
M e t r i C a t :  A  Representa t io n fo r  Basi c a n d Subordinate-leve l  Classificatio n 

Brian J. Stankiewicz and John E. Hummel 
Departmen t  o f  Psycholog y 

Universit y o f  California ,  Lo s Angele s 
Lo s Angeles ,  C A 90095-156 3 

b s t a n k i e @ p s y c h . u c l a . e d u ,  j h u i r a n e l @ p s y c h . u c l a . e d u 

Abstrac t 

An important function of human visual perception is to 
permi t  objec t  classificatio n a t  multipl e level s o f 
specificity .  Fo r  example ,  w e ca n recogniz e a n objec t  a s a 
"car, "  (th e basi c level )  a  "For d Mustang "  (subordinat e 
level) ,  an d "Joe' s Mustang "  (instanc e level) .  Althoug h thi s 
capacit y i s fundamenta l  t o huma n objec t  perception ,  mos t 
computationa l  model s o f  objec t  recognitio n eithe r  focu s 
exclusivel y o n basic-leve l  classificatio n (e.g. ,  Biederman , 
1987 ;  H u m m el  &  Biederman ,  1992 ;  H u m m el  & 
Stankiewicz ,  1996 )  o r  exclusivel y o n instance-leve l 
classificatio n (e.g. ,  Ullma n &  Basri ,  1991 ;  Edelma n & 
Poggio ,  1990) .  A  computationa l  accoun t  tha t  naturall y 
integrate s bot h level s o f  classificatio n remain s elusive . 
We describ e a  genera l  approac h t o representin g numerica l 
propertie s (e.g. ,  thos e tha t  characteriz e objec t  shape )  tha t 
simultaneousl y support s bot h basi c an d 
subordinate/instance-leve l  recognition .  Th e accoun t  i s 
base d o n a  genera l  nonlinea r  codin g fo r  numerica l 
quantitie s describin g bot h featura l  variable s (suc h a s degre e 
of  curvatur e an d aspec t  ratio )  an d configura l  variable s (suc h 
as relativ e position) .  Use d a s th e inpu t  t o a  classifie r  wit h 
Gaussia n receptiv e fields ,  thi s representatio n support s 
recognitio n a t  multipl e level s o f  specificity ,  an d suggest s 
an accoun t  o f  th e rol e o f  attentio n an d tim e i n th e 
classificatio n o f  object s a t  differen t  level s o f  abstraction . 

Introduction 

O ne o f  th e mos t  notabl e propertie s o f  h u m a n visua l 
perceptio n i s ou r  capacit y t o recogniz e object s despit e 
variation s i n th e viewin g condition s unde r  whic h th e imag e 
i s presente d t o th e retin a (e.g. ,  viewin g angle) .  Numerou s 
model s hav e bee n propose d i n th e attemp t  t o accoun t  fo r  thi s 
propert y o f  h u m a n objec t  recognition .  Thes e model s ca n b e 
divide d int o tw o broa d classe s accordin g t o th e genera l 
strateg y the y adop t  t o attac k thi s proble m (se e Liu ,  Knil l  & 
Kersten ,  1995 ;  Tarr ,  1995) .  O n e clas s (typicall y associate d 
wit h structura l  descriptio n theorie s o f  recognition )  exploit s 
categorica l  imag e propertie s a s th e primar y basi s fo r  objec t 
recognitio n (e.g. ,  Biederman ,  1987 ;  H u m m el  &  Biederman , 
1992 ;  H u m m el  &  Stankiewicz ,  1996) .  O n thi s account , 
object s ar e represente d i n term s o f  categorica l  feature s 
(includin g th e categorica l  relation s a m o n g thos e features ) 
tha t  remai n unchange d a s a n object' s distanc e o r  orientatio n 
relativ e t o th e viewe r  varies :  Becaus e th e feature s remai n th e 
same i n m a n y views ,  recognitio n i s unaffecte d b y m a n y 

change s i n viewpoint .  Th e othe r  clas s o f  model s use s 
alignmen t  (e.g. ,  Ullman .  1989) ,  vie w interpolatio n (e.g. , 
Poggi o &  Edelman ,  1990 )  o r  othe r  normalization s (se e 
H u m m el  &  Stankiewicz ,  1995 )  t o brin g n e w objec t  view s 
int o correspondenc e wit h store d views :  Here ,  th e 
normalizatio n serve s t o correc t  fo r  variation s i n th e location s 
of  a n object' s feature s (i n th e image )  tha t  resul t  fro m 
variation s i n viewpoint . 

O ne notabl e differenc e betwee n thes e approache s i s tha t 
th e forme r  emphasize s th e rol e o f  categorica l  imag e 
propertie s (suc h a s categorica l  feature s an d relations) , 
wherea s th e latte r  emphasize s th e rol e o f  holisti c metri c 
propertie s (specifically ,  th e numerica l  coordinate s o f  objec t 
features) .  I n additio n t o supportin g differen t  algorithm s fo r 
discountin g variation s du e t o viewpoint ,  thes e differin g 
approache s t o objec t  representatio n als o giv e ris e t o differen t 
"expertise "  a t  differen t  level s o f  classificatio n (Bulthof f  & 
Edelman ,  1992) :  Categorica l  model s m a y provid e a  bette r 
accoun t  o f  recognitio n a t  th e basi c leve l  (e.g. ,  recognizin g 
an objec t  a s a  "car" ;  Rosch ,  Mervis ,  Johnson ,  &  Boyes -
Braem ,  1976) ,  whil e metri c model s m a y provid e a  bette r 
accoun t  o f  recognitio n a t  th e subordinat e o r  instanc e leve l 
(e.g. ,  recognizin g a n objec t  a s a  "Mustang "  o r  "Joe' s 
Mustang") . 

Th e huma n i s exper t  a t  bot h basic -  an d subordinate-leve l 
classification .  I t  i s  temptin g t o speculat e tha t  thi s dua l 
expertis e reflect s th e simultaneou s operatio n o f  bot h 
approache s t o recognition :  Perhap s categorica l  feature s o r 
structura l  description s allo w u s t o classif y object s a t  th e 
basi c leve l  whil e metrically-specifi c  holisti c representation s 
allo w u s t o classif y object s a t  th e subordinat e o r  instanc e 
leve l  (Bulthof f  &  Edelman ,  1992 ;  Farah ,  1992) .  Whil e thi s 
accoun t  i s  almos t  certainl y correc t  fo r  som e case s o f 
subordinate-leve l  recognitio n (e.g. ,  fac e recognition) ,  i t  i s 
likel y inadequat e a s a  complet e accoun t  o f  h u m a n multi -
leve l  classification .  O n e proble m wit h thi s accoun t  i s tha t 
i t  predict s tha t  peopl e wil l  classif y object s a t  th e 
subordinate-leve l  faste r  tha n the y classif y object s a t  th e 
basic-leve l  (holisti c representation s ca n b e generate d muc h 
faste r  tha n categorica l  structura l  descriptions ;  se e H u m m el  & 
Stankiewicz ,  1996) ,  wherea s peopl e ar e fastes t  t o classif y 
object s a t  th e basi c leve l  (e.g. ,  Rosch ,  et .  al ,  1976) .  A 
secon d limitatio n o f  thi s accoun t  i s tha t  i t  predict s tha t 
subordinat e leve l  recognitio n shoul d b e mor e holisti c tha n 
basic-leve l  classification .  Whil e thi s i s  tru e fo r  fac e 
recognitio n (Tanak a &  Farah ,  1993) ,  i t  i s  no t  tru e fo r  al l 
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subordinate-leve l  classificatio n task s (e.g. ,  Biederma n & 
Schiffrar ,  1987) .  Give n thes e considerations ,  i t  seem s likel y 
tha t  th e huma n visua l  syste m achieve s multi-leve l 
classificatio n o n th e basi s o f  somethin g mor e sophisticate d 
tha n a  simpl e hybri d holistic-categorica l  representatio n o f 
shape . 

liii s  p )̂e r  present s ou r  progres s towar d a  mode l  o f  multi -
leve l  classificatio n base d o n a  differen t  kin d o f  hybri d metric -
categorica l  representatio n o f  objec t  shape .  Followin g th e 
structura l  approac h o f  H u m m el  an d Biederma n (1992 ; 
Hummel  &  Stankiewicz ,  1996) ,  w e assum e tha t  independen t 
attribute s ar e represente d o n independen t  unit s (i.e. ,  rathe r 
tha n representin g attribute s an d thei r  location s holisticall y a s 
complet e "views") .  Bu t  i n contras t  t o thes e models ,  w e 
assume tha t  shap e attribute s ar e no t  code d i n a  strictl y 
categorica l  fashio n (e.g. ,  "straigh t  vs .  curved" ,  "paralle l  vs . 
non-parallel, "  etc.) .  Rather ,  w e adop t  a  representatio n o f 
numerica l  quantitie s (suc h a s degre e o f  curvatur e an d degre e 
of  parallehsm )  tha t  capture s bot h th e metri c an d categorica l 
aspect s o f  thos e quantities .  Lik e a  categorica l 
representation ,  th e propose d representatio n change s fastes t 
acros s categorica l  boundarie s (suc h tha t  th e representatio n o f 
curvatur e 0. 1 [slightl y curved ]  differ s mor e fro m curvatur e 0 
[su-aight ]  tha n i t  differ s fro m curvatur e 0. 2 [mor e curved]) . 
But  lik e a  metri c representation ,  i t  als o capture s difference s 
betwee n numerica l  value s o n th e sam e sid e o f  a  categorica l 
boundar y (e.g. ,  betwee n curvatur e 0. 1 an d curvatur e 0.2) .  I n 
combinatio n wit h a n architectur e fo r  classifyin g object s o n 
th e basi s o f  thes e metric-categorica l  ("MetriCat" ) 
representations ,  th e resul t  i s  a  mode l  tha t  ca n classif y 
object s a t  multipl e level s o f  abstractio n simultaneously . 
The mode l  als o suggest s a  natura l  accoun t  o f  th e rol e o f 
attentio n an d tim e i n classificatio n a t  differen t  level s o f 
specificity ,  an d th e relationshi p betwee n vie w specificit y an d 
level s o f  classification . 

The MetriCat Representation of Numerical 
V a l u e s 

As describe d here ,  th e mode l  i s addresse d onl y t o th e 
representatio n o f  propertie s tha t  ca n b e characterize d a s rea l 
value s (o r  difference s o f  rea l  values )  alon g a  singl e 
dimension .  Fo r  example ,  loca l  curvatur e ca n b e 
characterize d i n term s o f  a  rea l  numbe r  rangin g fro m -° ° 
(infinitel y curve d i n on e direction )  t o 0  (straight )  t o ° ° 
(infinitel y curve d i n th e opposit e direction) .  Similarly ,  th e 
expansio n i n th e axi s betwee n tw o straigh t  line s ca n b e 
describe d b y a  rea l  numbe r  i n th e rang e -<»...«« ,  wher e 
negativ e value s indicat e tha t  th e axi s narrow s fro m en d A  t o 
end B ,  positiv e value s indicat e tha t  i t  expand s fro m en d A  t o 
end B ,  an d zer o indicate s tha t  th e i t  remain s a  constan t  widt h 
alon g it s lengt h (i.e. ,  th e line s ar e parallel) .  A  strictl y 
categorica l  representatio n o f  thes e value s migh t  represen t 
curvatur e =  0  a s "straight "  an d al l  curvature s  ̂  0  a s "curved" ; 
likewise ,  th e axe s migh t  b e represente d a s simpl y "parallel " 
(expansio n =  0 )  o r  "non-parallel "  (non-zer o expansion) . 
Such code s chang e rapidl y a t  a  singl e poin t  (th e transitio n 
poin t  betwee n adjacen t  values) ,  an d d o no t  chang e a t  al l  i n 
betwee n thos e values .  Thi s propert y i s responsibl e fo r  th e 
utilit y  o f  categorica l  code s fo r  clas s recognitio n an d fo r 
discountin g variation s i n viewpoin t  (see ,  e.g. ,  Biederman , 

1987) ,  bu t  i t  i s  a  liabilit y  a s a  basi s fo r  instance-leve l 
recognition :  T w o shape s tha t  ca n onl y b e distinguishe d by , 
say ,  th e degre e o f  curvatur e o n a  give n edg e wil l  b e identica l 
i n a  strictl y categorica l  code . 

MetriCa t  represent s numerica l  value s i n a n intermediat e 
fashion ,  i n tha t  i t  emphasize s difference s acros s categorica l 
boundarie s (e.g. ,  straigh t  vs .  curved. )  withou t  completel y 
discardin g difference s o n th e sam e sid e o f  a  categorica l 
boundar y (e.g. ,  differen t  degree s o f  curvature) .  Specifically , 
we represen t  numerica l  variable s a s a  logisti c functio n o f 
thei r  ra w numerica l  valu e (se e als o Hummel  &  Stankiewicz , 
1995) : 

^ = ^' (^) 

where C is the represented value, R is the raw numerical 
value ,  an d ffi s  a  constant .  Lik e a  categorica l  code ,  C(R )  ha s 
th e propert y tha t  i t  change s fastes t  acros s categorica l 
boundarie s i n R .  Fo r  example ,  i f  R  i s loca l  curvature ,  the n 
addin g a  smal l  degre e o f  curvature ,  sa y 1 ,  t o / ? =  0  ( a 
straigh t  line )  ha s a  greate r  impac t  o n th e valu e o f  C  tha n 
addin g th e sam e amoun t  o f  curvatur e t o R  =  1 0 ( a curve d 
line )  (C(0 )  -  C(l )  =  0. 5 0.73 1 =  -0.231 ,  wherea s C(10 )  -
C(ll )  =  0.9995 4 -  0.999 8 =  -0.00044) .  Thus ,  lik e a 
categorica l  variable ,  C  change s fastes t  whe n th e ra w value , 
R,  crosse s a  categorica l  boundary ;  bu t  unlik e a  purel y 
categorica l  variable ,  C  continue s t o chang e eve n withi n 
categorica l  boundarie s o f  R . 

We assum e tha t  object s ar e visuall y represente d i n term s 
of  th e MetriCa t  value s o f  eac h o f  severa l  numerica l 
quantitie s (suc h a s th e aspec t  rati o an d cross-sectio n 
curvatur e o f  eac h o f  thei r  parts ;  se e Biederman ,  1987) .  Th e 
valu e o f  eac h variable ,  C ,  i s code d a s a  vecto r  c' ,  wher e th e 
j  t h elemen t  o f  c *  i s a  unit,.c'y ,  wit h receptiv e fiel d i n C 
tha t  ha s a  specifi c  center ,  n'j ,  an d a  specifi c  width ,  w'j .  I n 
th e cunen t  model ,  th e width s an d center s wer e se t  t o rando m 
value s i n th e range s 0  <  w  <  0. 5 an d 0  <  / x <  1.0 , 
respectively . 

Figur e 1 :  Illustratio n o f  th e MetriCa t  representatio n o f  a 
specifi c  valu e o f  R .  C  i s a  logisti c functio n o f  R  an d unit s 
(righ t  side )  respon d t o specifi c  value s o f  C . 

The bottom-u p inpu t  t o uni t  c' j  a t  tim e t  is : 

/( =G(C'-/I. y . ) . (2 ) 
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wher e G  i s th e Gaussian ,  C  i s th e inpu t  rea l  valu e inpu t  o n 
dimensio n i ,  H j  i s  th e cente r  o f  receptiv e field  ; ,  an d w' j  i s 
th e widt h (standar d deviation )  o f  receptiv e field  ; .  Fo r  th e 
purpose s o f  th e simulation s reporte d here ,  w e assum e tha t 
ever y objec t  i s  represente d b y tw o MetriCa t  vectors ,  c '  an d 
c^ ,  wher e eac h vecto r  encode s th e MetriCa t  representatio n o f 
on e numerica l  variable .  Fo r  ou r  curren t  purposes ,  th e 
precis e meaning s o f  thes e vector s (e.g. ,  "c ^  code s 
curvature" ,  etc. )  i s  unimportant .  Rather ,  w e ar e intereste d i n 
th e propertie s o f  th e collectio n o f  vector s a s a  basi s fo r 
classifyin g arbitrar y object s whos e similarit y relation s ar e 
define d t o correspon d t o differen t  basic-leve l  classe s (i.e. , 
lo w similarity ,  o r  ver y differen t  vecto r  representations )  an d 
differen t  member s o f  thos e classe s (i.e. ,  hig h similarity ,  o r 
simila r  bu t  no n identica l  vecto r  representations) :  Wil l  th e 
model  trea t  differen t  member s o f  th e sam e "class "  a s simila r 
but  no t  identical ? 

Classification Based on MetriCat Values 

T o answe r  thi s question ,  i t  i s first  necessar y t o specif y a n 
appropriat e algorith m t o perfor m classificatio n o n th e basi s 
of  th e vector s generate d b y an y give n object .  Fo r  thi s 
purpose ,  th e mode l  use s Gaussia n radia l  basi s function s 
(e.g. ,  Poggi o &  Girosi ,  1990 ;  Poggi o &  Edelman ,  1990 )  i n 
th e 5 0 dimensional  spac e give n b y th e tw o MetriCa t  vector s 
(c ^  an d c^) ,  eac h wit h 2 5 units ,  c' j  ( j  =  1..25) .  Ever y 
objec t  i s  code d i n th e model' s m e m o r y a s a  collectio n 
classifie r  unit s wit h Gaussia n receptiv e fields  i n thi s 5 0 
dimensiona l  space .  Th e cente r  o f  a  give n unit' s  receptiv e 
fiel d correspond s t o th e preferred "  patter n fo r  th e 
correspondin g object .  Eac h object ,  k ,  i s  code d b y 3 
classifie r  unit s wit h th e sam e cente r  bu t  wit h differen t 
standar d deviations ,  a  ( a tak e value s o f  0.02 ,  0.0 1 an d 
0.0066) .  Smal l  a  allo w unit s t o tolerat e onl y smal l 
deviation s fro m thei r  preferre d patterns ;  suc h unit s thu s 
perfor m instance-leve l  classification .  Large r  a  permi t  large r 
deviation s fro m th e preferre d pattern ,  an d permi t  a  uni t  t o 
perfor m clas s recognitio n (respondin g t o multiple ,  simila r 
patterns) .  Th e inpu t  value ,  /̂ ,  o f  classifie r  uni t  k  i n 
respons e t o th e vecto r  representation ,  s ,  o f  a  give n stimulu s 
i s give n by : 

/ , = G ( P t - s ,CTp , (3 ) 

wher e G  i s th e Gaussian ,  an d p k i s Id s preferre d vector . 
Th e activatio n o f  a  give n classifie r  uni t  k  a t  tim e t 

change s as : 

A Af  = 0 . 9 \ - A /f-0.25Af . 
k k 

(4 ) 

A lgo r i t h m 

I n additio n t o it s bottom-u p inpu t  (Eq .  1) ,  eac h MetriCa t 
unit ,  c'y ,  als o receive s latera l  excitatio n fro m othe r  unit s i n 
c* .  Uni t  J  excite s uni t  i  t o th e exten t  tha t  it s cente r  lie s 
withi n i' s  receptiv e field.  Th e inpu t  from y t o i  is : 

LE..=A.G{\^.-H , ,yv.) . (5 ) 

wher e G  i s th e Gaussian ,  an d m an d // /  ar e th e center s o f 
receptiv e field s i  an d j  an d A i  i s  th e activatio n o f  unit; . 
Broa d units ,  whic h wil l  ten d t o hav e man y othe r  unit s i n 
thei r  receptiv e fields ,  wil l  ten d t o receiv e mor e latera l 
excitatio n tha n narro w units ,  whic h wil l  hav e fewe r  othe r 
unit s i n thei r  receptiv e fields.  A s a  result ,  MetriCa t  unit s 
wit h broa d receptiv e fields  ten d t o becom e activ e faste r  tha n 
unit s wit h narro w receptiv e fields:  Coars e informatio n abou t 
an object' s shap e become s availabl e earlie r  tha n informatio n 
abou t  it s fine  metri c details .  Th e utilit y  o f  thi s propert y i s 
tha t  th e coars e informatio n i s mor e robus t  t o nois e tha n i s 
fine  information .  Nois e ma y originat e i n bot h th e stimulu s 
and th e system .  Stimulus-induce d nois e ma y resul t  fro m 
change s i n viewpoin t  (i.e. ,  producin g sligh t  deviation s fro m 
th e expecte d value s o f  a n object' s metri c properties) ;  system -
induce d nois e m a y resul t  fro m rando m variation s i n th e 
magnitud e o f  neura l  impulse s (o r  myria d othe r  sources) .  A t 
th e MetriCa t  leve l  o f  representation ,  latera l  excitatio n make s 
coars e noise-toleran t  informatio n availabl e rapidly ;  a t  th e 
classifie r  level ,  th e initia l  absenc e o f  fine  metri c informatio n 
has a  greate r  advers e impac t  o n classifie r  unit s wit h narro w 
receptiv e fields  tha n i t  ha s o n unit s wit h wid e receptiv e 
fields.  A s a  result ,  clas s recognitio n precede s instanc e 
recognition .  Thi s propert y i s apparen t  i n th e simulatio n 
results . 

Simulations 

Simulation s wer e ru n wit h fou r  one-par t  objects ,  A l ,  A2 , 
B l ,  an d B2 .  Eac h objec t  wa s define d b y rea l  value s o n tw o 
dimensions ,  C ^  an d C^ .  Object s wer e create d i n pair s ( A 
and B )  suc h tha t  member s o f  th e sam e pai r  wer e mor e 
simila r  t o on e anothe r  tha n t o eithe r  member  o f  th e othe r 
pair .  Object  A l  ha d value s [0.25 ,  0.1 ]  (o n C ^  an d C^ , 
respectively) ,  A 2 ha d [0.25 ,  0.3] ,  B l  ha d [0.75 ,  0.1) ,  an d B 2 
had [0.75 ,  0.3] .  Not e tha t  member s o f  th e sam e pai r  hav e 
identica l  value s o n C I  and ,  an d eac h member  o f  on e pai r 
share s th e sam e valu e o f  C 2 wit h on e member  o f  th e othe r 
pair .  Bu t  overall ,  object s ar e mor e simila r  withi n tha n 
betwee n pairs .  Thi s arrangemen t  permitte d u s t o observ e 
thre e propertie s o f  th e model :  (1 )  Ca n i t  distinguis h highl y 
simila r  objects ? (2 )  Wil l  classifie r  unit s wit h broa d receptiv e 
fields  respon d t o bot h member s o f  a  class ? an d (3 )  Wha t  i s 
th e tim e cours e o f  th e model' s abilit y t o mak e within -  vs . 
between-clas s distinctions ? 

Simulation s wer e ru n i n tw o phases :  20(X )  (unsupervised ) 
learnin g iteration s followe d b y 100 0 tes t  iterations .  Object s 
wer e presente d t o th e mode l  b y mean s o f  oscillator y gate s 
(Hummel  &  Stankiewicz ,  1996 )  tha t  controlle d th e inpu t  t o 
th e MetriCa t  units .  Eac h gat e wa s associate d wit h on e 
objec t  (i.e. ,  part) ,  wit h th e resul t  tha t  (a )  th e propertie s o f 
on e objec t  "fired "  (wer e passe d t o MetriCat )  ou t  o f 
synchron y wit h th e propertie s o f  othe r  objects ,  an d (b )  ther e 
was rando m nois e i n input s t o th e MetriCa t  units ,  especiall y 
durin g transition s betwee n differen t  object s (se e Figur e 3 , 
lowe r  frame) .  Durin g learning ,  ne w classifie r  unit s wer e 
recruite d wheneve r  (i )  th e averag e M /  ove r  al l  o f  MetriCa t 
units ,  j ,  wa s les s tha n 0.03 ,  an d (ii )  th e Euclidea n distanc e 
betwee n th e curren t  MetriCa t  patter n o f  activatio n an d tha t 
of  al l  preferre d classifie r  pattern s wa s greate r  tha n 0.1 . 
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Figur e 2 :  M o d e l  response s (ove r  t ime )  o n a 
representativ e tes t  run .  Upper :  Activatio n o f  thre e 
classifie r  unit s (on e wide ,  on e m e d i u m ,  an d on e 
narrow) .  L o w e r :  Activatio n o f  th e correspondin g 
oscillator . 

Thre e differen t  classifie r  unit s wer e recruite d i n respons e t o 
eac h learne d MetriCa t  pattern .  T h e thre e unit s fo r  a  patter n 
hav e th e sam e p  (preferre d pattern )  bu t  differen t  a  (receptiv e 
field  width) .  Tes t  iteration s wer e ru n i n th e s a m e m a n n e r  a s 
th e trainin g iteration s excep t  tha t  n o learnin g too k place . 
Figure s 2  an d 3  s h o w activatio n a s a  functio n o f  tim e fo r 
thre e classifie r  unit s wit h th e s a m e preferre d patter n bu t 
differen t  a  (to p r o w )  an d th e correspondin g oscillato r 
activation s (botto m r o w ) .  T h e tempora l  orderin g o f 
classifie r  response s i s  apparen t  i n Figur e 2 .  Not e tha t  th e 
classifie r  wit h th e wides t  receptiv e field  reache s asymptot e 
first,  followe d b y th e m e d i u m uni t  an d finally  th e narro w 
units . 

T h e coars e classificatio n behavio r  o f  th e w id e unit s i s 
apparen t  i n Figur e 3 .  T h e wid e classifie r  s h o w n i n th e 
figure  w a s recruite d t o respon d primaril y t o A 2 .  Not e tha t 
thi s classifie r  respond s mos t  strongl y t o A 2 bu t  als o 
respond s t o A l .  Althoug h i t  doe s no t  appea r  i n th e figure, 
th e wid e uni t  recruite d fo r  A I  s h o w e d th e complementar y 
respons e pattern .  Neithe r  uni t  responde d t o B l  o r  B 2 .  T h e 
m e d i u m an d narro w unit s responde d ver y littl e t o non -
preferre d input s (e.g. ,  th e narro w unit s fo r  A l  di d no t 
respon d a t  al l  t o A 2 ) .  A s apparen t  i n Figure s 2  an d 3 ,  th e 
model  classifie s it s input s a t  a  coarses t  leve l  first  an d late r  a t 
finer  level :  Thos e unit s tha t  b e c o m e activ e rapidl y (Figur e 2 ) 
ar e th e sam e a s thos e tha t  respon d t o pattern s tha t  deviat e 
fro m thei r  preferre d pattern s (Figur e 3) . 
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Figur e 3 :  M o d e l  response s (ove r  t ime )  o n a 
representativ e tes t  run .  Upper :  Activatio n o f  thre e 
classifie r  unit s tha t  respon d preferentiall y t o A 2 . 
Lower :  Activatio n o f  th e A l  an d A 2 oscillators . 

D i s c u s s i o n 

The MetriCa t  mode l  represent s numerica l  value s a t  multipl e 
level s o f  specificit y an d combine s th e propertie s o f  bot h 
categorica l  an d metri c representation s o f  numerica l  variables . 
Couple d wit h a n appropriat e classifyin g routin e (e.g. , 
Gaussia n basi s functions) ,  thi s approac h t o th e 
representatio n o f  numerica l  value s ha s a  numbe r  o f  desirabl e 
propertie s a s a  basi s fo r  multi-leve l  classification .  T h e 
preliminar y simulation s reporte d her e ar e consisten t  wit h 
thi s claim .  First ,  informatio n abou t  th e genera l  propertie s 
of  a  stimulu s ar e m a d e availabl e faste r  tha n specifi c 
information .  Th e utilit y  o f  thi s propert y i s tha t  coars e 
information ,  whic h become s availabl e first ,  i s  als o mor e 
robus t  t o nois e (e.g. ,  resultin g fro m change s i n viewpoint ; 
Biederman ,  1987 )  tha n i s metricall y precis e information . 
Thi s propert y permit s rapi d recognitio n tha t  i s robus t  t o 
nois e i n th e inpu t  (e.g. ,  a s a  resul t  o f  variation s i n 
viewpoint )  an d nois e i n th e syste m (e.g. ,  a s a  resul t  o f  th e 
oscillators) .  Th e rapi d availabilit y  o f  coars e informatio n 
als o suggest s a n accoun t  o f  ou r  abilit y  t o categoriz e a n 
objec t  a t  th e basic-leve l  (e.g. ,  "car" )  faste r  tha n w e ca n 
classif y i t  a t  th e subordinate-leve l  (e.g. ,  " M u s t a n g " ) . 

A secon d importan t  propert y o f  thi s architectur e i s it s 
abilit y t o captur e th e hierarchica l  similarit y relation s a m o n g 
differen t  stimuli .  I n s o m e w a y s thi s capacit y i s  propert y o f 
an y vecto r  codin g o f  a  populatio n o f  stimuli .  H o w e v e r ,  th e 
architectur e her e take s thi s capacit y o n e ste p furthe r  an d (b y 
th e activit y o f  th e classifie r  a t  differen t  scales )  explicitl y  tag s 
th e leve l  a t  w h i c h t o stimul i  ar e simila r  o r  different .  I t  i s i n 
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thi s respec t  tha t  th e mode l  perform s multi-leve l 
classification .  A s visibl e i n Figur e 3 ,  th e broa d classifie r 
responsiv e t o A 2 respond s t o bot h A l  an d A 2 ,  bu t  mor e 
strongl y t o A 2 .  Suc h broa d unit s ma y b e usefu l  fo r  genera l 
(e.g. ,  basi c level )  classification .  However ,  th e mediu m an d 
narro w classifier s responsiv e t o A 2 respon d onl y t o A 2 . 
Such unit s m a y b e usefu l  fo r  subordinate -  an d instance-leve l 
classification . 

I n answe r  t o th e question s pose d above :  (1 )  Th e mode l  ca n 
distinguis h highl y simila r  object s o n th e basi s o f  th e 
classifie r  unit s wit h narro w receptiv e fields  (A l  fro m A 2 an d 
Bl  fro m B 2 ;  se e Figur e 3) .  (2 )  Classifie r  unit s wit h broa d 
receptiv e field s respon d t o bot h member s o f  a  class .  An d (3 ) 
as illustrate d i n Figur e 2 ,  th e mode l  categorize s object s a t  a 
genera l  leve l  (vi a unit s wit h wid e receptiv e fields )  befor e i t 
classifie s the m a t  th e subordinat e o r  instanc e leve l  (unit s 
wit h med iu m an d narro w receptiv e fields).  Usin g a  unifie d 
representatio n o f  numerica l  variable s a t  differen t  level s o f 
specificit y (e.g. ,  "categorical "  an d "metric") ,  th e mode l 
suggest s a n accoun t  o f  wh y basic-leve l  classificatio n i s 
faste r  tha n subordinate -  o r  instance-leve l  classificatio n 
(Rosc h et .  al. ,  1976) . 

The model' s accoun t  o f  thi s finding  relate s t o th e rol e o f 
nois e i n th e stimulu s an d i n th e classifyin g system .  Coars e 
MetriCa t  unit s ar e bot h faste r  t o respon d an d mor e robus t  t o 
deviation s fro m thei r  preferre d input s (e.g. ,  a s resultin g fro m 
noise )  tha n ar e fin e units .  A s a  result ,  coars e (roughl y 
categorical )  informatio n become s availabl e earlie r  tha n fine 
(mor e metric )  information .  Th e classifie r  unit s exploi t  thi s 
difference :  Becaus e broa d classifier s ar e mor e robus t  t o 
deviation s fro m thei r  preferre d pattern s tha n narro w 
classifiers ,  the y ar e les s sensitiv e t o th e initia l  absenc e o f 
activit y i n th e fin e MetriCa t  units .  Broa d classifier s 
therefor e respon d earlie r  i n processin g tha n narro w 
classifiers .  A s processin g proceeds ,  th e fine  MetriCa t  unit s 
begi n t o respond ,  s o th e resultin g patter n bette r  fits  an y 
narro w classifie r  unit s tha t  ar e tune d t o respon d t o it .  Nois e 
i s inevitabl e unde r  realisti c assumption s abou t  th e worl d an d 
neura l  informatio n processing .  Th e curren t  approac h 
provide s a  basi s fo r  rapi d genera l  classificatio n an d 
subsequen t  detaile d classificatio n eve n i n th e presenc e o f 
suc h noise . 

Th e mode l  als o suggest s a n accoun t  o f  th e rol e o f 
attentio n i n subordinate-leve l  classification .  Mor e tim e i s 
require d t o activat e fine  MetriCa t  unit s tha n coars e MetriCa t 
units .  Attentio n m a y serv e i n par t  t o devot e th e necessar y 
processin g tim e t o diagnosti c element s o f  a n object' s shape . 
Thu s rathe r  tha n generatin g a  holisti c representatio n o f  a n 
objec t  fo r  th e purpose s o f  subordinate-leve l  classification , 
th e curren t  mode l  suggest s tha t  attentio n ma y instea d direc t 
processin g t o diagnosti c elements .  Althoug h thi s ide a i s 
intuitive ,  th e curren t  mode l  provide s th e firs t  computationa l 
accoun t  o f  th e representation s tha t  ma y serv e a s th e basi s fo r 
thi s selectiv e processing ,  an d th e classificatio n routine s tha t 
m ay exploi t  it . 

Th e simplifie d simulation s reporte d her e wer e ru n wit h 
MetriCa t  a s a  stand-alon e system .  However ,  th e utilit y  o f 
th e MetriCa t  approac h lie s i n it s propertie s a s a  componen t 
of  a  mor e genera l  objec t  recognitio n system .  I n particular , 
MetriCa t  ca n easil y b e incorporate d a s a  componen t  o f  a 

more complet e mode l  o f  objec t  recognition .  Th e proble m o f 
objec t  recognitio n ca n b e broke n dow n int o tw o questions : 
What  genera l  propertie s doe s th e visua l  syste m mak e 
explici t  a n object' s image ? an d H o w doe s i t  represen t  thos e 
propertie s an d matc h the m t o memor y fo r  th e purpose s o f 
recognition ? Th e MetriCa t  mode l  i s addresse d t o th e secon d 
question .  MetriCa t  differ s fro m othe r  genera l  classificatio n 
system s (suc h a s Poggio' s G R B F s )  i n tha t  i t  i s addresse d no t 
onl y t o th e proble m o f  ho w t o classif y a  stimulu s give n a 
particula r  numerica l  inpu t  ( a tas k fo r  whic h G R B Fs ar e 
extremel y wel l  suited )  bu t  als o t o th e questio n o f  ho w t o 
represen t  tha t  numerica l  input . 
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