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Abstrac t 

The performance of a neural network that categorizes facial 
expression s i s compare d wit h huma n subject s ove r  a  se t  o f 
experiment s usin g interpolate d imagery .  Th e experiment s fo r 
bot h th e huma n subject s an d neura l  network s mak e us e o f  in -
terpolation s o f  facia l  expression s fro m th e Picture s o f  Facia l 
Affec t  Databas e [Ekma n an d Friesen ,  1976] .  Th e onl y differ -
enc e i n material s betwee n thos e use d i n th e huma n subject s 
experiment s [Youn g e t  al. ,  1997 ]  an d ou r  material s ar e th e 
manner  i n whic h th e interpolate d image s ar e constructe d -
image-qualit y morph s versu s pixe l  averages .  Nevertheless ,  th e 
neura l  networ k accuratel y capture s th e categorica l  natur e o f  th e 
human responses ,  showin g shar p transition s i n labelin g o f  im -
ages alon g th e interpolate d sequence .  Cruciall y fo r  a  demon -
stratio n o f  categorica l  perceptio n [Hamad ,  1987] ,  th e mode l 
shows th e highes t  discriminatio n betwee n transitio n image s a t 
th e crossove r  point .  Th e mode l  als o capture s th e shap e o f  th e 
reactio n tim e curve s o f  th e huma n subject s alon g th e sequences . 
Finally ,  th e networ k matche s huma n subjects '  judgement s o f 
whic h expression s ar e bein g mixe d i n th e images .  Th e mai n 
failin g o f  th e mode l  i s tha t  ther e ar e intrusion s o f  "neutral " 
response s i n som e transitions ,  whic h ar e no t  see n i n th e huma n 
subjects .  W e attribut e thi s differenc e t o th e differenc e betwee n 
th e pixe l  averag e stimul i  an d th e imag e qualit y morp h stim -
uli .  Thes e result s sho w tha t  a  simpl e neura l  networ k classifier , 
wit h n o acces s t o th e biologica l  constraint s tha t  ar e presumabl y 
impose d o n th e huma n emotio n processor ,  an d whos e onl y ac -
ces s t o th e surroundin g cultur e i s  th e categor y label s place d b y 
America n subject s o n th e facia l  expressions ,  ca n nevertheles s 
simulat e fairi y  wel l  th e huma n response s t o emotiona l  expres -
sions . I n t r o d u c t i o n 

Research into the nature of the perception of facial im-
age s i n human s (i n task s suc h a s identificatio n o f  th e 
subjec t  a s wel l  a s wha t  expressio n i s  bein g displayed ) 
has uncovere d considerabl e evidenc e tha t  th e proces s i s 
categorica l  [Beal e an d Keil ,  1992 ,  Etcof f  an d Magee ,  1992 , 
Youn g e t  al. ,  1997] .  Thi s researc h ha s focuse d o n h o w huma n 
response s chang e ove r  a  sequenc e o f  interpolate d imager y be -
twee n tw o prototypes .  Th e studie s hav e consistentl y reporte d 
categorica l  transition s i n th e sequences .  Categorica l  percep -
tio n (CP )  typicall y involve s demonstratin g a  boundar y regio n 
wher e response s b y subject s chang e rapidl y an d wher e th e 
subject s sho w a  correspondingl y greate r  abilit y  t o discrimi -
nat e th e stimul i  [Liberma n e t  A. ,  1957 ,  Harnad ,  1987] . 

I n previou s wor k w e evaluate d severa l  type s o f  imag e 
feature s i n term s o f  thei r  efficac y a s input s t o neura l  net -
wor k model s o f  emotio n recognition .  Th e facia l  expres -
sio n image s w e use d wer e fro m th e Picture s o f  Facia l  Af -
fec t  (PFA )  databas e [Ekma n an d Friesen ,  1976] .  Th e cat -
egorizatio n rate s o f  h u m a n subject s i n a  six-wa y force d 
choic e labelin g o f  th e image s [Ekma n an d Friesen ,  1977 ] 

(provide d wit h th e P F A )  wer e use d b y th e mode l  a s tar -
get s fo r  th e emotio n categories .  Th e bes t  networ k cor -
rectl y recognize d 8 6 . 2 % o f  th e expression s displaye d i n 
nove l  fac e image s [Padget t  an d Cottrell ,  1997] .  W e the n 
use d thi s mode l  t o predic t  huma n response s t o constructe d 
image s tha t  dissolve '  fro m on e facia l  expressio n imag e t o 
anothe r  [Padget t  e t  al. ,  1996 .  Adolph s e t  al. ,  1998] .  W h e n 
teste d o n pixel-average d transition s betwee n facia l  expres -
sion s o f  th e sam e subject ,  th e mode l  predicte d tha t  som e 
transition s woul d b e les s "categorical "  tha n others ,  wit h 
shallowe r  transitio n curve s [Padget t  e t  al. ,  1996] .  Huma n 
response s o n th e sam e pixel-average d stimul i  sho w simi -
la r  variation s [Adolph s e t  al. ,  1998] .  H u m a n subjec t  stud -
ie s makin g us e o f  th e E k m a n an d Friese n prototype s 
als o sho w categorica l  response s usin g morp h sequence s 
of  lin e drawing s extracte d fro m th e E k m a n an d Friese n 
image s [Etcof f  an d Magee ,  1992] ,  an d usin g image-qualit y 
morp h sequence s tha t  appea r  a s natura l  a s th e origina l  im -
age s [Calde r  e t  al. ,  1996 ,  Youn g e t  al. ,  1997] . 

I n on e o f  th e mos t  extensiv e studie s wit h huma n subjects . 
Youn g e t  al .  (1997 ,  hencefort h "Megamix" )  sho w tha t  image -
qualit y morp h sequence s betwee n si x emotiona l  expression s 
(Happy ,  Sad ,  Afraid ,  Angry ,  Surprised ,  an d Disgusted )  an d 
"neutral "  expression s exhibi t  categorica l  behavior .  I n con -
tras t  t o Etcof f  an d Magee' s work ,  the y use d phot o qualit y 
image s instea d o f  lin e drawings .  I n contras t  t o Calde r  e t  al. , 
al l  possibl e transition s betwee n emotio n pair s fo r  a  singl e 
subjec t  ("JJ" )  fro m th e P F A databas e (includin g neutral )  wer e 
tested .  Thi s comprehensiv e stud y o f  huma n response s t o fa -
cia l  expression s i s th e inspiratio n fo r  ou r  curren t  study .  I n th e 
followin g section s w e revie w th e result s fro m th e Megami x 
stud y i n mor e detail ,  describ e th e neura l  networ k mode l  fro m 
whic h w e develo p th e comparison ,  an d presen t  ou r  results . 

Review of "Megamix" 

The Megami x stud y i s importan t  a s i t  exhaustivel y examine d 
th e transitio n spac e betwee n al l  si x pair s o f  emotion s i n th e 
P FA plu s "neutral "  faces .  Th e stud y provide d th e mos t  in -
dept h loo k a t  h o w human s classif y morp h stimul i  an d thei r 
abilit y  t o discer n difference s withi n an d betwee n clas s bound -
aries .  Althoug h th e stimul i  wer e limite d t o a  singl e individ -
ual' s expression s (th e "JJ "  image s i n th e P F A )  an d a  rathe r 
coars e ste p siz e betwee n th e image s alon g th e transition ,  th e 
amount  an d kin d o f  dat a collecte d wa s quit e large ,  an d i s thu s 
extremel y useful . 

Th e focu s o f  th e M e g a m i x stud y wa s i n demonstrat -
in g tha t  tw o dimensiona l  account s o f  classifyin g emo -

'  "Dissolve "  i s a  ter m fro m graphic s denotin g a  fad e fro m on e 
imag e whil e fadin g int o anothe r  W e us e thi s ter m t o distinguis h 
our  linea r  pixel-averag e transition s fro m image-qualit y morphing , 
an inherentl y nonlinea r  process . 
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Figur e 1 :  Exampl e dissolv e sequence s o f  subjec t  J J fro m th e Facia l  Affec t  database .  Al l  seve n emotion s use d i n th e stud y ar e 
shown here .  Th e imag e sequence s ar e linearl y interpolate d betwee n th e tw o databas e image s a t  eac h extreme . 

tion s [Russell ,  1980 ]  base d o n a  multi-dimensiona l  scalin g 
( M D S)  o f  similarit y rating s o f  emotio n categorie s d o no t  ade -
quatel y accoun t  fo r  th e observe d boundar y behavio r  betwee n 
emotions .  M D S result s i n a  "circumplex "  o f  emotions ,  a  two -
dimensiona l  scalin g solutio n wher e emotion s ar e arrange d 
aroun d a  circl e i n th e scalin g space .  Account s base d o n thi s 
woul d sugges t  morphin g betwee n pair s o f  emotion s o n op -
posit e side s o f  th e circumple x woul d pas s throug h a  neu -
tra l  spac e i n th e center .  O n th e contrary ,  al l  emotio n pair s 
showed categorica l  behavio r  wit h fe w intrusion s fro m othe r 
categorie s [Youn g e t  al. ,  1997] . 

For  thi s study ,  w e ar e intereste d i n comparin g th e 
reporte d result s o f  th e huma n subjec t  experiment s i n 
Megamix t o th e neura l  networ k mode l  use d i n ou r  previou s 
stud y [Padget t  e t  al. ,  1996] .  Th e dat a use d i n thei r  exper -
iment s consiste d o f  morphe d imager y fro m PFA .  A  singl e 
subjec t  i n databas e ("JJ" )  serve d a s th e endpoint s fo r  th e 
transitio n sequences .  I n thei r  Experimen t  2 ,  image-qualit y 
morph s wer e constructe d betwee n al l  si x emotion s plu s neu -
tra l  (Experimen t  1  jus t  use d th e si x emotio n prototype s a s 
morp h endpoints) .  Ste p size s o f  9 0 % ,  7 0 % ,  5 0 % ,  3 0 % ,  an d 
1 0 % wer e use d betwee n eac h pai r  o f  endpoint s (10 5 uniqu e 
images) .  Thes e wer e presente d i n rando m orde r  t o subjects , 
who mad e a  7-wa y force d choic e betwee n th e si x emotio n la -
bel s an d neutral .  A n exampl e o f  th e huma n subjec t  respons e 
curve s i s give n i n Figur e 3  (middle) .  Respons e time s (RT's ) 
wer e als o recorded .  The y foun d th e resultin g R T curve s wer e 
"scalloped" ,  wit h th e fastes t  RT' s nea r  th e prototyp e emotion , 
droppin g of f  farthe r  fro m th e prototype . 

I n thei r  Experimen t  3 ,  subject s wer e require d t o discrim -
inat e (same/differen t  judgements )  simultaneousl y presente d 
image s tha t  wer e on e ste p awa y fro m eac h othe r  alon g th e 
transitions .  Th e subject s showe d bette r  discriminatio n nea r 
categor y boundarie s tha n nea r  prototypes ,  a  standar d require -
ment  fo r  categorica l  perception . 

Finally ,  i n Experimen t  4  o f  Megamix ,  Youn g e t  al .  teste d 
th e exten t  t o whic h thei r  subject s coul d tel l  wha t  tw o emotion s 
wer e represente d i n th e morp h images .  Thi s i s importan t 
because ,  i f  th e image s ar e perceive d categorically ,  on e expect s 
tha t  subject s shoul d b e poo r  a t  judgin g wha t  othe r  emotio n i s 
mixe d int o th e image .  The y aske d th e subject s t o giv e thre e 
response s t o a n image :  whic h emotio n i t  wa s closes t  to ,  the n 
th e nex t  closes t  emotion ,  the n th e next ,  score d a s 3 ,  2 ,  an d 1 , 
respectively .  The y include d th e prototyp e image s a s well ,  i n 
orde r  t o b e abl e t o contro l  fo r  th e intrinsi c similarit y betwee n 
certai n emotions .  I f  a  surpris e imag e alread y look s lik e fear , 
fo r  example ,  thi s coul d bia s th e results .  B y collectin g th e thre e 

score s fo r  th e prototypes ,  the y coul d subtrac t  of f  th e respons e 
th e prototyp e engendere d t o othe r  emotio n categories .  Thes e 
differenc e score s wer e the n average d acros s al l  emotions ,  an d 
th e averag e response s t o th e prototyp e bein g move d toward s 
plotted .  Tliei r  dat a i s plotte d i n Figur e 5 .  I t  clearl y show s th e 
subject s ar e sensitiv e t o th e secondar y categor y i n th e images . 

Neural Network Model 

Althoug h w e wer e unabl e t o obtai n th e Megami x morp h se -
quences ,  w e ha d previousl y develope d dissolv e sequence s 
fo r  testin g o n th e transitio n behavio r  betwee n emotio n pairs . 
Th e dissolve s ar e a  weighte d averag e o f  correspondin g pixel s 
betwee n tw o expressio n prototyp e image s o f  th e sam e indi -
vidual .  Th e transition s ar e produce d b y varyin g th e weight s 
i n fixed  step s o f  1 0 % .  Thi s techniqu e worke d reasonabl y 
wel l  sinc e th e image s wer e preprocesse d t o alig n th e eye s an d 
mouth ,  an d normalize d fo r  brightness .  S o m e artifact s (multi -
pl e features )  ca n occasionall y b e observe d i n th e images .  A 
sequenc e thu s consiste d o f  9  dissolv e image s (no t  includin g 
th e prototypes )  a t  1 0 % mi x interval s fo r  th e subjec t  JJ .  Fig -
ur e I  show s example s o f  th e transitions .  W e use d th e sam e 
image s o f  J J fro m th e databas e a s wer e use d i n M e g a m i x fo r 
th e endpoints . 

I n previou s wor k [Padget t  an d Cottrell ,  1997] ,  w e deter -
mine d tha t  extractin g feature s fro m th e ey e an d mout h regions , 
rathe r  tha n whole-fac e "eigenfaces "  give s th e bes t  generaliza -
tio n performanc e fo r  emotio n recognition .  Th e feature s w e 
use d wer e th e principa l  component s o f  32x3 2 pixe l  patche s 
randoml y sample d fro m th e fac e images .  Thes e for m a  se t  o f 
basi s image s tha t  resembl e th e filtering  performe d b y som e 
type s o f  cell s i n primar y visua l  corte x (se e Figur e 2 ,  right) . 
Overlappin g patche s fro m th e eye s an d mout h wer e projecte d 
ont o thes e feature s an d th e resultin g score s wer e give n a s in -
put s t o a  neura l  networ k model .  T w o patche s ar e use d fo r 
eac h eye ,  an d thre e fo r  th e mouth ,  fro m th e region s show n i n 
th e lef t  sid e o f  Figur e 2 .  Eac h patc h i s projecte d o n t o th e 
to p 1 5 principa l  component s o f  th e rando m block s resultin g 
i n 10 5 dimensiona l  inpu t  patterns . 

The trainin g pattern s consiste d o f  8 9 image s o f  eleve n sub -
ject s (fiv e male ,  si x female )  fro m th e P F A databas e (no t  in -
cludin g mal e subjec t  "JJ" ,  w h o i s use d fo r  testing). ^  Thes e 
include d image s o f  al l  si x expression s plu s eleve n neutra l  im -

^Th e PF A databas e i s unbalanced ,  i n tha t  no t  al l  subject s hav e 
al l  expression s represente d i n th e database ,  an d som e hav e multipl e 
occurrence s o f  som e expressions .  Henc e th e numbe r  o f  image s i s 
not  77 . 
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Figur e 2 :  Left :  T h e featur e region s o n a  normalize d tes t  im -
age .  Right :  T h e to p 2 5 r a n d o m bloc k principa l  components , 
1 5 o f  wh i c h ar e use d a s feature s t o construc t  th e input s t o th e 
neura l  networks . 

ages .  I n a n attemp t  t o ge t  a  balance d trainin g set ,  r a n d o m 
sample s o f  a n equa l  n u m b e r  o f  eac h emot io n (10 )  wer e d r a w n 
f ro m th e 8 9 image s an d reserve d fo r  trainin g (7 0 images) .  T h e 
remainin g 1 9 image s wer e use d a s a  hol d ou t  se t  t o sto p net -
w o r k training .  Differen t  subset s o f  7 0 trainin g image s wer e 
use d fo r  eac h network . 

T h e ne twor k m o d e l  o f  a  "subject "  consist s o f  ensemble s o f 

11 feed-forward ,  full y  connecte d "vanilla "  neura l  networks.' ' 
E a c h networ k ha s 10 5 inputs ,  1 0 hidde n units ,  an d a n outpu t 
laye r  o f  7  units ,  o n e fo r  eac h emot io n plu s neutral .  Al l  unit s 
excep t  th e input s ar e standar d logisti c functions .  W e traine d 
th e network s wit h bac k propagatio n an d th e mean-square d er -
ro r  cos t  functio n [Rumelhartetal. ,  1986] .  T h e teachin g signa l 
w as a  " 1 "  fo r  th e putativ e expressio n bein g portrayed ,  an d " 0 " 
fo r  th e othe r  si x outputs .  E a c h networ k i n th e ensembl e use s 
differen t  initia l  r a n d o m weights ,  a  differen t  r a n d o m sampl e o f 
7 0 trainin g image s (subjec t  t o th e 1 0 image s pe r  emot io n con -
straint) ,  an d thu s a  differen t  hold-ou t  set .  Trainin g w a s halte d 
w h e n th e erro r  o n th e hold-ou t  se t  w e n t  u p ove r  thre e epochs . 
T h e network s too k abou t  1(X )  epoch s t o train .  W e traine d 5 0 
suc h networ k ensembl e "subjects" .  Al l  networ k ensemble s 
generalize d t o th e "JJ "  image s wit h 1 0 0 % accuracy .  "JJ "  i s 
a particularl y g o o d subject ,  i n tha t  i t  i s  eas y t o recogniz e hi s 
expressions ,  w h i c h i s w h y Y o u n g e t  al .  use d hi s image s fo r 
thei r  h u m a n subjects . 

T o c o m b i n e th e score s o f  th e 1 1 network s i n th e ensemble , 
a n u m b e r  o f  differen t  technique s ar e possible :  winne r  tak e 
all ,  weighte d averag e output ,  voting ,  etc .  T h e m e t h o d tha t  w e 
foun d t o consistentl y giv e th e highes t  generalizatio n rat e i s t o 
us e Z  score s o n a  pe r  outpu t  basi s f ro m th e 1 1 networks .  T h e 
" r a w "  ensembl e outpu t  fo r  emot io n j  is : 

^j  = J 2 ° * i 
i= \ 

wher e o, j  i s th e outpu t  o f  ensembl e componen t  networ k i  o n 
emotio n j .  Thi s  i s converte d t o a  Z  score : 

a,  — a 1 

wher e d j  an d ct j  ar e th e averag e an d standar d deviatio n o f  th e 
ra w ensembl e outpu t  fo r  emotio n j  ove r  al l  trainin g patterns . 
The "final "  ensembl e output ,  O j  fo r  emotio n j ,  i s  th e softma x 
of  th e Z  scores : 
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'Th e numbe r  "11 "  i s no t  critica l  here ,  i t  i s  use d fo r  historica l 
reasons . 
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Figur e 4 :  T h e to p graph s s h o w th e neura l  networ k response s 
fo r  t w o emotio n transitions .  T h e to p lef t  grap h i s  Anger -
Disgus t  an d th e to p righ t  grap h s h o w s Sad-Surprise .  T h e cor -
respondin g bot to m graph s s h o w th e associate d discriminatio n 
wh ic h w e m o d e l  a s 1  -  th e cosin e betwee n t w o consecutiv e 
outpu t  respons e vectors . 

T h e outpu t  value s f ro m th e ensembl e network s ar e use d t o 
generat e response s t o a  give n stimulu s input ,  correspondin g 
t o a  butto n pres s i n th e M e g a m i x study .  T h e highes t  outpu t 
value ,  m a x j  O j ,  fo r  a  particula r  inpu t  imag e i s considere d t o 
b e th e emot io n labe l  o f  th e butto n pressed . 

We ca n als o extrac t  respons e time s f ro m ou r  model .  A 
standar d measur e o f  reactio n tim e o f  a  feed-forwar d neura l 
networ k i s t o assum e tha t  i t  i s  proportiona l  t o th e outpu t 
erro r  [Seidenber g an d McClel land ,  1989] .  I n ou r  case ,  sinc e 
ther e i s n o predetermine d correc t  respons e t o th e dissolv e 
imagery ,  w e simpl y us e th e differenc e betwee n th e m a x i m u m 
outpu t  (correspondin g t o th e network' s response) ,  an d th e 
m a x i m u m possibl e outpu t  (1.0) .  T h u s ,  th e m o r e uncertai n th e 
m a x i m u m respons e i s (th e farthe r  f ro m 1.0) ,  th e slowe r  th e 

RT 
T o m o d e l  th e discriminabilit y  betwee n a  pai r  o f  stimul i  mea -

sure d i n M e g a m i x Exper imen t  3 ,  w e suppos e tha t  eac h stimu -
lu s patter n i s processe d b y th e network ,  an d th e 7-dimensiona l 
outpu t  vector s (th e seve n O ,  score s treate d a s a  vector )  ar e 
stored .  Thi s give s th e overal l  respons e t o th e stimulus ,  wit h 
n o decisio n imposed .  T h e cosin e betwee n thes e t w o vector s 
give s th e similarit y o f  th e t w o stimul i  t o th e network .  Th e 
m o r e th e outpu t  varies ,  th e les s simila r  th e stimul i  wil l  be .  W e 
thu s us e 1  -  cosin e a s a  measur e o f  discriminability . 

Finally ,  t o m o d e l  th e rankin g o f  "closes t  emot ions "  give n 
b y th e subject s i n Exper imen t  4 ,  w e simpl y us e thei r  corre -
spondin g ran k i n th e outpu t  vector . 
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Figur e 3 :  E x a m p l e compariso n o f  th e neura l  networ k m o d e l  t o th e h u m a n response s give n i n 
th e M e g a m i x study .  T h e emot io n sequenc e i s a s follows :  Happy-Surprise-Afraid-Sad-Disgust -
A n g r y - H a p p y .  T h e to p grap h i s th e neura l  networ k mode l s response .  T h e middl e grap h s h o w s 
th e result s from  th e M e g a m i x study .  T h e final  plo t  give s th e mode l s respons e time .  E a c h grap h 

s h o w s th e respons e a s th e interpolatio n value s chang e betwee n th e emot io n prototypes . 
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Resu l t s 

The first experiment examines the average response curves 
(percentag e o f  subject s givin g a  particula r  labelin g t o a  stimu -
lus )  a s th e mixtur e o f  th e tw o emotio n prototype s varies .  Th e 
stimul i  presente d t o bot h th e neura l  networ k mode l  an d th e 
h u m an subject s wer e nove l  transitiona l  faces .  A n exampl e 
of  th e averag e response s fo r  th e 5 0 ensembl e network s ar e 
presente d a t  th e to p o f  Figur e 3 .  Th e averag e respons e o f 
4 0 h u m a n subject s t o th e sam e sequenc e o f  emotio n transi -
tion s ar e reproduce d fro m th e Megami x stud y i n th e middl e 
grap h [Youn g e t  al. .  1997] . 

Th e mos t  strikin g featur e foun d i n bot h th e ensembl e mode l 
and th e subjects '  response s i s ver y shar p transitio n region s 
fro m emotio n t o emotio n acros s th e sequence .  Thi s i s tru e 
fo r  al l  huma n transition s includin g thos e no t  shown .  Fo r  th e 
model ,  th e transitio n behavio r  wa s als o sharp .  However ,  i n 
nearl y hal f  o f  th e instance s (7/15 )  o f  emotion-emotio n tran -
sition s (no t  involvin g neutral )  th e neutra l  respons e i s stronge r 

tha n tha t  o f  on e o f  th e endpoin t  emotion s nea r  th e transition.' * 
I n Megamix ,  the y di d find  intrusion s o f  othe r  emotion s i n 
2/1 5 o f  thes e case s (usin g a  binomia l  test) ,  bu t  th e response s 
wer e lowe r  tha n th e endpoin t  emotions .  W e ge t  simila r  intru -
sion s o f  thi s type ,  fo r  example ,  fea r  intrude s o n surpris e i n th e 
Megam i x dat a an d i n ou r  network .  Thes e neutra l  intrusion s 
canno t  b e accounte d fo r  b y th e finer  grai n o f  ou r  transitions ,  a s 
th e averag e numbe r  o f  image s fo r  whic h neutra l  i s th e highes t 
respons e nea r  a  transitio n i s 3  (i.e. ,  thes e intrusion s spa n 3 
1 0 % ste p sizes) .  M o r e likely ,  th e model' s behavio r  i s du e t o 
th e us e o f  dissolv e face s instea d o f  morphs .  Sinc e dissolve s 
ar e pur e weighte d averages ,  an d morph s ar e inherentl y non -
linear ,  i t  make s sens e tha t  som e mixe s m a y actuall y resembl e 
th e neutra l  prototyp e mor e tha n a  morp h would ,  a s neutra l 
i s  probabl y th e averag e i n pixe l  spac e o f  al l  emotions .  W e 
pla n o n rerunnin g th e experimen t  wit h image-qualit y morph s 
(currentl y unde r  construction )  t o eliminat e thi s possibl e con -
found . 

Th e final  grap h i n Figur e 3  present s th e ensembles '  sim -
ulate d reactio n tim e (RT )  fo r  th e sam e emotio n sequence . 
Youn g e t  al .  foun d th e resultin g R T curve s wer e scalloped , 
wit h th e fastes t  RT' s nea r  th e prototyp e emotio n an d drop -
pin g of f  farthe r  fro m th e prototype .  I n th e lowe r  panel ,  w e 
sho w th e networ k RT' s fo r  th e response s fo r  an y emotio n fo r 
whic h th e mode l  subjec t  respons e curv e wa s ove r  2 3 % (th e 
cutof f  the y use d fo r  thei r  plots ;  unfortunately ,  w e wer e un -
abl e t o obtai n th e huma n dat a t o plo t  here) .  Thes e curve s 
sho w th e sam e scallo p shap e a s i n th e Megami x paper .  Fig -
ur e 4  present s tw o example s o f  th e ensembl e models '  stimu -
lu s discrimination .  Th e to p graph s sho w th e subjec t  respons e 
curve s fo r  tw o pair s o f  emotion s an d th e botto m graph s de -
pict s th e discriminatio n scor e ( 1 -  cosin e o f  th e tw o outpu t 
vectors) .  Th e curve s demonstrat e tha t  th e mode l  i s mos t 
sensitiv e t o stimulu s change s nea r  th e boundary ,  whic h wa s 
als o tru e fo r  discriminatio n test s o n huma n subjects .  Th e 
model  als o showe d tha t  th e mea n discriminabilit y  scor e o f 
0.4 5 (0.31 )  fo r  transition s (90-70,30-10 )  nea r  prototype s wa s 
significantl y differen t  (z=26.0,p<.01 )  usin g a  norma l  tes t  fo r 
differen t  mean s [Keeping ,  1995 ]  tha n th e scor e o f  0.6 9 (0.29) , 
fo r  transition s fa r  fro m th e prototyp e (70-50,50-30) .  Thi s to o 
was significan t  i n th e Megam i x stud y [Youn g e t  al. ,  1997] . 

*l n fact ,  i n som e sense ,  w e ar e puttin g ou r  wors t  foo t  forwar d here , 
i n tha t  w e als o modele d thei r  Experimen t  1  (dat a no t  shown )  whic h 
was a  six-wa y force d choic e no t  includin g neutral .  There ,  onl y thre e 
of  fifteen  (3/15 )  transition s resulte d i n a n emotio n respons e mor e 
prominen t  tha n eithe r  en d point ,  an d thes e wer e restricte d t o on e 
imag e i n th e sequence . 
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Figur e 5 :  Thi s grap h compare s th e neura l  networ k mode l  an d 
th e actua l  huma n score s fro m th e Megami x study ,  compute d 
by th e sam e method .  Th e plot s represen t  th e averag e ratin g 
subject s giv e t o th e emotio n i n a  fac e a s  i t  fall s  furthe r  fro m a 
give n ancho r  prototyp e (se e tex t  fo r  details) .  Th e emotion s ar e 
lumpe d int o tw o classes ,  th e relate d emotio n (th e on e bein g 
mixe d wit h th e prototype )  an d th e unrelate d emotions .  Bot h 
th e neura l  networ k mode l  an d th e huma n subject s exhibi t 
a stee p ris e i n prominenc e fo r  th e relate d emotio n wit h n o 
detectabl e increas e fo r  unrelate d emotions . 

Experiment s 1  - 3 o f  Megami x strongl y suppor t  categorica l 
perceptio n o f  emotio n categories .  I n Experimen t  4 ,  Youn g 
et  al .  considere d t o wha t  exten t  subject s wer e nevertheles s 
sensitiv e t o th e othe r  categor y bein g mixe d int o th e image . 
For  example ,  ca n th e subject s perceiv e th e ange r  i n a  9 0 % 
happy/10 % angr y morph ,  eve n thoug h the y respon d "happy " 
t o th e image ? A s describe d earlier ,  the y aske d th e subject s 
t o giv e thre e response s t o a n image :  whic h emotio n i t  wa s 
closes t  to ,  the n th e nex t  closes t  emotion ,  the n th e next .  The y 
score d th e thre e response s a s 3,2 ,  an d 1 ,  an d subtracte d of f  th e 
averag e scor e fo r  th e dominan t  prototyp e a s describe d earlier . 
Thes e differenc e score s wer e the n average d acros s subject s fo r 
th e "prototyp e bein g move d towards "  (the y cal l  thi s th e "fa r 
prototype") .  Th e score s fo r  th e othe r  fou r  unrelate d emotio n 
categorie s (thos e no t  represente d i n th e morph )  wer e average d 
togethe r  a s well .  Thes e tw o score s wer e the n average d acros s 
al l  transitions ,  an d plotted .  Thei r  dat a i s show n a s th e dashe d 
line s i n Figur e 5 . 

We use d th e sam e methodolog y fo r  ou r  networks ,  usin g 
th e ran k orde r  o f  th e networ k output s t o extrac t  scores .  Th e 
result s ar e show n i n Figur e 5  a s th e soli d lines .  Th e unfille d 
circle s an d square s sho w th e differenc e score s fo r  th e fou r 
emotion s no t  represente d i n th e dissolve s o r  morphs .  A s ca n 
be see n fro m th e Figure ,  th e networ k dat a lie s righ t  o n to p o f 
th e huma n dat a i n thi s case . 

Discussion 

We hav e show n tha t  a  fee d forwar d neura l  networ k mode l 
usin g a  featur e base d representatio n o f  th e fac e (projection s 
of  featur e region s o n a  fixed  filter  set )  account s fo r  th e obser -
vation s foun d i n th e huma n study .  Specifically ,  th e model s 
exhibi t  categorica l  responses :  shar p transition s i n th e respons e 
curve s an d highe r  discriminatio n acros s categor y boundaries . 
The scallo p shap e i n th e huma n RT' s wa s als o modele d b y 
th e sam e network .  I n addition ,  th e model s sho w a  ver y goo d 
matc h t o th e huma n subjects '  sensitivit y t o th e non-dominan t 
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prototyp e bein g mixe d int o th e images .  Unlik e th e classica l 
accoun t  o f  categorica l  perception ,  human s wer e abl e t o mak e 
intra-categorica l  distinctions ,  an d thes e result s wer e reflecte d 
i n th e mode l  a s well . 

The poin t  o f  departur e betwee n ou r  mode l  an d th e dat a i s th e 
intrusio n o f  neutra l  response s i n ou r  replicatio n o f  thei r  Exper -
imen t  2  (no t  a s prevalen t  i n ou r  Experimen t  1 ,  se e footnote4) . 
We believ e tha t  thi s differenc e i s du e t o th e wa y i n whic h 
we constructe d ou r  faces ;  simpl e pixe l  average s ar e mor e 
likel y t o b e lik e neutra l  images  tha n tru e morphs ,  whic h d o 
not  fal l  o n straigh t  line s betwee n th e endpoint s i n perceptua l 
spac e [Busey ,  1997] .  W e pla n t o verif y thi s conjectur e b y 
applyin g ou r  mode l  t o image-qualit y morph s i n futur e work . 

These result s sho w tha t  a  neura l  networ k classifier ,  wit h 
no acces s t o th e biologica l  constraint s tha t  ar e presumabl y 
impose d o n th e huma n emotio n processor ,  an d n o acces s t o 
th e surroundin g cultur e excep t  t o th e exten t  tha t  th e networ k i s 
instructe d t o carv e u p th e inpu t  spac e int o th e sam e categories , 
can nevertheles s simulat e fairl y  wel l  th e huma n response s t o 
emotiona l  expressions . 

Neura l  networ k modeler s ma y objec t  that ,  give n th e wa y w e 
extracte d th e variou s respons e variables ,  o f  cours e th e result s 
woul d com e ou t  thi s way .  Fo r  example ,  becaus e th e outpu t 
vecto r  i s  changin g th e mos t  a t  categor y boundaries ,  ou r  mea -
sur e o f  discriminatio n wil l  b e highes t  there .  I n othe r  words ,  i t 
i s  "embarrassingl y easy "  t o accoun t  fo r  thes e results .  Rathe r 
tha n a n embarrassment ,  w e sugges t  tha t  th e mode l  i s there -
for e a  natura l  explanatio n o f  th e phenomeno n o f  categorica l 
perception . 

The reaso n tha t  th e neura l  networ k show s categorica l  per -
ceptio n i s simple .  Earl y i n training ,  th e networ k doe s no t 
sho w stee p boundarie s betwee n th e classes ,  s o th e chang e i n 
response s alon g a  transitio n i s mor e shallow .  A s learnin g 
progresses ,  reducin g th e erro r  correspond s t o sharpenin g th e 
boundarie s betwee n th e categories .  Thu s th e regio n o f  am -
biguit y i s  shortened .  However ,  differen t  exemplar s giv e dif -
feren t  results .  Easil y identifie d emotions ,  a s i n th e J J images , 
giv e ris e t o steepe r  respons e change s tha n morph s betwee n 
othe r  subject s whos e portrayal s ar e no t  a s pronounced .  Thi s 
i s  i n agreemen t  wit h othe r  studie s [Beal e an d Keil ,  1995 ]  tha t 
sho w familiarit y wit h th e endpoint s determine s th e steepnes s 
of  th e transitio n i n huma n subjects . 

I n futur e work ,  w e inten d t o sho w tha t  ou r  mode l  provide s a 
nearl y complet e accoun t  o f  th e perception-classificatio n pro -
cess i n tha t  i t  learn s t o classif y emotions .  Thi s i s o f  interes t 
becaus e recen t  wor k ha s show n that ,  i n th e cas e o f  iden -
tit y [Beal e an d Keil ,  1995 ]  (bu t  no t  show n s o fa r  fo r  emo -
tions )  perceptio n o f  identit y  i s non-categorica l  fo r  unfamilia r 
stimuli ,  bu t  i s categorica l  fo r  familia r  stimuli .  Thi s suggest s 
tha t  categorica l  perceptio n i s a  phenomeno n tha t  naturall y 
fall s  ou t  o f  a  learnin g proces s tha t  put s increasingl y sharpe r 
boundarie s betwee n stimulu s categorie s a s the y becom e mor e 
familiar . 

Acknowledgements 

We woul d lik e t o than k And y Youn g fo r  providin g u s wit h 
some o f  th e dat a fro m th e Megami x study ,  whic h i s reproduce d 
i n Figure s 3  an d 5 .  W e woul d als o lik e t o than k th e member s 
of  Gary' s Unbelievabl e Researc h Uni t  ( G U R U )  fo r  helpfu l 
comments o n thi s work . 

[Anderso n an d Rosenfeld ,  1988 ]  Anderson ,  J .  an d Rosen -
feld ,  E. ,  editor s (1988) .  Neurocomputing :  Foundation s 
of  Research .  M I T Press ,  Cambridge . 

[Beal e an d Keil ,  1992 ]  Beale ,  J .  an d Keil ,  F .  (1992) .  Categor -
ica l  effect s i n th e perceptio n o f  faces .  Cognition ,  57:217 -
239 . 

[Beal e an d Keil ,  1995 ]  Beale ,  J .  an d Keil ,  F .  (1995) .  Cate -
gorica l  perceptio n a s a n a.cquire d phenomenon :  Wha t  ar e 
th e implications ? I n Smith ,  L .  an d Hancock ,  R ,  editors . 
Neura l  Computatio n an d Psychology :  Workshop s i n Com-
putin g Series ,  page s 176-187 ,  London .  Springer-Verlag . 

[Busey ,  1997 ]  Busey ,  T .  (1997) .  Wher e ar e morphe d face s i n 
multi-dimension i  fac e space ? unde r  review . 

[Calderetal. ,  1996 ]  Calder ,  A. ,  Young ,  A. ,  Perrett ,  D. ,  Et -
coff ,  N. ,  an d Rowland ,  D .  (1996) .  Categorica l  perceptio n 
of  morphe d facia l  expressions .  Visua l  Cognition ,  3:81 -
117. 

[Ekma n an d Friesen ,  1976 ]  Ekman ,  P .  an d Friesen ,  W . 
(1976) .  Picture s o f  facia l  affect . 

[Ekma n an d Friesen ,  1977 ]  Ekman ,  P .  an d Friesen ,  W . 
(1977) .  Facia l  Actio n Codin g System .  Consultin g Psy -
chologists ,  Pal o Alto ,  C A . 

[EtcoffandMagee ,  1992 ]  Etcoff ,  N .  an d Magee ,  J .  (1992) . 
Categorica l  perceptio n o f  facia l  expressions .  Cognition , 
44:227-240 . 

[Harnad ,  1987 ]  Harnad ,  S .  R .  (1987) .  Categorica l  percep -
tion :  th e groundwor k o f  cognition .  Cambridg e Universit y 
Press ,  Cambridge ,  NY . 

[Keeping ,  1995 ]  Keeping ,  E .  S .  (1995) .  Introductio n t o Sta -
tistica l  Inference .  Dove r  Publications ,  N e w York . 

[Liberma n e t  al. ,  1957 ]  Liberman ,  A. ,  Harris ,  K. ,  Hoffman , 
H. ,  an d Griffith ,  B .  (1957) .  Th e discriminatio n o f  speec h 
sound s withi n an d acros s phonem e boundaries .  Journa l  o f 
Experimenta l  Psychology ,  54:358-368 . 

[Padget t  an d Cottrell ,  1997 ]  Padgett ,  C .  an d Cottrell ,  G . 
(1997) .  Representin g fac e image s fo r  classifyin g emotions . 
I n Advance s i n Neura l  Informatio n Processin g System s 9 , 
Cambridge ,  M A .  M I T Press . 

[Padget t  e t  al. ,  1996 ]  Padgett ,  C ,  Cottrell ,  G. ,  an d Adolphs , 
R.  (1996) .  Categorica l  perceptio n i n facia l  emotio n classi -
fication.  I n Proceeding s o f  Cognitiv e Scienc e Conference . 

[Rumelhartetal. ,  1986 ]  Rumelhart ,  D. ,  Hinton ,  G. ,  an d 
Williams ,  R .  (1986) .  Learnin g representation s b y back -
propagatin g errors .  Nature ,  323:533-536 .  Reprinte d i n 
[Anderso n an d Rosenfeld ,  1988] . 

[Russell ,  1980 ]  Russell ,  J .  A .  (1980) .  A  circomple x mode l 
of  affect .  Journa l  o f  Personalit y an d Socia l  Psychology , 
39:1161-1178 . 

[Seidenber g an d McClelland ,  1989 ]  Seidenberg ,  M .  an d M c -
Clelland ,  J .  (1989) .  A  distributed ,  developmenta l  mode l 
of  wor d recognitio n an d naming .  Psychologica l  Review , 
96:523-568 . 

[Youn g e t  al. ,  1997 ]  Young ,  A. ,  Rowland ,  D. ,  Calder ,  A. ,  Et -
coff ,  N. ,  Seth ,  A. ,  an d Perrett ,  D .  (1997) .  Facia l  expressio n 
megamix :  Test s o f  dimensiona l  an d categor y account s o f 
emotio n recognition .  Cognition ,  63:271-313 . 

Reference s 

[Adolph s e t  al. ,  1998 ]  Adolphs ,  R. ,  Padgett ,  C ,  Logan ,  C , 
and Cottrell ,  G .  (1998) .  Categorica l  perceptio n o f  emo -
tiona l  facia l  expressions :  Compute r  mod e s  an d huma n 
performance .  I n Preparation . 

811 


	cogsci_1998_806-811



