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Eigenface s fo r  Familiarit y 
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Computer  Scienc e an d Engineerin g Departmen t 
Universit y  o f  California ,  Sa n Dieg o 

9500 Oilma n Dr. ,  L a Joll a C A 92093-011 4 US A 

Thomas A. Busey (busey@indiana.edu) 
Departmen t  o f  Psycholog y 

Indian a Universit y 

Bloomington ,  I N 4740 5 U S A 

Abstrac t 

A previous experiment tested subjects' new/old judgments 
of  previously-studie d faces ,  distractors ,  an d morph s betwee n 
pair s o f  studie d parents .  W e examin e th e exten t  t o whic h mod -
el s base d o n principa l  componen t  analysi s (eigenfaces )  ca n 
predic t  huma n recognitio n o f  studie d face s an d fals e alarm s t o 
th e distractor s an d morphs .  W e als o compar e eigenfac e model s 
t o th e prediction s o f  previou s model s base d o n th e position s o f 
face s i n a  multidimensiona l  "fac e space "  derive d fro m a  mul -
tidimensiona l  scalin g ( M D S )  o f  huma n similarit y ratings .  W e 
find  tha t  th e erro r  i n reconstrucdn g a  tes t  fac e fro m it s posi -
tio n i n a n "eigenfac e space "  provide s a  goo d overal l  predictio n 
of  huma n familiarit y ratings .  However ,  th e mode l  ha s diffi -
cult y accountin g fo r  th e fac t  tha t  human s fals e alar m t o morph s 
wit h simila r  parent s mor e frequentl y tha n the y fals e alar m t o 
morph s wit h dissimila r  parents .  W e ascrib e thi s t o th e limita -
tion s o f  th e simpl e reconstructio n error-base d model .  W e the n 
outlin e preliminar y wor k t o improv e th e fine-grained  fit  withi n 
th e eigenface-base d modelin g framework ,  an d discus s th e re -
sults '  implicadon s fo r  exemplar -  an d fac e space-base d model s 
of  fac e processing . 

Introduction 
The error s tha t  subject s m a k e durin g fac e recognitio n task s 
may hol d th e ke y t o improvin g ou r  understandin g o f  th e rep -
resentation s an d mechanism s underlyin g fac e processin g an d 
visua l  perception .  O n e effectiv e wa y o f  evokin g suc h error s 
i s testin g subjects '  recognitio n o f  studie d face s tha t  hav e bee n 
combine d i n som e wa y (e.g .  Sols o an d McCarthy ,  1981 ; 
Reinitz ,  Lammers ,  an d Cochra n 1992) .  I n a  recen t  serie s 
of  behaviora l  an d modelin g experiments ,  Buse y an d Tunni -
clif f  (submitted )  hav e examine d th e effect s o f  facia l  blendin g 
and distinctivenes s o n subjects '  tendencie s t o m a k e recogni -
tio n errors . 

Thei r  experiment s use d facia l  image s o f  bal d male s an d 
morph s betwee n pair s o f  thes e image s (se e Figur e 1 )  a s stim -
uli .  I n a n earlie r  study ,  Buse y (i n press )  ha d subject s rat e th e 
similarit y o f  al l  pair s i n a  larg e se t  o f  face s an d morphs ,  the n 
performe d a  multidimensiona l  scalin g ( M D S )  o f  thes e simi -
larit y rating s t o creat e a  6-dimensiona l  "fac e space "  (Valen -
tin e an d Endo ,  1992) .  Buse y interprete d th e resultin g dimen -
sion s a s representin g 1 )  age ,  2 )  race ,  3 )  facia l  adiposity ,  4 )  ex -
ten t  o f  facia l  hair ,  5 )  hea d aspec t  ratio ,  an d 6 )  hai r  colo r  (shad -
ing) .  H e als o foun d tha t  i n general ,  a  carefully-create d morp h 
lie s nea r  th e averag e o f  it s  tw o "parents "  i n M D S space ,  wit h 
a systemati c bia s towar d yout h (dimensio n 1 )  an d adiposit y 
(dimensio n 3) . 

I n "Experimen t  3 "  (Buse y an d Tunnicliff ,  submitted) ,  17 9 
subject s studie d 3 6 targe t  faces ,  8  simila r  pair s o f  paren t  face s 
(1 6 images) ,  an d 8  dissimila r  pair s o f  paren t  face s (1 6 im -
ages) ,  fo r  a  tota l  o f  6 8 studie d images. '  Al l  facia l  image s 
wer e o f  bal d men ,  an d non e o f  th e parent s use d fo r  morphin g 
had facia l  hair .  T h e subject s wer e aske d t o stud y th e image s 
and remembe r  the m fo r  a  recognitio n test .  I n th e tes t  phas e 
of  th e experiment ,  th e 1 6 morph s betwee n paren t  pair s an d 2 0 
ne w distractor s wer e adde d t o th e poo l  o f  stimuli .  A t  tes t  time , 
eac h subjec t  wa s presente d wit h 8  o f  th e morphs ,  on e paren t 
of  eac h o f  th e unsee n morph s ( 8 parents) ,  th e 3 6 targets ,  an d 
th e 2 0 distractors .  The y wer e aske d t o m a k e old/ne w judg -
ment s o f  eac h o f  th e tes t  stimuli .  T h e result s o f  thi s exper -
imen t  wer e extremel y interesting .  Fo r  m a n y o f  th e morphs , 
subject s responde d "old "  t o th e unstudie d morp h mor e ofte n 
tha n t o it s studie d parents .  O n a  fine r  scale ,  subject s wer e 
mor e likel y t o respon d "old "  t o th e simila r  morph s tha n t o 
thos e morphs '  parents ,  an d les s likel y t o respon d "old "  t o th e 
dissimila r  morph s tha n t o thos e morphs '  parent s (se e "Exper -
imen t  3  Data "  i n Tabl e 1) .  O n e theoretica l  explanatio n i s tha t 
th e simila r  parent s ar e s o simila r  t o thei r  "child "  morp h tha t 
memorie s o f  bot h contribut e towar d a n "old "  (fals e alarm )  re -
spons e t o th e morph . 

Buse y an d Tunniclif f  (submitted )  use d th e 6-dimensiona l 
M DS score s fo r  eac h o f  th e stimul i  i n a  serie s o f  model s tune d 
t o predic t  th e probabilit y  o f  th e human s respondin g "old "  t o 
eac h imag e (hereafte r  referre d t o a s P(old)) .  The y applie d 
tw o alternativ e version s o f  G C M,  th e Generalize d Contex t 
Model  (Nosofsky ,  1986) ,  an d "SimSample, "  a  mode l  base d 
o n th e assumptio n tha t  a  tes t  fac e result s i n samplin g a  simi -
la r  fac e fro m m e m o r y an d a  respons e o f  "old "  i f  th e similar -
it y betwee n th e prob e an d sampl e ar e abov e s o m e threshold . 
Th e best-fittin g G C M model s ar e surprisingl y poo r  predic -
tor s o f  th e data ,  bu t  th e SimSampl e model s perfor m m u c h 
better .  T o achiev e a  stron g quantitativ e fit  t o th e m e a n h u m a n 
response s fo r  eac h o f  th e si x stimulu s categorie s (targets ,  dis -
tractors ,  simila r  parents ,  simila r  morphs ,  dissimila r  parents , 
and dissimila r  morphs) ,  however ,  Buse y an d Tunniclif f  ha d t o 
introduc e a  prototyp e mechanis m int o th e S imSampl e frame -
work .  Th e prototypes ,  situate d a t  th e location s o f  th e morph s 
i n M D S spac e an d weighte d b y th e similarit y o f  thei r  parents , 
ar e assume d t o b e th e resul t  o f  a  similarity-dependen t  blend -

'Th e similarit y o f  eac h paren t  pai r  wa s determine d b y huma n 
subject s i n a  pilo t  study . 
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Figur e 1 :  Thre e normalize d morph s fro m th e database . 

in g o r  abstractio n mechanism . 
I n thi s paper ,  w e appl y a n alternativ e flavo r  o f  mode l  t o th e 

Experimen t  3  data ,  base d o n th e qualit y wit h whic h a  tes t  im -
age ca n b e reconstructe d afte r  i t  i s  "compressed "  b y project -
in g i t  ont o a  subse t  o f  th e principa l  componen t  eigenvector s 
(eigenfaces )  o f  th e studie d fac e set .  Eigenfaces ,  whic h ar e th e 
orthogona l  axe s alon g whic h th e stud y dat a var y th e most ,  ca n 
be compute d wit h a  simpl e procedure ,  principa l  component s 
analysi s ( P C A ) .  Model s o f  thi s typ e assum e tha t  rathe r  tha n 
storin g th e studie d exemplar s explicitly ,  subject s construc t  a 
low-dimensiona l  manifol d contcunin g (wit h som e error )  th e 
representation s o f  th e studie d stimuli .  Th e probabilit y  a  sub -
jec t  respond s "new "  t o a  tes t  stimulus ,  then ,  i s a  monotoni c 
functio n o f  th e model' s reconstructio n erro r  (distanc e t o th e 
manifold) .  I n thi s view ,  reconstructio n erro r  model s th e "nov -
elty "  o f  a  tes t  stimulu s wit h respec t  t o th e stud y set ,  an d it s 
inverse ,  reconstructio n quality ,  model s th e "familiarity "  o f  a 
tes t  stimulu s wit h respec t  t o th e stud y se t  (Kohone n e t  al. , 
1977 ;  O'Toole ,  Millward ,  an d Anderson ,  1988) .  Metcalfe , 
Cottrell ,  an d Menc l  (1992 )  hav e show n tha t  a  nearl y identica l 
mechanis m (reconstructio n erro r  i n th e autoencodin g back -
propagatio n network ,  whic h essentiall y  perform s P C A o n th e 
stud y set )  i s  a  goo d candidat e mode l  fo r  th e explici t  memor y 
tas k o f  cue d wor d recall .  Pas t  successe s lik e thes e motivate d 
us t o determin e th e P C A reconstructio n erro r  model' s abil -
it y  t o accoun t  fo r  th e subjects '  new/ol d judgment s i n Experi -
ment  3 ? 

A n eigenface-base d familiarit y mode l  i s a n appealin g al -
ternativ e t o a  mode l  base d o n facia l  position s i n M D S fac e 
spac e fo r  severa l  reasons : 

• "Unsupervised" representations: Eigenface-based repre-
sentation s ar e no t  dependen t  o n huma n judgments .  Fo r 
M DS fac e spac e approaches ,  al l  th e stimul i  mus t  b e si -
multaneousl y subjecte d t o a n experimen t  wit h huma n ob -
server s t o determin e wher e th e ne w face s li e i n fac e space . 
Addin g n e w face s t o th e stud y se t  i n a  P C A mode l  simpl y 
require s a  n e w P C analysis ;  addin g ne w face s t o th e tes t  se t 
require s n o effort . 

• Underlying mechanisms: MDS face space exemplar tech-
nique s onl y mode l  th e mechanism s underlyin g fac e recog -
nitio n indirectly .  Bu t  P C A model s ar e processin g models ; 

^Sinc e th e ter m "recognition "  i s overloade d wit h easil y confuse d 
meanings ,  w e wil l  us e th e ter m "familiarity "  (wit h respec t  t o th e 
stud y set )  t o refe r  t o th e probabilit y  a  subjec t  respond s "old "  t o a  tes t 
stimulus .  W e d o no t  mak e an y assumption s a s t o whethe r  a  subjec t 
"recognizes "  o r  "identifies "  individual s a t  tes t  time . 

the y actuall y implemen t  th e proces s o f  obtainin g a  famil -
iarit y ratin g directl y fro m th e stimulus .  First ,  severa l  neura l 
networ k architecture s usin g Hebbia n learnin g ar e capabl e 
of  learnin g th e principa l  component s o f  a  trainin g se t  (Dia -
mantara s an d Kung ,  1996) .  Second ,  man y o f  th e cell s i n 
monkey tempora l  corte x ar e sensitiv e t o variou s aspect s o f 
fac e stimul i  (Perret t  e t  al. ,  1992) .  Thu s th e P C A mode l  i s 
a biologicall y plausibl e candidat e abstractio n o f  th e mech -
anism s involve d i n familiarit y judgments . 

• Free parameters: PCA models have few free parameters, 
and thes e parameter s ca n ofte n b e se t  i n a  principle d man -
ner  independen t  o f  th e specifi c  effect s bein g sought .  Fo r 
instance ,  w e ca n fit  th e rang e o f  eigenface s use d fo r  pro -
jectio n t o th e huma n response s fo r  th e studie d stimul i  only , 
and examin e h o w th e mode l  generalize s t o th e nove l  tes t 
dat a ( a one-paramete r  fit). 

We found that a simple model based on PCA reconstruc-
tio n erro r  provide s a  fairl y  goo d fit  t o th e overal l  P(old )  rat -
ing s fro m Experimen t  3 ,  effectivel y separatin g target s from 
distractors .  Th e mode l  ofte n exhibit s a  "morp h familiarit y in -
versio n effect, "  i n whic h a  morp h i s judge d a s mor e familia r 
tha n on e o r  bot h o f  it s parents .  However ,  i t  canno t  accoun t 
fo r  th e fine  structur e o f  th e huma n familiarit y ratings ;  i n par -
ticular ,  i t  predict s mor e frequen t  fals e alarm s t o th e morph s 
wit h dissimila r  parent s tha n t o th e morph s wit h simila r  par -
ents ,  jus t  th e opposit e o f  th e patter n i n th e huma n data .  I n 
th e discussio n section ,  w e outlin e th e simpl e reconstructio n 
erro r  model' s fundamenta l  limitation s i n accountin g fo r  th e 
similar/dissimila r  paren t  effec t  an d outlin e ou r  preliminar y 
attempt s t o improv e o n ou r  models '  fit  withi n th e eigenfac e 
modelin g framework .  W e the n discus s ou r  results '  implica -
tion s fo r  fac e space -  an d exemplar-base d model s o f  fac e pro -
cessing . 

Experimental Methods 

This section details the methods we applied to modeling the 
human dat a fro m Buse y an d Tunniclif f  (submitted )  Experi -
ment  3 .  W e normalize d th e fac e image s fro m th e experimen t 
t o mak e the m amenabl e t o computationa l  analysi s an d the n 
performe d a  principa l  component s analysi s o n th e se t  o f  im -
ages th e subject s studied .  W e the n interprete d th e abilit y  o f 
th e mode l  t o reconstruc t  a  studie d o r  nove l  imag e a s a  mea -
sur e o f  th e image' s familiarity . 
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Figur e 2 :  Firs t  five  eigenface s o f  th e studie d imag e set . 

Fac e Dat a 

Figur e 1  show s thre e o f  th e morph s betwee n "parent "  pair s 
i n th e databas e (th e origina l  image s ar e copyrighte d an d can -
not  b e published) .  Th e origina l  image s wer e 10 4 digitize d 
560x66 2 grayscal e image s o f  bal d men ,  wit h consisten t  light -
in g an d background ,  an d fairl y consisten t  position .  Th e sub -
ject s varie d i n rac e an d facia l  hair . 

Normalization 

We use d ey e template s t o automaticall y locat e th e lef t  an d 
righ t  eye s o f  eac h fac e imag e an d the n translated ,  rotated , 
scaled ,  an d croppe d al l  image s s o tha t  th e individuals '  ey e 
position s wer e i n th e sam e location .  W e di d not ,  however , 
normaliz e th e positio n o f  th e mout h i n eac h image .  Sinc e th e 
rati o o f  a  head' s widt h t o it s heigh t  wa s a  significan t  facto r 
i n ratin g th e similarit y betwee n tw o o f  thes e stimul i  (Busey , 
i n press) ,  w e instea d scale d th e image s b y th e sam e amoun t 
i n bot h th e horizonta l  an d vertica l  directions .  Th e image s 
wer e scale d t o 115x14 3 pixel s t o mak e th e principa l  compo -
nent  analysi s tractabl e o n a  workstation .  Th e morp h image s 
i n Figur e 1  ar e example s o f  th e resul t  o f  thi s process . 

Principal Components Analysis 

Principa l  component s analysi s (PCA )  i s a  techniqu e tha t  ex -
tract s th e orthogona l  axe s alon g whic h a  dat a se t  varie s th e 
most  b y computin g th e eigenvector s an d eigenvalue s o f  th e 
data' s covarianc e matrix .  WTie n applie d t o facia l  images , 
thes e eigenvector s ar e ofte n calle d "eigenfaces. "  Usin g Tur k 
and Pentland' s (1991 )  efficien t  technique ,  w e compute d th e 
eigenvector s o f  th e covarianc e matri x o f  th e 6 8 image s use d 
fo r  stud y i n Buse y an d Tunnicliff' s  Experimen t  3 .  Figur e 2 
shows th e five  mos t  significan t  eigenface s fo r  thi s dataset . 

PCA Reconstruction Error as Novelty 

To mode l  th e old/ne w judgment s i n th e testin g phas e o f  Ex -
perimen t  3 ,  w e projecte d th e 6 8 studie d images ,  th e 1 8 dis -
tractors ,  an d th e 1 6 morph s betwee n studie d face s fro m imag e 
spac e ont o th e subspac e define d b y th e first  k  eigenface s o f 
th e stud y imag e set : 

P,  =  A x j (1 ) 

wher e X j  i s  th e i-t h inpu t  imag e represente d a s a  16,445 -
elemen t  colum n vecto r  an d A  i s a  matri x forme d fro m th e 
k unit-lengt h ro w eigenvector s wit h th e highes t  eigenvalues . 
We the n compute d eac h image' s reconstructio n b y projectin g 

Pi  bac k t o imag e space : 

Xi = A^pi 

and then computed its reconstruction error: 

erri = ||x, - Xi|| 

We treated A; as a free parameter, and for each of its possi-
bl e value s fro m 1  t o 68 ,  w e compute d th e err i  measur e fo r  al l 
104 tes t  image s use d i n Experimen t  3 .  A s A;  approache s 68 , 
th e reconstructio n erro r  fo r  th e studie d image s approache s 0 . 
But  wit h intermediat e value s o f  k ,  w e ca n interpre t  th e re -
constructio n erro r  err ^  a s a  measur e o f  novelty ,  th e invers e 
of  familiarit y (Kohone n e t  al. ,  1977 ;  Metcalf e e t  al. ,  1992 ; 
Pomerleau ,  1993) . 

Generall y speaking ,  a n unstudie d imag e X j  tha t  i s no t  sim -
ila r  t o th e studie d image s wil l  hav e a  larg e erri .  O n th e othe r 
hand ,  a n unstudie d imag e tha t  i s simila r  t o stud y image s wil l 
hav e a  lowe r  reconstructio n error .  Thu s w e expec t  th e recon -
structio n qualit y t o provid e a  goo d mode l  o f  th e probabilit y 
a subjec t  wil l  respon d "old "  t o a  previously-studie d fac e o r 
fals e alar m t o a n unstudie d fac e tha t  i s simila r  t o som e o f  th e 
studie d faces .  B y th e sam e token ,  however ,  th e reconstructio n 
erro r  mode l  ma y no t  accoun t  a s wel l  fo r  hig h hi t  rate s fo r  th e 
most  distinctiv e studie d faces .  Th e nex t  sectio n show s ho w 
wel l  thi s simpl e k-P C mode l  ca n accoun t  fo r  th e Experimen t 
3 data . 

Results 

Reconstruction error 

As expected ,  averag e reconstructio n erro r  fo r  th e tes t  image s 
decrease s wit h th e numbe r  o f  eigenface s use d i n th e projec -
tion .  Fo r  th e studie d images ,  reconstructio n erro r  decrease s 
t o 0  whe n 6 8 eigenface s ar e used .  Fo r  th e unstudie d images , 
th e averag e reconstructio n erro r  decrease s muc h mor e slowly : 
wit h 6 8 eigenfaces ,  i t  i s  approximatel y 6 0 % o f  th e erro r  ob -
taine d usin g on e eigenface . 

We chos e th e valu e o f  fre e paramete r  k ,  th e numbe r  o f 
eigenvector s fo r  projection ,  a s th e valu e fo r  whic h th e P C A 
model' s ranking s o f  th e familiarit y o f  th e studie d image s (a s 
measure d b y th e rankin g induce d b y negativ e erri )  bes t  fit 
th e huma n subjects '  rankin g o f  th e familiarit y o f  th e studie d 
images .  Figur e 3  illustrate s ho w wel l  th e reconstructio n erro r 
rankin g correlate s wit h th e huma n subjects '  familiarit y rank -
in g o f  th e studie d images ,  usin g Kendall' s  r  (a )  (Kendal l  an d 
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Model/Huma n Ran k Correlatio n fo r  Studie d Face s 
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Figur e 3 :  Stud y se t  ran k correlatio n betwee n model' s  pre -

dicte d familiarit y ranking s an d th e h u m a n familiarit y rank -

ings ,  a s a  functio n o f  th e numbe r  o f  eigenface s use d fo r  pro -

jection . 

Gibbons ,  1990 )  a s th e ran k correlatio n measure .  T h e bes t 
correlation ,  wit h r  (a )  =  0.177 ,  occurre d a t  A:  =  23 . 

We the n determine d h o w wel l  reconstructio n erro r  i n th e 
2 3 P C mode l  predict s th e probabilit y o f  a  h u m a n subjec t  re -
spondin g "old "  t o a  tes t  fac e i n Buse y an d Tunnicliff' s  Ex -
perimen t  3 .  T h e result s fo r  th e individua l  tes t  image s ar e 
presente d i n Figur e 4 .  W e transforme d th e reconstructio n er -
ro r  int o a  predictio n o f  th e h u m a n subjects '  probabilit y o f  re -
spondin g "old "  usin g a  functio n o f  th e for m 

with parameters Ci,C2, and cz fit to minimize the root mean 
square d erro r  ( R M S E )  ove r  al l  o f  th e tes t  images .  (Thi s func -
tio n simpl y provide d a  bette r  mappin g fro m reconstructio n 
erro r  t o familiarit y tha n di d a  linea r  function. )  T h e resultin g 
R M SE wa s 0.16 9 an d P  =  0.315 .  Thi s fit  i s  a  larg e improve -
ment  ove r  Buse y an d Tunnicliff' s  fit  o f  th e Generalize d Con -
tex t  Mode l  ( G C M ) ,  whic h ha d a  R M S E o f  0.271 .  However , 
th e reconstructio n erro r  mode l  doe s no t  outperfor m eithe r  o f 
thei r  SimSampl e models ,  whic h ha d R M S E 0.14 8 an d 0.141 . 
At  th e sam e time ,  though ,  i t  i s  a  surprisingl y goo d fit  consid -
erin g th e lo w numbe r  o f  fre e parameter s an d th e fac t  tha t  i t 
i s  base d directl y o n th e imag e pixe l  data ,  withou t  relyin g o n 
h u m an similarit y ratings . 

Althoug h w e di d find  tha t  th e mode l  ofte n predicte d a 
highe r  P(old )  fo r  a  morp h tha n on e o r  bot h o f  it s  parents ,  un -
fortunately ,  i t  doe s no t  captur e th e mos t  interestin g aspec t  o f 
th e h u m a n familiarit y ratings :  tha t  huma n subject s ten d t o 
fals e alarm  t o morph s wit h simila r  parents ,  bu t  no t  t o morph s 
wit h dissimila r  parents .  I n fact ,  o n average ,  th e mode l  pre -
dict s th e opposite .  Tabl e 1  compare s th e 23-P C mode l  wit h 
th e h u m a n rating s an d Buse y an d Tunnicliff' s  SimSampl e fits. 
Th e nex t  fe w subsection s describ e ou r  attempt s t o buil d bette r 
model s base d o n P C A techniques . 

H ighe r  dimensiona l  reconstructio n erro r 

We hav e mad e severa l  preliminar y attempt s t o improv e th e 
reconstruction-base d model' s fit,  wit h limite d success .  W e 
foun d tha t  projectio n an d reconstructio n usin g a n interme -
diat e rang e o f  principa l  component s (e.g .  projectio n an d re -
constructio n usin g PC s 3-23 )  ca n improv e th e model' s fit  t o 
th e morp h an d paren t  data .  O n e migh t  expec t  thi s base d o n 
O'Toole ,  Deffenbacher ,  Valentin ,  an d Abdi' s (1994 )  obser -
vatio n tha t  th e mos t  significan t  eigenface s typicall y encod e 
intergrou p difference s suc h a s rac e an d gende r  rathe r  tha n 
subtl e within-grou p difference s tha t  mak e face s distinctiv e o r 
typical .  However ,  a t  thes e paramete r  settings ,  th e mode l  stil l 
predict s th e mos t  fals e alarm s t o th e morph s wit h dissimila r 
parents ,  rathe r  tha n thos e wit h simila r  parents . 

Nonlinear autoencoder networks 

We hav e als o attempte d t o improv e ou r  mode l  fitting  b y ex -
perimentin g wit h nonlinea r  autoencodin g neura l  networks . 
I t  i s  well-know n tha t  i n a n autoencodin g backpropagafio n 
networ k wit h a  fc-node  linea r  "bottleneck "  hidde n layer ,  th e 
traine d network' s hidde n uni t  weigh t  vector s wil l  spa n th e 
A;-dimensiona l  principa l  componen t  subspac e correspondin g 
t o th e covarianc e matri x o f  it s  trainin g set ,  effectivel y imple -
mentin g P C A (Bald i  an d Hornik ,  1989 ;  Cottrel l  an d Munro , 
1988) .  However ,  a s Japkowicz ,  Hanson ,  an d Gluc k (submit -
ted )  hav e observed ,  autoencoder s wit h nonlinea r  hidde n lay -
er s ten d t o fit  mor e complicate d nonlinea r  reconstructio n er -
ro r  surface s t o thei r  trainin g data .  Thu s reconstructio n qual -
it y i n suc h network s ca n sometime s provid e bette r  model s o f 
novelt y an d familiarity ,  dependin g o n th e applicatio n domain . 
I n principle ,  then ,  a  nonlinea r  autoencode r  coul d possibl y ac -
coun t  fo r  th e lo w fals e alar m rat e fo r  th e dissimilar-paren t 
morph s an d th e hig h fals e alar m rat e fo r  th e similar-paren t 
morph s du e t o a  large r  reconstructio n erro r  fo r  th e dissimilar -
paren t  morphs .  T o tes t  thi s hypothesis ,  w e buil t  severa l  non -
linea r  autoencode r  reconstructio n erro r  model s o n th e stud y 
fac e set .  Althoug h thei r  fit  t o th e overal l  huma n familiar -
it y dat a ca n compar e favorabl y wit h th e P C A model s (e.g . 
Kendall' s  r  (a )  o f  0.2 8 fo r  a  20-hidde n nod e network ,  com -
pare d t o 0.3 1 fo r  th e 23-P C model) ,  thei r  familiarit y ranking s 
fo r  th e morph s an d parent s ar e typicall y uncorrelate d o r  eve n 
negativel y correlate d wit h th e humans .  Thu s th e nonlinea r  au -
toencoder s d o no t  meri t  furthe r  consideratio n i n thi s domain . 

A PCA projection exemplar model 

I n anothe r  attemp t  t o accoun t  fo r  th e hig h fals e alar m rat e fo r 
morph s wit h simila r  parents ,  w e fit  a  simpl e exempla r  mode l 
t o th e dat a usin g projection s o f  tes t  image s ont o th e spac e 
forme d b y a  rang e o f  principa l  componen t  eigenvectors .  Th e 
model  i s identica l  t o th e Generalize d Contex t  Mode l  (Nosof -
sky ,  1986) ,  excep t  w e d o no t  incorporat e variabl e attentiona l 
weights .  I t  assume s tha t  th e stud y faces '  projection s (th e P i 
i n Equatio n 1 )  ar e place d i n memory ,  an d tha t  th e familiarit y 
of  a  tes t  fac e i s th e su m o f  th e similarit y o f  tha t  fac e t o eac h 
of  th e store d exemplars .  Tha t  is ,  familiarit y i s  define d as : 

j^studyset 

wher e T]i j  i s  th e similarit y effac e i  t o fac e j : 
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Familiarit y Predicte d fro m Reconstructio n Error ,  2 3 PC s 

1.0- 1 

0.2 -

•  Non-paren t  Target s 
A Non-morp h Distractor s 
o Simila r  Morph s 
a Dissimila r  Moiph s 
•  Dissimila r  Parent s 
*  Simila r  Parent s 

RMSE:  0.16 9 
Rsquared :  0.31 5 

0.2 0. 4 0. 6 

Predicte d P(old ) 

Figur e 4 :  Fi t  o f  th e 23-P C reconstructio n erro r  mode l  t o huma n subjects '  probabilit y  o f  respondin g "old "  t o a  tes t  face . 

and di j  i s  th e Euclidea n distanc e from  imag e z' s  projectio n 
t o imag e j' s  projection .  B y hand-tunin g thi s model ,  w e foun d 
paramete r  setting s tha t  roughl y fit  th e humans '  hig h fals e 
alar m rat e t o th e morph s wit h simila r  parent s an d lo w fals e 
alar m rat e t o th e morph s wit h dissimila r  parents ,  bu t  th e ran k 
orde r  o f  th e respons e average s wa s incorrect ,  an d i t  faile d t o 
fit  th e overal l  familiarit y rating s a s wel l  a s th e reconstructio n 
erro r  model .  Thi s mode l  ha s a n R M SE o f  0.19 3 an d a n r ^  o f 
0.110 .  Fo r  compariso n wit h th e othe r  models ,  th e result s ar e 
reporte d i n th e las t  colum n o f  Tabl e 1 . 

Discussion 

The apparen t  failur e o f  PC A reconstructio n erro r  t o predic t 
th e hig h fals e alar m rat e t o similar-paren t  morph s an d th e lo w 
fals e alar m rat e t o dissimilar-paren t  morph s i s simpl e t o inter -
pre t  i n retrospect .  Whe n a  morp h i s projecte d int o P C space , 
it s projectio n wil l  b e nea r  th e averag e o f  th e projection s o f  it s 
parents .  When it s parent s ar e dissimilar ,  th e morph' s projec -
tio n wil l  ver y likel y b e close r  t o th e "center "  o f  th e P C spac e 
(mor e typical )  tha n eithe r  paren t  (o n averag e 3 7 % close r  fo r 
thi s dat a set) ,  s o th e dissimilar-paren t  morph s wil l  ofte n b e 
bette r  reconstructe d tha n thei r  parents .  When th e morph' s 
parent s ar e similar ,  however ,  th e morp h i s no t  muc h mor e 
typica l  tha n eithe r  paren t  (onl y 19 % close r  t o th e origin) ,  an d 
sinc e th e parent s wer e i n th e stud y set ,  th e mode l  wil l  mos t 
likel y reconstruc t  th e parent s bette r  tha n th e morph . 

Despit e thi s limitatio n o f  th e PC A reconstructio n erro r 
model ,  ou r  result s sho w tha t  i t  ca n provid e a  fairl y  goo d fit  t o 
th e overal l  huma n familiarit y ratings .  I n particular ,  i t  outper -
form s Nosofsky' s G C M applie d t o th e M D S fac e spac e b y a 
larg e margi n (thoug h i t  doe s no t  outperfor m th e Identificatio n 
varian t  o f  th e G C M ) .  Thi s i s surprisin g considerin g tha t  th e 

M DS representatio n wa s derive d directl y fro m huma n simi -
larit y  ratings ,  presumabl y exploitin g th e higher-leve l  percep -
tua l  mechanism s o f  th e human s makin g th e similarit y judg -
ments .  I t  i s  als o surprisin g tha t  th e PC A exemplar-similarit y 
model ,  whic h i s equivalen t  t o th e G C M withou t  variabl e at -
tentiona l  weights ,  performe d n o wors e tha n th e M D S G C M 
model .  Take n together ,  thes e tw o result s indicat e tha t  th e po -
sitio n o f  a  fac e i n M D S spac e ma y no t  b e th e bes t  represen -
tatio n fo r  modelin g familiarit y judgment s i n new/ol d experi -
ments .  A  possibl e explanatio n i s tha t  th e huma n subject s i n 
th e similarit y experiment s "pos t  process "  low-leve l  represen -
tation s o f  th e stimul i  t o th e poin t  tha t  th e similarit y rating s n o 
longe r  adequatel y reflec t  th e underlyin g dat a the y wer e de -
rive d from .  O f  course ,  i t  i s  difficul t  t o mak e thi s clai m give n 
tha t  Buse y an d Tunnicliff' s  SimSampl e model s mak e bette r 
familiarit y prediction s tha n eithe r  o f  th e PC A models .  W e 
wil l  examin e th e issu e mor e closel y i n futur e work . 

Future Work 

The modelin g result s w e hav e obtaine d thu s fa r  poin t  i n tw o 
mai n direction s fo r  furthe r  research .  First ,  sinc e i t  ha s a  his -
tor y o f  succes s i n modelin g old/ne w judgment s o f  faces ,  w e 
canno t  rejec t  PC A reconstructio n erro r  a s a  predicto r  o f  nov -
elt y prematurely .  On e potentia l  proble m i n th e curren t  mode l 
i s  tha t  th e eigenfac e decompositio n wa s onl y performe d o n 
th e studie d faces .  Thi s i s certainl y a  common approac h i n 
modelin g memor y tasks ,  bu t  i t  ignore s possibl e biase s du e 
t o th e subjects '  prio r  experience .  Perhap s th e tru e effec t  o f 
studyin g a  se t  o f  nove l  face s i s t o someho w bia s a  preex -
istin g se t  o f  memorie s towar d th e ne w face s rathe r  tha n t o 
stor e the m i n isolation .  W e ca n potentiall y  mode l  thi s proces s 
withi n th e PC A reconstructio n erro r  framewor k b y perform -
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Conditio n 

Dissimila r  Parent s 

Simila r  Morph s 

Target s 

Simila r  Parent s 

Dissimila r  Morph s 

Distractor s 

RMSE 

Experimen t 
3 Dat a 

0.66 5 

0.61 9 

0.61 1 

0.57 8 

0.46 2 

0.28 0 

SimSampi e 

Predicte d P(old ) 

0.62 8 

0.52 1 

0.62 3 

0.60 4 

0.41 3 

0.32 3 

0.14 8 

SimSampi e +  Prop . 

Prot .  Predicte d P(old ) 

0.62 5 

0.63 2 

0.60 4 

0.58 5 

0.47 0 

0.30 3 

0.14 1 

23-P C Recon .  Erro r 

Predicte d P(old ) 

0.58 1 

0.55 3 

0.58 9 

0.58 0 

0.60 1 

0.34 8 

0.16 9 

PC Projectio n 

Similarit y 

0.53 9 

0.55 2 

0.56 8 

0.54 3 

0.52 9 

0.48 6 

0.19 3 

Tabl e 1 :  Mode l  fits  t o huma n dat a fo r  eac h o f  th e si x stimulu s type s use d i n Buse y an d Tunnicliff' s  Experimen t  3 .  Thei r  bes t 

M DS exemplar-base d model ,  SimSampie ,  fits  th e overal l  huma n P(old )  fairl y  well ,  bu t  canno t  accoun t  fo r  hig h fals e alar m rat e 

t o morph s wit h simila r  parents .  Thei r  bes t  model ,  "SimSampi e +  Proportiona l  Prototypes, "  fits  th e categor y mean s an d overal l 

human P(old )  quit e well ,  bu t  require s th e additio n o f  prototype s a t  th e morphs '  position s i n M D S space ,  weighte d b y thei r 

parents '  similarity . 

in g th e eigenfac e decompositio n o n a  large r  se t  o f  face s tha t 
include s face s no t  use d i n Experimen t  3  a s wel l  a s th e studie d 
faces . 

The othe r  mai n thrus t  o f  ou r  curren t  an d futur e researc h i s 
t o develo p improve d exempla r  model s an d representation s fo r 
compariso n wit h th e reconstructio n erro r  mode l  an d Buse y 
and Tunnicliff' s  (submitted )  exempla r  models .  W e hav e con -
structe d a n exemplar-base d mode l  i n M D S spac e tha t  pro -
vide s a  muc h improve d fit  t o th e huma n dat a b y modulat -
in g th e exempla r  similarit y function' s widt h an d heigh t  b y 
a face' s distinctiveness .  W e ar e currentl y experimentin g wit h 
image-base d representation s i n th e contex t  o f  thi s ne w model . 
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