whe n th e gatin g networ k esfimate s al l  prio r  prob -
abiJifie s a t  abou t  0.5 )  t o correctl y classif y som e o f  th e objec t 
patterns . 

Discussion 

The simulatio n result s sho w tha t  th e networ k i s a  goo d mode l 
of  th e prosopagnosi c effect :  a s damag e t o th e "face "  modul e 
increases ,  th e network' s abilit y  t o recogniz e face s decrease s 
dramatically .  F r o m thi s w e conclud e tha t  i t  i s  possibl e fo r 
competitiv e learnin g betwee n tw o unbiase d functiona l  unit s 
t o giv e ris e t o a  specialize d fac e processor .  Sinc e face s for m 
a fairl y homogeneou s class ,  i t  i s  reasonabl e t o expec t  tha t  a 
uni t  goo d a t  identifyin g on e fac e wil l  als o b e goo d a t  process -
in g others .  However ,  sinc e th e degre e o f  separatio n betwee n 
fac e an d nonfac e pattern s i n th e mode l  i s no t  clea n an d i s sen -
sitiv e t o trainin g parameters ,  additiona l  constraint s woul d b e 
necessar y t o achiev e a  face/nonfac e divisio n reliably .  Indeed , 
suc h constraints ,  suc h a s th e prevalenc e o f  fac e stimu U i n th e 
newborn' s environment ,  differen t  maturatio n rate s i n differ -
ent  area s o f  th e brain ,  an d a  possibl y innat e preferenc e fo r 
trackin g faces ,  m a y wel l  b e a t  wor k durin g infan t  develop -
ment  (Johnso n &  Morton ,  1991) . 

Despit e th e lac k o f  a  stron g face/nonfac e separatio n i n th e 
network ,  damagin g th e "fac e expert "  affect s fac e recognitio n 
accurac y disproportionately ,  compare d wit h h o w damag e t o 
th e nonfac e exper t  affect s objec t  recognitio n accuracy .  Al -
thoug h w e hav e no t  ye t  ru n th e appropriat e contro l  experi -
ments ,  w e hypothesiz e tha t  requirin g th e networ k t o perfor m 
fine  discriminatio n betwee n member s o f  a  homogeneou s clas s 

and gros s classificatio n o f  th e othe r  classe s lead s t o th e dif -
ferenc e i n damag e effects . 

Althoug h w e wer e no t  directl y attemptin g t o mode l  visua l 
objec t  agnosia ,  i t  i s interestin g t o conside r  h o w objec t  classifi -
catio n performanc e degrade s i n Figur e 5  (b) .  Eve n wit h 1 0 0 % 
damage t o th e "objec t  expert, "  th e "fac e expert "  alon e i s abl e 
t o correctl y classif y 6 2 % o f  th e objec t  pattern s i n th e tes t  set , 
compare d wit h th e objec t  exper t  correctl y classifyin g 1 9 % o f 
th e fac e pattern s whe n th e fac e exper t  n o longe r  contributes . 
Thi s effec t  i s mos t  likel y du e t o th e fac t  tha t  th e fac e exper t 
receive s som e erro r  feedbac k o n th e objec t  pattern s earl y i n 
training ,  whe n th e gat e network' s prio r  probabilit y  estimate s 
ar e clos e t o 0. 5 fo r  al l  patterns ,  an d tha t  th e classificatio n tas k 
i s relativel y simple ,  involvin g onl y thre e classes .  Th e fac e 
expert' s  performanc e woul d mos t  likel y decreas e markedl y 
on object s i f  th e objec t  classificatio n tas k wa s mor e realistic , 
involvin g mor e classe s o r  within-clas s discrimination .  Bu t  i n 
an interestin g way ,  thes e result s concu r  wit h th e neuropsycho -
logica l  dat a o n prosopagnosia .  O n th e basi s o f  a  revie w o f  th e 
literatur e o n agnosia ,  Fara h (1991 )  observe s tha t  visua l  objec t 
agnosi a withou t  prosopagnosi a nearl y alway s coincide s wit h 
alexi a (a n inabilit y  t o recogniz e words) ,  an d conclude s tha t 
fac e recognitio n depend s strongl y o n processin g comple x ob -
ject s a s a  whole ,  wor d recognitio n depend s strongl y o n break -
in g comple x object s int o parts ,  an d nonfac e objec t  recogni -
tio n depend s mor e o n a  mixtur e o f  th e tw o mechanisms .  Thu s 
selectiv e damag e t o a  "par t  decomposition "  mechanis m ca n 
affec t  th e processin g o f  som e objec t  type s m o r e tha n others . 
For  ou r  model ,  thi s hypothesi s predict s tha t  object s amenabl e 
t o processin g a s whole s wil l  b e mor e easil y recognize d b y a 
fac e specialis t  tha t  object s i n whic h discriminatio n require s 
decompositio n int o parts . 
Future Work 
Buildin g o n thi s experiment ,  w e wil l  investigat e severa l  av -
enue s o f  fiirthe r  research .  Th e network' s behavio r  indicate s 
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tha t  competitiv e learnin g i s mos t  lilcel y no t  th e sol e facto r  i n 
developmen t  o f  a  fac e specialist ,  d e Schone n an d Mancin i 
(1995 )  argu e tha t  innat e organizationa l  constraint s pla y a  rol e 
i n biasin g th e brai n towar d a  functiona l  specializatio n i n fac e 
recognition .  W e wil l  investigat e th e type s o f  constraint s tha t 
bia s ou r  mode l  towar d fac e specialization ;  on e possibilit y  i s 
tha t  a  low-resolutio n pathwa y involvin g unit s wit h larg e re -
ceptiv e field s wil l  b e bette r  abl e t o accomplis h th e discrimi -
natio n require d i n th e fac e recognitio n task ,  wherea s a  high -
resolutio n pathwa y involvin g unit s wit h smal l  receptiv e field s 
wil l  b e bette r  abl e t o accomplis h th e objec t  recognitio n task . 
Jacob s an d Kossly n (1994 )  hav e successfull y applie d thi s ap -
proac h withi n th e mixtur e o f  expert s paradigm . 

The hypothesi s tha t  fac e processin g primaril y depend s o n 
holisti c o r  configura l  information ,  wherea s processin g othe r 
objec t  type s depend s mor e o n analyzin g a n object' s subparts , 
i s  als o testabl e i n ou r  model .  W e pla n t o explor e th e hypoth -
esi s b y constructin g mor e realisti c objec t  recognitio n task s 
usin g a  broade r  variet y o f  object s an d involvin g bot h within -
clas s discriminatio n an d gros s classificatio n o f  object s (suc h 
as words )  requirin g som e leve l  o f  "part s analysis "  fo r  recog -
nition .  W e predic t  tha t  thes e change s t o th e objec t  recogni -
tio n tas k wil l  caus e a  cleare r  dissociatio n o f  objec t  recogni -
tio n fro m fac e recognitio n whe n damagin g so-calle d objec t 
experts . 

Work o n "covert "  fac e recognitio n i n prosopagnosic s mea -
surin g ski n conductanc e durin g fac e recognitio n task s (e.g . 
Trane l  &  Damasio ,  1988 )  an d evidenc e fo r  th e mandator y 
natur e o f  th e fac e processin g syste m (Fara h e t  al ,  1995b ) 
see m t o argu e tha t  th e proces s o f  mediatin g betwee n th e fac e 
and nonfac e objec t  system s actuall y occur s befor e recogni -
tion .  W e pla n t o investigat e way s t o accoun t  fo r  thi s dat a i n 
futur e models . 
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