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Abstrac t 

We present an automated emotion recognition system that is 
capabl e o f  identifyin g si x basi c emotion s (happy ,  surprise ,  sad , 
angry ,  fear ,  disgust )  i n nove l  fac e images .  A n ensembl e o f  sim -
pl e feed-forwar d neura l  network s ar e use d t o rat e eac h o f  th e 
images .  Th e output s o f  thes e network s ar e the n combine d t o 
generat e a  scor e fo r  eac h emotion .  Th e network s wer e traine d 
on a  databas e o f  fac e image s tha t  huma n subject s consistentl y 
rate d a s portrayin g a  singl e emotion .  Suc h a  syste m achieve s 
8 6 % generalizatio n o n nove l  fac e image s (individual s th e net -
work s wer e no t  traine d on )  draw n fro m th e sam e database . 
The neura l  networ k mode l  exhibit s categorica l  perceptio n be -
twee n som e emotio n pairs .  A  linea r  sequenc e o f  morp h image s 
i s create d betwee n tw o expression s o f  a n individual' s fac e an d 
thi s sequenc e i s analyze d b y th e model .  Shar p transition s i n th e 
outpu t  respons e vecto r  occu r  i n a  singl e ste p i n th e sequenc e 
fo r  som e emotio n pair s an d no t  fo r  others .  W e pla n t o u s th e 
model' s respons e t o limi t  an d direc t  testin g i n detenninin g i f 
human subject s exhibi t  categorica l  perceptio n i n morp h imag e 
sequences . 

Introduction 

I n thi s paper ,  w e describ e a  neura l  networ k mode l  tha t  clas -
sifie s stati c fac e image s base d o n thei r  emotiona l  conten t  an d 
examin e th e behavio r  o f  th e mode l  ove r  a  sequenc e o f  lin -
earl y interpolate d image s betwee n tw o differin g emotion s o f 
th e sam e face .  W e ar e specificall y lookin g fo r  emotio n pair s 
wher e th e transitio n i n th e outpu t  respons e o f  th e networ k i s 
abrupt .  Tha t  is ,  prio r  t o th e transition ,  th e mode l  classifie s al l 
th e image s i n th e sequenc e a s example s o f  th e first  categor y 
and al l  th e subsequen t  image s a s example s o f  th e secon d emo -
tion .  Suc h transition s ar e k n o w n a s categorica l  perceptio n an d 
ar e know n t o occu r  i n man y perceptua l  task s [9] .  Th e model' s 
prediction s ca n the n b e compare d wit h a  simila r  se t  o f  task s 
performe d o n h u m a n subjects .  F ro m thi s interactio n w e hop e 
t o discer n th e functiona l  organizatio n o f  th e visua l  emotio n 
recognitio n system . 

The neura l  networ k mode l  consist s o f  a n ensembl e o f  tw o 
layer ,  feed-forwar d network s traine d wit h bac k propagation . 
The face s ar e represente d t o th e networ k a s projection s o f 
seve n 32x3 2 pixe l  block s fro m featur e region s (bot h eye s an d 
mouth )  ont o th e principa l  componen t  spac e generato i  fro m 
randoml y locate d blocl ^  i n th e imag e dat a se t  (se e Figur e 1) . 
Thi s techniqu e i s siniila r  t o th e eigen-face/featur e recognitio n 
wor k o f  Tur k an d Pentlan d [14 ]  an d Pentlan d et .  al .  [13 ] 
wher e projection s o f  face s o r  feature s ar e use d t o reduc e th e 
dimensionalit y o f  th e image .  However ,  wher e thei r  wor k use s 
fixed  location s o n th e fac e t o generat e th e eigen-spac e (result -

Figur e 1 :  Th e figure  show s th e locatio n o f  th e 32x3 2 pixe l 
block s i n th e featur e region s (onl y on e ey e regio n i s shown , 
bot h ar e used) .  Eac h bloc k i s projecte d ont o th e to p 1 5 eigen -
vectors ,  resultin g i n a  10 5 dimensiona l  vecto r  fo r  eac h face . 

in g i n a  face -  o r  feature-lik e appearanc e o f  the  templates) ,  w e 
us e imag e area s draw n randoml y s o tha t  ou r  templates  ar e o f 
a mor e non-specifi c  natur e (se e Figur e 2) . 

I n previou s wor k w e hav e show n tha t  the  generalizatio n 
obtaine d wit h thi s representatio n i s superio r  t o thos e obtaine d 
usin g th e eigen-face/featur e strateg y [12] .  T h e expecte d gen -
eralizatio n rat e o n nove l  individual s presente d t o th e networ k 
makin g us e o f  th e rando m bloc k representatio n i s 8 6 % whil e 
humans d o nearl y 9 2 % o n th e sam e database .  Thes e result s ar e 
comparabl e wit h emotio n recognitio n rate s obtaine d b y othe r 
automate d visio n system s whic h requir e a  neutra l  t o emotio n 
tempora l  sequence s fo r  trainin g an d evaluatio n [11 ,  15 ,  1] . 

Face Data 

I n workin g wit h emotion s i n fac e images ,  car e mus t  b e take n 
t o insur e tha t  th e particula r  emotio n bein g portraye d i s correct . 
Feigne d emotion s b y untraine d individual s exhibi t  significan t 
difference s wit h th e prototypica l  fac e expressio n [7] .  Thes e 
difference s ofte n resul t  i n disagreemen t  betwee n th e observe d 
emotio n an d th e expressio n th e acto r  i s attemptin g t o feign . 
I n previou s work ,  Cottrel l  an d Metcalf e ha d undergraduate s 
feig n emotions .  Whil e thei r  networ k performe d well  o n iden -
tit y an d gende r  classification ,  i t  neve r  di d well  o n emotion . 
Cottrel l  an d Metcalf e speculate d tha t  thei r  result s wer e du e t o 
poo r  portraya l  o f  th e emotion s b y thei r  subject s [5] . 
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Figur e 2 :  Th e to p 2 5 eigenvector s fro m P C A o f  32x3 2 pixe l 
patche s draw n randoml y ove r  th e fac e database . 

To reduc e thi s possibility ,  w e mak e us e o f  a  validate d fa -
cia l  emotio n databas e (Picture s o f  Facia l  Affect )  assemble d 
by E k m a n an d Friese n [6] .  Eac h o f  th e fac e image s i n thi s se t 
exhibit s a  substantia l  agreemen t  betwee n th e labele d emotio n 
and th e observe d respons e o f  huma n subjects .  Th e actor s use d 
i n thi s databas e wer e traine d t o reliabl y produc e emotion s us -
in g F A C S [7 ]  an d thei r  image s wer e presente d t o undergradu -
ate s fo r  testing .  Th e agreemen t  betwee n th e emotio n th e acto r 
was require d t o expres s an d th e students '  observation s wa s a t 
leas t  7 0 % o n al l  th e image s incorporate d int o th e database . 

Twelv e o f  th e fourtee n individual s containe d i n th e Picture s 
of  Facia l  Affec t  databas e wer e use d i n thi s study ,  6  mal e an d 
6 femal e (th e tw o remainin g se t  o f  image s wer e inadvertentl y 
corrupte d durin g imag e capture) .  A  tota l  o f  9 7 image s eac h 
portray s on e o f  7  emotions -  happy ,  sad ,  fear ,  anger ,  surprise , 
disgus t  o r  neutral .  Wit h th e exceptio n o f  th e neutra l  faces , 
eac h imag e i n th e se t  i s labele d wit h a  respons e vecto r  o f 
th e remainin g si x emotion s indicatin g th e fractio n o f  tota l 
respondent s classifyin g th e imag e wit h a  particula r  emotion . 

Althoug h car e wa s take n i n collectin g th e origina l  images , 
natura l  variation s i n lighting ,  hea d siz e an d th e mouth' s ex -
pressio n mus t  b e accounte d for .  Th e origina l  image s exhibite d 
significan t  variatio n i n th e distanc e betwee n th e eye s (2. 7 pix -
els )  an d i n th e vertica l  distanc e fro m th e eye s t o th e mout h (5. 0 
pixels) .  T o achiev e scal e invariance ,  eac h imag e wa s scale d 
so tha t  prominen t  facia l  feature s wer e locate d i n th e sam e im -
age region .  Ey e an d mout h template s wer e constructe d fro m a 
number  o f  image s an d th e mos t  correlate d templat e wa s use d 
t o localiz e th e respectiv e feature .  Illuminatio n variance s wer e 
minimize d b y individuall y stretchin g eac h o f  th e image s t o en -
compas s th e ful l  gre y scal e range .  Simila r  technique s hav e 
bee n employe d i n previou s wor k o n face s [3 ,  4 ,  14 ,  13] .  Fig -
ur e 3  show s example s o f  som e o f  th e normalize d fac e image s 
use d i n th e study . 

Classifier design and training 

Th e model s use d t o conduc t  thi s stud y consis t  o f  ensemble s 
of  feed-forward ,  full y  connecte d neura l  network s eac h con -
tainin g a  singl e hidde n laye r  wit h 1 0 nodes .  Eac h networ k i s 
traine d independentl y usingon-lin e bac k propagatio n wit h th e 
respons e vector s fro m th e Picture s o f  Facia l  Affec t  databas e 
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Figur e 3 :  Example s fro m th e Picture s o f  Facia l  Affec t 
databas e normalize d an d cropped . 

servin g a s th e target .  Th e inpu t  t o eac h networ k i s th e projec -
tio n o f  th e seve n location s o f  th e face s show n i n Figur e 1  ont o 
th e to p 1 5 eigenvector s o f  90 0 rando m 32X3 2 block s (th e to p 
3 row s o f  Figur e 2 .  Th e projection s ont o eac h eigenvecto r  ar e 
normalize d int o Z  score s o n a  per-eigenvalu e basis . 

Sinc e w e ha d a  smal l  datase t  o f  twelv e individuals ,  fo r 
eac h individual ,  w e traine d a n ensembl e o f  network s o n th e 
remainin g 1 1 individuals ,  an d the n combine d th e score s o f 
th e ensembl e member s t o ge t  a  generalizatio n scor e o n th e 
one individua l  th e ensembl e ha d no t  see n durin g training .  T o 
minimiz e th e impac t  o f  choosin g a  poo r  hol d ou t  se t  fro m 
th e trainin g set ,  eac h o f  th e 1 1 individual s i n th e trainin g se t 
was i n tur n use d a s a  hol d out .  I f  th e erro r  o n th e hol d ou t 
set  wen t  u p ove r  thre e trainin g epochs ,  trainin g wa s stopped . 
Thi s procedur e i s illustrate d i n Figur e 4 .  Thu s w e en d u p wit h 
12 independen t  ensembl e networ k models . 

To combin e th e score s o f  th e 1 1 networks ,  a  numbe r  o f 
differen t  technique s ar e possible :  winne r  tak e all ,  weighte d 
averag e output ,  voting ,  etc .  Th e metho d tha t  w e foun d t o con -
sistentl y giv e th e highes t  generalizatio n rat e involve d usin g Z 
score s fro m th e 1 1 network s fo r  eac h individual .  Th e averag e 
outpu t  fo r  eac h possibl e emotio n acros s al l  th e network s wa s 
calculate d alon g wit h it s  deviatio n ove r  th e entir e trainin g set . 
Thes e value s wer e use d t o normaliz e th e summe d outpu t  o f 
th e 1 1 networks .  Th e highes t  outpu t  Z  scor e fo r  a  particula r 
inpu t  wa s considere d t o b e th e emotio n foun d b y th e ensem -
ble .  Fo r  an y inpu t  pattern ,  w e calculat e th e averag e o f  al l  1 1 
networ k output s fo r  emotio n j : 

. - S i 
'̂ -  1 1 
a,  = 

Oij 

11 
wher e o, j  i s  th e outpu t  o f  net ,  o n emotio n ;  fo r  tha t  pattern . 
The n w e conver t  thi s t o a  Z  score : 

a,  = 
<Ti 

wher e O j  an d a j  ar e th e averag e an d deviatio n fo r  outpu t  uni t 
i  acros s al l  th e patter n output s ove r  th e entir e 1 1 networks . 
The averag e generalizatio n rat e achieve d b y th e classifier s i s 

i(±0.2) . 

M o r p l i  S e q u e n c e 

A larg e bod y o f  literatur e i n cognitiv e psycholog y ha s demon -
strate d tha t  certai n stimuli ,  suc h a s phonemes ,  ar e perceive d 
categoricall y b y huma n subject s [10 ,  9] .  Categorica l  per -
ceptio n i s sai d t o occu r  whe n stimul i  ca n b e discriminate d n o 
bette r  tha n the y ca n b e labeled ,  althoug h i n practic e somewha t 
mor e relaxe d criteri a ar e ofte n take n a s evidenc e o f  categorica l 
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Figure 4: Structure ol' training sets used lor creating ensemble network. 
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Figur e 5 :  Typica l  example s o f  th e morph in g process .  T h e origina l  expression s ar e a t  th e extreme s o f  th e sequence s whil e th e 
interio r  image s ar e linea r  interpolation s o f  th e tw o images . 

perception .  Al thoug h th e evidenc e fo r  certai n "lo w level "  cat -
egoiica l  perceptio n i s stron g (e.g .  phonemes ,  colors) ,  m u c h 
les s i s k n o w n abou t  h o w w e categoriz e m o r e comple x stim -
uli .  T w o recen t  studie s sugges t  tha t  s o m e o f  th e informatio n 
signale d b y faces ,  notabl y thei r  emotiona l  expressio n [8 ]  an d 
thei r  uniqu e identit y  [2] ,  i s  perceive d categorically . 

T h e presen t  stud y concentrate s o n th e perceptio n o f  e m o -
tiona l  facia l  expressions .  W e ar e awar e o f  onl y a  singl e stud y 
tha t  ha s provide d evidenc e fo r  categorica l  perceptio n o f  e m o -
tio n i n facia l  expression s [8] .  Tha t  stud y use d lin e drawing s 
of  faces ,  an d m o r p h s o f  thos e lin e drawings ,  a s th e stimuli . 
Transition s betwee n certai n emotiona l  expression s appeare d 
t o b e perceive d categorically ,  whil e othe r  transition s di d no t 
sho w suc h a n effect .  G ive n thes e intriguin g finding s obtaine d 
wit h lin e drawing s o f  faces ,  w e wante d t o approac h th e issu e 
usin g image s o f  actua l  facia l  expression s o f  emotion . 

T o determin e th e typ e o f  transition s tha t  th e neura l  net -
wor k mode l  exhibits ,  w e linearl y transfor m a  fac e imag e o f 
an individua l  expressin g o n e emotio n t o th e s a m e individua l 
expressin g anothe r  a t  fixe d intervals .  T h e resultan t  m o r p h e d 
imag e sequenc e ca n the n b e transforme d int o th e inpu t  repre -
sentatio n an d presente d t o th e classifie r  i n a  norma l  manner . 

Figur e 5  s h o w s typica l  imag e sequence s generate d b y thi s 
process . 

Fo r  th e networ k mode l ,  thre e distinc t  type s o f  respons e vec -
tor s ar e generate d ove r  th e cours e o f  th e transitio n sequences . 
At  eithe r  en d o f  th e m o r p h transitio n sequence ,  th e networ k 
model  respond s correctl y t o th e origina l  image .  W h e n th e 
m a x i m u m outpu t  respons e change s f ro m th e firs t  t o th e sec -
o n d emotion ,  thi s i s terme d th e crossove r  point . 

A Typ e 1  transitio n i s wher e th e networ k respons e a t  th e 
crossove r  poin t  i s  hig h wit h respec t  t o a  threshol d respons e -
tha t  is ,  bot h emotion s ar e abov e threshold .  W e se t  th e thresh -
ol d a t  0. 5 standar d deviation s abov e th e averag e response , 
wh ic h i s th e m a x i m u m valu e tha t  maintain s th e 8 6 % gener -
alizatio n rat e o f  th e networ k (i n th e origina l  wo rk ,  a  correc t 
respons e w a s take n a s th e m a x i m u m Z  scor e [12]) .  Fo r  T y p e 
1 transitions ,  bot h emotion s elici t  hig h response s ove r  a  larg e 
portio n o f  th e sequenc e indicatin g similarit y betwee n th e t w o 
emotion s i n th e transitio n sequence . 

A Typ e 2  transitio n i s w h e n bot h emot io n response s ar e 
belo w threshol d a t  th e crossove r  point .  Thi s typ e o f  transitio n 
ha s a  larg e portio n o f  th e m o r p h sequenc e withou t  an y promi -
nen t  emotions .  Thi s indicate s tha t  th e categorie s ar e quit e 
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Figur e 6 :  Th e graph s sho w th e outpu t  respons e o f  th e tw o emotion s o f  th e neura l  networ k mode l  fo r  th e morp h imag e sequences . 
Graph s a  an d b  ar e example s o f  Typ e 1  an d 2  transition s respectively ,  whil e c  an d d  illustrat e Typ e 3 . 

distan t  i n th e mode l  space . 
A Typ e 3  transitio n occur s whe n th e crossove r  poin t  i s  nea r 

th e threshold .  Thi s indicate s a  shar p transitio n i n classifica -
tio n o f  th e morp h image s s o tha t  al l  (o r  most )  image s prio r 
t o th e crossove r  ar e classifie d th e sam e a s th e origina l  imag e 
an d thos e subsequen t  t o it ,  th e sam e a s th e morphed-t o image . 
I t  i s  thi s typ e o f  transitio n w e associat e wit h categorica l  per -
ception .  Figur e 6  present s example s o f  th e outpu t  response s 
of  th e associate d emotion s tha t  illustrat e th e thre e type s o f 
transitions . 

Results 

To examine the type of transitions between emotion pairs, 
morp h sequence s betwee n differin g emotion s i n eac h o f  th e 
12 ensembl e network' s tes t  se t  wer e generate d an d presente d 
t o th e appropriat e ensembl e networ k fo r  evaluation .  A  morp h 
sequenc e o f  9  image s (plu s th e 2  originals )  wa s constructe d 
fo r  eac h distinc t  emotio n pai r  o f  th e individua l  (fea r  t o fea r 
morph s fo r  example ,  wer e no t  examined) .  Th e tota l  numbe r 
of  morp h sequence s wa s 250 ,  approximatel y 1 7 sequence s fo r 
eac h o f  th e 1 5 possibl e emotio n combinations . 

A simpl e scor e wa s use d t o evaluat e th e typ e o f  th e tran -
sitio n fo r  eac h o f  th e morp h sequences .  A s th e chang e i n 
th e ensembl e network' s outpu t  acros s th e sequenc e wa s eithe r 
monotonicall y increasin g o r  decreasing ,  simpl y countin g th e 
number  o f  output s greate r  tha n th e threshol d of+0. 5 standar d 
deviation s i s sufficien t  i n determinin g th e typ e o f  th e transi -
tion .  I f  w e simpl y ad d th e numbe r  o f  instance s wher e emotio n 

1 i s abov e th e threshol d t o th e numbe r  o f  instance s emotio n 2 
i s abov e th e threshol d an d subtrac t  th e lengt h o f  th e sequenc e 
fro m th e total ,  th e sig n an d magnitud e o f  th e resultan t  valu e 
provide s a  simpl e scor e indicatin g th e transitio n type .  Hig h 
positiv e score s indicat e tha t  th e ensembl e networ k outpu t  wa s 
responsiv e t o bot h emotion s ove r  a  larg e numbe r  o f  image s 
(Typ e 1  transition )  whil e larg e negativ e score s indicat e tha t 
th e respons e vector s o f  bot h emotion s wer e belo w th e thresh -
ol d fo r  a  numbe r  o f  image s (Typ e 2  transition) .  Score s nea r 
zer o ar e th e Typ e 3  transition s tha t  indicat e categorica l  percep -
tion .  Figur e 7  present s th e experimenta l  result s from  lowes t 
t o highes t  scores . 

The ensembl e network s prediction s abou t  th e typ e o f  re -
lationship s betwee n th e emotio n categorie s tha t  exis t  i n th e 
fac e imag e dat a i s presente d i n Figur e 8 .  Th e entrie s i n th e 
tabl e ar e arrange d s o tha t  th e emotio n pair s a t  th e to p o f  th e 
column s hav e th e score s mos t  representativ e o f  tha t  type .  A 
cut  of f  o f  ±  1. 5 step s wa s use d t o delimi t  th e rang e o f  value s 
associate d wit h Typ e 3  behavio r  (i.e .  th e transitio n are a score s 
wer e withi n 1. 5 step s o f  0) . 

Th e ensembl e models '  prediction s see m reasonabl e give n 
th e natur e o f  th e categories .  Fo r  instance ,  happ y faces ,  th e 
onl y positiv e emotio n examined ,  d o no t  see m particularl y 
clos e t o an y o f  th e othe r  fiv e emotions .  Happ y ha s n o positiv e 
score s an d th e transition s betwee n i t  an d th e othe r  emotion s 
consis t  solel y o f  Type s 2  an d 3 .  Typ e 1  transition s ar e exhib -
ite d b y th e emotio n pair s tha t  ar e neighbor s whe n th e huma n 
dat a fro m th e Picture s o f  Facia l  Affect s databas e i s subjecte d 
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Emotio n Pai r 
Fear-Disgus t 

Surprise-Disgus t 
Happy-Sa d 
Fear-Ange r 

Happy-Ange r 
Sad-Fea r 

Happy-Surpris e 
Sad-Surpris e 
Happy-Fea r 
Sad-Ange r 

Anger-Surpris e 
Happy-Disgus t 

Sad-Disgus t 
Anger-Disgus t 
Fear-Surpris e 

Averag e 
-4. 1 
.̂ 0 

-3. 0 
-2. 7 
-2. 5 
-2. 0 
-2. 0 
-1. 9 
-1. 3 
-0. 4 
-0. 1 
-0. 1 
2. 7 
4. 4 
8. 9 

Deviatio n 
04 
0. 3 
1.3 
0. 8 
0. 9 
1.0 
0. 5 
1.8 
0. 8 
0. 9 
1.3 
1.0 
2. 3 
1.6 
1.0 

Figur e 7 :  Average s an d deviation s o f  emotio n pai r  score s o f 
th e neura l  networ k model . 
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Happy-Ange r 
Sad-Fea r 

Happy-Surp r 
Sad-Surp r 

Typ e 3 
Happy-Dis g 
Anger-Surp r 
Sad-Ange r 
Happy-Fea r 

Figur e 8 :  Th e ensembl e network' s prediction s o f  th e typ e 
classification s fo r  th e variou s emotio n pairs . 

t o Multi-Dimensiona l  Scalin g ( M D S )  (dat a no t  shown) .  TVp e 
2 transition s ar e th e mos t  common ,  indicatin g significan t  sep -
aratio n betwee n mos t  emotio n pair s (agai n simila r  t o th e cir -
cula r  arrangemen t  foun d usin g M D S ) .  Finally ,  th e Typ e 3 
transition s ar e fro m emotio n pair s tha t  ar e quit e opposite . 

Conclusion 

We have demonstrated that a relatively simple neural network 
model  i s abl e t o recogniz e emotion s an d mak e prediction s 
about  ho w visua l  categorie s ar e relate d t o on e another .  W e in -
ten d t o us e thes e result s t o guid e u s i n testin g huma n subject s 
i n orde r  t o determin e i f  categorica l  perceptio n occur s i n morp h 
imag e sequence s o f  actua l  images .  A n exhaustiv e searc h o f 
al l  possibl e morp h combination s i s difficul t  (tim e consumin g 
and costly )  whe n testin g human s bu t  th e models '  prediction s 
shoul d b e abl e t o significantl y reduc e th e numbe r  an d typ e o f 
combination s tested .  W e hav e begu n huma n test s t o validat e 
th e prediction s o n th e Typ e 1  an d Typ e 3  transitions .  Subject s 
ar e randoml y show n eac h imag e 1 0 time s an d mak e a  force d 
choic e betwee n th e endpoin t  emotions .  Althoug h ou r  n  o f 
2 i s no t  larg e enoug h t o b e reliable ,  bot h subject s showe d 
ver y shar p (sigmoidal )  transition s fo r  TVp e 3 ,  an d ver y linea r 
u-end s fo r  TVp e 1 ,  a s predicte d b y th e model .  I f  a  compariso n 
of  th e mode l  an d huma n dat a i s favorable ,  w e ca n begi n t o us e 
thi s typ e o f  mode l  t o investigat e th e performanc e change s en -
countere d i n emotio n recognitio n (an d othe r  stati c recognitio n 

tasks )  fo r  patient s wit h brai n lesions . 
Our  result s provid e specifi c  avenue s fo r  furthe r  research , 

and mak e prediction s abou t  ho w huma n subject s ma y perceiv e 
blend s o f  differen t  emotion s signale d b y a  face .  Sinc e i t  i s  jus t 
suc h blend s o f  emotio n tha t  ar e mos t  typicall y encountere d i n 
everyda y life ,  thi s lin e o f  researc h wil l  contribut e t o huma n 
socia l  cognitio n i n general . 
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