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Abstract * 
We examin e th e abilit y  o f  a n autoassociativ e memory 
traine d wit h face s t o classif y face s b y rac e an d b y sex . 
The mode l  learn s a  low-leve l  visua l  codin g o f  Japanes e 
and Caucasia n mal e an d femal e faces .  Sinc e recal l  o f  a 
fac e from  th e autoassociativ e memor y i s equivalen t  t o 
computin g a  weighte d su m o f  th e eigenvector s o f  th e 
memory matrix ,  face s ca n b e represente d b y thes e 
weight s an d th e se t  o f  correspondin g eigenvectors .  W e 
sho w tha t  reasonabl y accurat e classificatio n o f  th e face s 
by rac e an d se x ca n b e achieve d usin g onl y thes e 
weights .  Hence ,  rac e an d se x informatio n ca n b e ex -
tracte d i n th e mode l  withou t  explicitl y  learnin g th e clas -
sificatio n itself . 

Introduction 

Adaptiv e interactio n wit h peopl e i n dail y lif e require s 

proficienc y i n processin g face s i n a  variet y o f  ways .  I n ad -

ditio n t o ou r  abilit y t o recogniz e faces ,  w e ar e als o 

proficien t  a t  categorizin g face s alon g a  numbe r  o f  dimen -

sion s includin g sex ,  age ,  an d race .  Despit e th e eas e wit h 

whic h w e perfor m thes e tasks ,  fac e processin g present s a 

number  o f  difficul t  computationa l  problems .  A s spatia l 

patterns ,  face s ar e highl y simila r  i n tha t  the y al l  contai n th e 

same "features" ,  (e.g. ,  nose ,  mouth ,  eyes )  arrange d i n 

roughl y th e sam e configuration .  Thus ,  th e informatio n 

availabl e fo r  distinguishin g previousl y see n face s fro m n e w 

faces ,  an d fo r  classifyin g face s alon g othe r  importan t 

dimensions ,  mus t  b e foun d i n subtl e variation s i n thi s pre -

scribe d featur e se t  an d configuration . 

Quantificatio n an d representatio n o f  th e informatio n i n 

face s i n a  w a y tha t  make s th e task s o f  recognitio n an d clas -

sificatio n possibl e i s a  paradoxica l  problem .  Th e purpos e 

of  recognitio n i s to  classif y a  fac e a s familia r  o r  unfamiliar . 

Thus ,  a  successfu l  computationa l  mode l  o f  fac e recognitio n 

shoul d b e capabl e o f  storin g a  fac e i n a  w a y tha t  make s i t 

distinguishabl e fro m face s whic h wer e no t  learned .  Thi s 

need s t o b e don e regardles s o f  th e similarit y relationship s 

among familia r  an d unfamilia r  faces .  I t  ha s bee n k n o w n 

sinc e Kohone n (1977 )  tha t  a n autoassociativ e memory , 

compose d o f  face s represente d simpl y b y pixe l  values ,  act s 
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as a  conten t  addressabl e memory .  O'Toole ,  Millward ,  & 

Anderso n (1988 )  use d thi s typ e o f  mode l  i n a  two-alterna -

tiv e force d choic e fac e recognitio n tas k an d showe d tha t  th e 

model  distinguishe d learne d fro m n e w face s wit h a  goo d 

degre e o f  accuracy . 

Th e proble m o f  classificatio n o f  faces ,  o n th e othe r  hand , 

require s tha t  face s b e categorize d accordin g t o a  se t  o f  de -

fmin g characteristics .  Fo r  simplicity ,  w e wil l  confin e th e 

discussio n t o categorizatio n b y race .  But ,  th e presen t 

approac h hold s analogousl y fo r  th e proble m o f  fac e 

categorizatio n b y se x an d ag e a s well .  I n Bruc e &  Young' s 

(1986 )  mode l  o f  fac e processing ,  th e informatio n neede d t o 

do thi s kin d o f  classificatio n i s  calle d "visually-derive d 

semantic" .  Th e ter m make s th e poin t  tha t  thes e 

categorization s d o no t  requir e familiarit y wit h th e face .  Bu t 

rathe r  ar e base d o n perceptua l  informatio n an d s o ca n b e 

don e fo r  unfamilia r  a s wel l  a s familia r  faces . 

T o sa y tha t  certai n categorization s o f  face s ar e base d o n 

visua l  information ,  however ,  doe s no t  mea n tha t  learnin g i s 

not  important .  Whil e i t  m a y no t  b e eviden t  i n categorizin g 

a fac e a s Caucasian ,  Black ,  o r  Oriental ,  i t  i s  clea r  tha t  mor e 

subtl e rac e categorizations ,  suc h a s categorizin g a n orienta l 

fac e a s Chinese ,  Ji^anese ,  o r  Vietnamese ,  doe s requir e 

some learning .  W e believ e tha t  perceptua l  learnin g i s re -

sponsibl e fo r  fme-tunin g ou r  abilit y to  discriminat e face s 

bot h withi n an d betwee n categorie s (O'Tool e e t  al. ,  i n 

press) . 

Ther e i s  abundan t  suppor t  fo r  a n other-rac e effec t  i n 

whic h peopl e ar e bette r  abl e to  recogniz e face s o f  thei r  o w n 

rac e tha n face s o f  anothe r  rac e (e.g. ,  th e meta-aflalysi s o f 

Shapir o &  Penod .  1986) .  O'Tool e e t  al .  (i n press )  modele d 

th e "other-rac e effect "  i n fac e recognitio n a s a  proble m i n 

perceptua l  learning .  Wit h greate r  exposur e to  face s o f  a 

"majixity "  race ,  th e mode l  wa s abl e t o m a k e finer  discrimi -

nation s betwee n face s withi n th e majorit y rac e an d wa s bet -

te r  abl e t o recogniz e face s (i.e. ,  discriminat e learne d fro m 

n e w faces )  i n th e majorit y rac e tha n i n th e minorit y race . 

Returnin g t o th e proble m o f  fac e classificatio n b y race , 

on e approac h woul d b e t o trai n a  connectionis t  mode l  to  d o 

th e classificatio n (cf .  Cottrel l  &  R e m i n g ,  1990 ;  Go lomb , 

Lawrence ,  &  Sejnowski ,  1991) ,  reinforcin g th e mode l  fo r 

correc t  categorization .  Th e difficult y wit h thi s strategy ,  i n 

it s simples t  form ,  i s  tha t  learnin g th e classificatio n 

amplifie s th e difference s betwee n fac e group s a t  th e ex -

pens e o f  de-emphasizin g th e difference s betwee n face s 
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withi n a  category .  Thi s make s th e representation s o f  face s 

withi n th e mode l  les s suitabl e fo r  recognition .  Usin g back -

propagation ,  Cottrel l  &  Flemin g (1990 )  an d Golom b e t  al . 

(1991 )  avoi d thi s proble m b y preprocessin g face s wit h a n 

imag e compressio n networ k befor e teachin g th e categoriza -

tion .  Bot h model s perfor m wel l  o n th e tas k o f  se x discrimi -

nation .  I n th e presen t  work ,  w e sho w tha t  abilit y  t o classif y 

face s int o on e o f  tw o rac e categorie s i s presen t  implicitl y  i n 

a mode l  tha t  ha s no t  bee n explicitl y  taugh t  t o d o thi s classi -

fication .  W e us e a n autoassociativ e memor y tha t  i s traine d 

fo r  fac e recognitio n an d sho w tha t  informatio n abou t  th e 

rac e an d se x o f  th e fac e ca n b e extracte d wit h a  reasonabl e 

degre e o f  accuracy . 

T h e Autoassociativ e M e m o r y .  Th e mode l  i s define d first 

and the n it s applicatio n t o th e categorizatio n proble m i s 

presented .  A n autoassociativ e memor y wa s create d a s fol -

lows .  A  digitize d imag e o f  eac h fac e wa s code d a s a  vecto r 

of  pixe l  element s concatenate d fro m th e row s o f  th e fac e 

image .  Thus ,  th e /t h fac e wa s represente d b y a  7  x  1  vecto r 

(wher e J  equal s th e numbe r  o f  pixel s i n th e image )  denote d 

by f, .  Th e vector s wer e normalized .  Th e face s wer e store d 

i n a n autoassociativ e memor y compose d o f  J  completel y 

inter-connecte d units .  Th e connectio n strength s wer e 

store d i n a  7  x 7 matri x A  constructe d a s follows : 

A =  Z  f.f f  (1 ) 

Recal l  o f  individua l  face s fro m th e matri x wa s don e as : 

fpAi; -  (2 ) 
ft 

w h e r e f ,  i s  th e syste m estimat e o f  f, .  T h e qualit y o f  thi s 

estimat e i s m e a s u r e d b y c o m p a r i n g th e reconstructe d i m a g e 

wit h th e origina l  image .  Th i s i s d o n e b y takin g th e cosin e 

o f  th e angl e b e t w e e n f ,  a n d f ^  Interestingly ,  th e compar i -

so n m a y b e d o n e visuall y b y displayin g th e syste m output , 

sinc e i t  wil l  als o b e a  vecto r  o f  pixels .  Sys te m per formanc e 

w as i m p r o v e d b y usin g th e W i d r o w - H o f f  error-correctio n 

rul e tha t  iterativel y change s th e weight s i n A  t o optimiz e 

th e qualit y o f  th e recal l  acros s th e stimulu s set : 

A ( , + i )  =  A ( , )  -  7(« ;  -  A(,)£i)f f 

where i is randomly chosen, and where y decreases as an 

invers e m o n o t o n i c functio n o f  th e iteratio n n u m b e r  i . 

W h i l e th e formulatio n a b o v e s h o w s intuitivel y w h a t  th e 

m o d el  i s doing ,  clearl y th e eigen-decomposit io n o f  thi s m a -

tri x i s  equivalen t  t o principa l  c o m p o n e n t  analysi s 

(Anderson ,  e t  al. ,  1977 ;  Abdi ,  1988) .  Further ,  sinc e A  ca n 

be expresse d a s a  weighte d su m o f  th e oute r  product s o f  it s 

eigenvectors ,  recal l  o f  a  give n fac e from  th e matri x (i.e . 

Equatio n 3 )  i s equivalen t  t o producin g a  weighte d su m o f 

eigenvectors : 

U =  A f ,  =  P A P ^ f i 

N N 

ib k 

wher e P  i s th e matri x o f  th e A '  eigenvector s o f  A  wit h 

eigenvalue s greate r  tha n zero ,  an d A  i s th e diagona l  matri x 

of  th e eigenvalue s i n decreasin g order ,  an d p .  i s  th e kt h ei -

genvector .  Th e Widrow-Hof f  rul e ca n b e expresse d vi a th e 

eigen-decompositio n o f  A  (Abdi ,  i n press) : 

A(, )  =  P I I - ( I - 7 A ) ' ] P ' 
(5 ) 

W h en converged .  Equatio n 4  reduce s t o (Kohonen ,  1977) : 

fi = Afi = PP^f, 

N N 

* * (6) 

(i.e. ,  th e eigenvalue s ar e the n equa l  t o one) .  A s th e dimen -

sionalit y o f  ou r  image s i s extremel y larg e b y compariso n t o 

th e numbe r  o f  stimuli ,  th e capacit y limi t  o f  th e syste m wa s 

not  a  proble m fo r  thes e simulations . 

Usin g thi s latte r  formulatio n o f  th e problem ,  O'Tool e & 

Abdi  (1989 )  hav e pointe d ou t  th e similarit y o f  thi s ap -

proac h t o traditiona l  multidimensiona l  scalin g approache s 

t o representin g huma n similarit y data .  Th e axe s o f  th e 

multidimensiona l  scalin g solutio n ar e analogou s t o th e ei -

genvector s o f  th e autoassociativ e matrix .  Th e goa l  o f  multi -

dimensiona l  scalin g i s t o represen t  th e similarit y relation s 

among stimul i  usin g th e smalles t  numbe r  o f  dimension s 

possible .  Frequently ,  huma n similarit y dat a ca n b e repre -

sente d wit h a  goo d degre e o f  accurac y usin g onl y a  fe w di -

mensions .  Analogously ,  wit h a n autoassociativ e matri x 

compose d o f  a  pixel-base d representatio n o f  faces ,  Sirovic h 

& Kirb y (1987 )  hav e show n tha t  face s ca n b e reconstructe d 

t o a  quit e recognizabl e for m (l o withi n 3 % error )  usin g onl y 

40 parameter s an d th e correspondin g 4 0 eigenvectors . 

O'Tool e e t  al .  (i n press )  showe d tha t  fo r  th e tas k o f  simpl y 

discriminatin g learne d an d unlearne d faces ,  eve n les s pa -

rameter s ar e needed .  Her e reconstruction s base d o n a s fe w 

as te n eigenvector s wer e sufficien t  t o produc e excellen t  dis -

criminatio n o f  learne d an d unlearne d faces .  Recently .  Tur k 

& Pentlan d (1991 )  hav e elaborate d o n thi s approac h i n sev -

era l  way s includin g th e additio n o f  a n algorith m t o locat e 

face s i n a n image . 

The purpos e o f  th e presen t  wor k i s t o examin e th e useful -

nes s o f  thes e coefficient s (i.e. ,  th e se t  o f  weight s use d fo r 

reconstructin g a  give n face )  fo r  predictin g clas s m e m b ^ -

ship .  Specifically ,  w e wil l  loo k a t  classificatio n b y rac e 

and sex . 

Metho d 

Stimuli .  One-hundre d an d sixty-seve n face s wer e digi -

tize d from  slide s t o 1 6 gra y level s usin g a  Fotovi x digitize r 

attache d t o a  286-base d compute r  wit h a  16-bi t  T A R G A 

boar d (Tru e Vision) .  Face s wer e o f  youn g adults ,  wit h 

roughl y hal f  Caucasia n face s an d hal f  J^anes e faces . 

Withi n eac h rac e set ,  face s wer e roughl y hal f  mal e face s 

and hal f  femal e faces .  Non e o f  th e slide s picture d peopl e 
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M e an Coefficien t  Profile s 
fo r  Caucasia n &  Japanes e Face s 
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Figure 1. Mean coefficient z-score profiles of Caucasian 
and Japanes e faces .  Erro r  bar s sho w th e standar d de -
viation s o f  th e z-scores .  Th e bes t  rac e separatio n i s 
achieve d wit h th e secon d eigenvector . 

Mean Coefficien t  Profiie s 
fo r  Mal e &  Femal e Face s 
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Figure  2. Mean coefficient z-score profiles of male and female 
faces .  Th e erro r  bar s indicat e th e standar d deviation s o f  th e 
mal e an d femal e z-score s fo r  eac h rac e o f  faces . 

wit h facia l  hai r  o r  glasses .  Th e image s wer e aligned ,  s o 

tha t  th e eye s o f  al l  face s wer e a t  abou t  th e sam e height . 

The image s wer e croppe d t o eliminat e clothing .  Eac h fac e 

was 15 1 pixel s wid e an d 22 5 pixel s lon g (i.e. ,  a  33,975-pix -

el  vecto r  consistin g o f  th e concatenatio n o f  th e pixel s row) . 

We use d a  spatia l  differentiatio n encodin g tha t  enhance d 

line s prio r  t o th e extractio n o f  th e pixe l  vector ,  (cf . 

O T o o l e e t  al. ,  1988) . 

Apparatus .  Simulation s wer e performe d o n a  Su n SparcS -

tatio n an d a  Conve x C- 1 Vecto r  computer . 

Procedure .  A n autoassocialiv e m e m o r y wa s create d usin g 

40 Caucasia n an d 4 0 Japanes e faces .  Th e eigenvector s 

wer e extracte d from  th e matri x an d reconstruction s o f  al l 

167 face s (i.e. ,  8 0 ol d face s an d 8 7 ne w faces )  wer e m a d e 

usin g Equatio n 4 ,  wit h th e first  seven ^  eigenvectors . 

Analysi s an d Discussio n -  Rac e Discrimination .  A  coeffi -

cien t  profil e wa s constructe d fo r  eac h fac e usin g th e seve n 

coefficient s use d t o reconstruc t  th e face .  Sinc e th e absolut e 

magnitude s o f  thes e coefficient s wer e differen t  fo r  differen t 

eigenvectors ,  th e fac e profile s wer e converte d int o z-scores . 

Thus ,  eac h coefficien t  i n a  fac e profil e wa s th e z-scor e o f 

th e coefficien t  wit h respec t  t o tha t  coefficien t  fo r  al l  faces . 

An averag e coefficien t  profil e wa s the n calculate d fo r  Cau -

casia n face s an d fo r  Japanes e faces .  Th e mea n coefficient s 

fo r  Japanes e an d Caucasia n face s wer e significantl y differ -

ent  fo r  th e first  [ t  (165 )  =  7.87 ,  p  <  .001] ,  secon d [/(165 ) 

2 .  Th e choic e o f  seve n wa s mad e somewha t  arbitraril y  t o yiel d 
moderat e recognitio n performance .  Th e mode l  discriminate d 
learne d fro m ne w face s wit h a  d '  o f  1.0 8 usin g seve n eigen -
vectors . 

= 15.25 ,  p  <  .001] ,  an d sevent h [ /  (165) = 3.32 ,  p  <  .01 ]  ei -

genvectors .  Thi s indicate s tha t  informatio n relevan t  t o rac e 

discriminatio n i s  presen t  i n eac h o f  thes e eigenvectors . 

Figur e 1  display s thes e averag e profile s alon g wit h erro r 

bar s indicatin g on e standar d deviation . 

We looke d a t  th e powe r  o f  th e coefficient s fo r  eigenvec -

tor s on e an d two ,  independently ,  fo r  makin g rac e predic -

tion s abou t  th e faces .  T h e simples t  schem e fo r  doin g thi s i s 

t o tak e th e mea n o f  th e mea n coefficient s fo r  th e Japanes e 

and Caucasia n faces ,  an d t o creat e a  decisio n rul e usin g th e 

mean o f  thes e tw o mean s a s a  criterion .  Rac e membershi p 

prediction s ar e m a d e b y assignin g face s wit h coefficient s 

exceedin g thi s criterio n t o on e rac e (i.e. ,  th e rac e wit h th e 

large r  o f  th e tw o coefficien t  means )  an d face s wit h coeffi -

cient s les s tha n thi s criterio n t o th e othe r  rac e (i.e. ,  th e rac e 

wit h th e smalle r  o f  th e tw o coefficien t  means) .  Usin g onl y 

th e coefficient s fo r  eigenvecto r  on e yielde d correc t  rac e 

prediction s fo r  7 4 . 8 % o f  th e faces .  Basin g decision s o n 

th e coefficient s fo r  th e secon d eigenvecto r  fare d better , 

yieldin g correc t  rac e prediction s fo r  8 8 . 6 % o f  th e faces . 

Analysi s an d Discussio n -  Se x Discrimination .  Averag e 

fac e profile s wer e create d fo r  mal e an d femal e face s usin g 

th e procedur e describe d abov e fo r  rac e profiles .  Figur e 2 

show s thi s analysis .  Thes e dat a sho w tha t  th e informatio n 

fo r  se x discriminatio n i n th e mode l  i s no t  locahze d i n on e 

or  tw o eigenvectors .  T h e mea n coefficient s fo r  mal e an d 

femal e face s wer e significantl y differen t  fo r  th e fu-s t  [ t 

(165 )  =  3.01 ,  p  <  .01] ,  secon d [ t  (165 )  =  2.29 ,  p  <  .05] , 
thir d [/(165 )  =  4.21 ,  p  <  .001] ,  an d fourt h eigenvector s [ t 

(165 )  =  4.07 ,  p  <  .001] .  Figur e 2  indicate s tha t  wit h th e 

larg e overla p o f  th e m e a n distributions ,  n o eigenvecto r 
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Figur e 3 .  Th e firs t  si x eigenvector s use d t o reconstruc t  th e faces . 

independentl y wil l  b e sufficien t  t o discriminat e mal e an d 

femal e faces .  Sinc e fo r  al l  o f  thes e eigenvector s th e mea n 

coefficien t  fo r  mal e face s wa s greate r  tha n fo r  femal e faces , 

th e simples t  metho d f w combinin g informatio n acros s ei -

genvector s wa s t o ad d th e coefficient s fo r  th e fou r  eigen -

vector s fo r  eac h fac e an d t o us e thi s t o predic t  se x classifi -

cation .  Again ,  w e too k th e mea n o f  th e mean s o f  thi s pre -

dicto r  fo r  mal e an d fo r  femal e face s an d use d i t  a s a  criteri -

on se x value ,  assignin g mal e t o face s exceedin g th e criteri -

on valu e an d femal e t o face s les s tha n th e criterio n value . 

Usin g th e su m o f  thes e coefficient s yielde d 74 .3 % correc t 

sex predictions . 

Eigenvector s a s Features .  Sinc e th e fac e coding s ar e 

pixel s vectors ,  th e eigenvector s o f  th e m e m o r y matri x ar e 

als o pixe l  vector s an d som e example s appea r  i n Figur e 3 . 

As note d previousl y (Abdi ,  1988 ;  O'Tool e &  Abdi ,  1989) , 

thes e vector s ar e face-like .  Further ,  sinc e an y fac e ca n b e 

expresse d a s a  weighte d combinatio n o f  eigenvectors ,  th e 

eigenvector s qualif y i n som e way s a s "features "  o f  th e fac e 

wit h th e coefficient s indicatin g th e degre e o f  presenc e o f 

th e feature .  Th e ide a o f  usin g eigenvector s a s feature s ha s 

bee n aroun d fo r  a  relativel y lon g tim e (Anderson ,  e t  al. , 

1977) .  Thes e ar e no t  localize d feature s bu t  rathe r  mor e 

globa l  features .  Sinc e th e eigenvector s reflec t  th e statistica l 

structur e o f  th e stimulu s set ,  a  mor e race-homogeneou s 

matri x wil l  yiel d eigenvector s tha t  ar e differen t  fro m thos e 

we hav e extracte d fro m a  matri x m a d e o f  equa l  number s o f 

stimul i  fro m tw o races .  Fo r  example ,  Figur e 4  show s th e 

first  eigenvecto r  from  a n autoassociativ e matri x create d 

fro m 9 5 % Caucasia n an d 5 % Japanes e face s an d fro m 9 5 % 
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Figur e 4 .  Th e firs t  eigenvecto r  from  a n autoassociativ e matri x create d from  9 5 % Caucasia n face s an d 5 % Japanes e face s an d 
fro m 9 5 % Japanes e face s an d 5 % Caucasia n faces ,  respectively . 

Japanes e an d 5 % Caucasia n faces ,  respectively .  Her e th e 

firs t  eigenvector s ar e typica l  o f  th e "majority "  rac e i n th e 

matrix . 

Summary.  Thi s wor k show s tha t  th e informatio n neede d t o 

make rac e an d se x classification s i s presen t  i n a  mode l 

traine d t o perfor m fac e recognition .  Whil e th e discrimina -

tio n abilit y  o f  th e mode l  i s no t  perfect ,  i t  i s  wel l  abov e 

chance .  W e thin k tha t  th e competin g concern s o f  recogni -

tio n an d classificatio n shoul d b e addresse d wit h a  unifie d 

representatio n o f  th e stimuli .  Futur e wor k need s t o addres s 

th e questio n o f  h o w a  singl e mode l  ca n represen t  stimul i  i n 

a wa y tha t  answer s competin g tas k needs . 
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