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A b s t r a c t 

Despite the fact that complex visual scenes con-
tai n multiple ,  overlappin g objects ,  peopl e perfor m 
objec t  recognitio n wit h eas e an d accuracy .  Psy -
chologica l  an d neuropsychologica l  dat a argu e fo r 
a segmentatio n proces s tha t  assist s i n objec t  recog -
nitio n b y groupin g low-leve l  visua l  feature s base d 
on whic h objec t  the y belon g to .  W e revie w sev -
era l  approache s t o segmentation/recognitio n an d 
argu e fo r  a  bottom-u p segmentatio n proces s tha t 
i s  base d o n featur e groupin g heuristics .  Th e chal -
leng e o f  thi s approac h i s t o determin e appropriat e 
groupin g heuristics .  Previously ,  researcher s hav e 
hypothesize d groupin g heuristic s an d the n teste d 
thei r  psychologica l  validit y o r  computationa l  util -
ity .  W e sugges t  a  basi c principl e underlyin g thes e 
heuristics :  the y ar e a  reflectio n o f  th e structur e 
of  th e environment .  W e hav e therefor e take n a n 
adaptiv e approac h t o th e proble m o f  segmenta -
tio n i n whic h a  system ,  caUe d magic ,  learn s ho w 
t o grou p feature s base d o n a  se t  o f  presegmente d 
examples .  Wherea s traditiona l  groupin g princi -
ple s indicat e th e condition s unde r  whic h feature s 
shoul d b e boun d togethe r  £i s par t  o f  th e sam e ob -
ject ,  th e groupin g principle s learne d b y magi c als o 
indicat e whe n feature s shoul d b e segregate d int o 
differen t  objects .  W e describ e psychologica l  stud -
ie s aime d a t  determinin g whethe r  limitation s o f 
MAGIC correspon d t o limitation s o f  h u m a n visua l 
informatio n processing . 

Recognizing an object in a visufd scene involves 
matchin g a  collectio n o f  visua l  feature s i n th e scen e 
tha t  correspon d t o th e objec t  agains t  store d objec t 
models .  I n scene s tha t  contai n multipl e objects ,  th e 
matchin g proces s alon e i s  insufHcien t  fo r  recognitio n 
becaus e i t  presume s tha t  th e feature s ar e partitione d 
by object .  Consequently ,  a  complet e mode l  o f  scen e 
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recognitio n require s th e abilit y t o grou p feature s o f  a n 
objec t  together ,  o r  equivalently ,  t o segmen t  th e scen e 
int o region s correspondin g t o differen t  objects .  Psy -
chophysica l  an d neuropsychologica l  evidenc e suggest s 
tha t  th e h u m a n visua l  syste m possesse s suc h a n abil -
it y  (Duncan ,  1984 ;  Farah ,  1990 ;  K a h n e m a n &  Henik , 
1981 ;  Treisman ,  1982) . 

Model s o f  scen e recognitio n ca n b e divide d rough -
l y int o thre e classe s (Figur e 1) .  Interactiv e model s 
ar e base d o n th e observatio n tha t  th e scen e canno t  b e 
properl y segmente d unti l  objec t  identitie s ar e known , 
ye t  object s canno t  b e properl y identifie d unti l  the y ar e 
segmented .  Consequently ,  segmentatio n an d matchin g 
for m a n iterativ e cycl e i n whic h th e matchin g syste m 
ca n propos e refinement s o f  th e initia l  segmentation , 
whic h i n tur n refine s th e outpu t  o f  th e matchin g sys -
tem ,  an d s o fort h (Hinton ,  1981 ;  Hinton ,  Williams ,  & 
Revow,  1992 ;  Hanso n &  Riseman ,  1978 ;  Waltz ,  1975) . 
T h e proble m wit h thi s approac h i s tha t  i t  involve s a  si -
multaneou s searc h fo r  a  goo d segmentatio n an d a  goo d 
interpretatio n o f  th e data .  W e ar e skeptica l  abou t  th e 
computationa l  feasibilit y  o f  suc h massiv e combinatori -
al  searches ;  the y ar e slo w an d ofte n lea d t o loca l  optim a 
i n th e searc h spac e (e.g. ,  Hinto n &  Lang ,  1985) . 

Bottom-u p model s ar e base d o n th e premis e tha t 
matchin g processe s ca n b e devise d tha t  d o no t  requir e a 
precis e segmentatio n (e.g. ,  Mozer ,  1992) .  Consequent -
ly ,  segmentatio n ca n b e viewe d a s a n earl y heuristi c 
proces s tha t  depend s solel y o n low-leve l  features .  T h e 
result s o f  segmentatio n ar e fe d t o th e matchin g sys -
tem ,  bu t  th e matchin g syste m doe s no t  directl y influ -
enc e segmentation .  Althoug h th e heuristic s use d t o 
grou p feature s wil l  no t  b e infeillible ,  th e hop e i s tha t 
the y wil l  suffic e fo r  mos t  recognitio n task s (Enn s & 
Rensink ,  1992) .  I n case s wher e recognitio n fail s th e 
first  tim e around ,  th e segmentatio n ca n b e adjuste d 
an d th e proces s restarted .  Althoug h thi s restartin g 
procedur e i s iterative ,  iteratio n i s th e exception ,  i n con -
trjis t  t o th e interactiv e mode l  whic h intrinsicall y relie s 
on a n iterativ e constraint-satisfactio n proces s t o per -
for m segmentatio n an d matchin g jointly .  T h e difficult y 
wit h th e bottom-u p approac h i s tha t  a n adequat e se t 
of  groupin g heuristic s b  required .  W e retur n t o thi s 
issu e later . 
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Interactiv e an d bottom-u p model s attemp t  t o 
achiev e object-base d segmentatio n o f  th e scene .  Tha t 
is ,  feature s o f  a n objec t  ar e collecte d togethe r  eve n 
i f  th e feature s ar e noncontiguou s i n spac e an d over -
la p wit h feature s o f  othe r  objects .  A n alternativ e 
approach ,  location-base d segmentation ,  simpl y deter -
mine s a  coheren t  regio n o f  spac e tha t  i s sufficientl y 
larg e t o b e assure d o f  containin g al l  feature s o f  a  singl e 
object ,  eve n i f  th e feature s o f  othe r  object s ar e presen t 
i n tha t  region .  Th e hop e i s the n t o devis e a  matchin g 
proces s tha t  ca n ignor e irrelevan t  contex t  surroundin g 
th e objec t  o f  interest .  I t  woul d see m quit e difficul t 
t o achiev e thi s robus t  a  matchin g process .  Recently , 
however ,  Rumelhar t  (1992 ;  Keele r  &  Rumelhart ,  1992 ) 
hav e propose d suc h a  syste m usin g neura l  ne t  learnin g 
techniques .  T h e clai m i s tha t  learnin g wil l  fin d cue s 
reliabl y indicatin g th e presenc e o f  a n objec t  regard -
les s o f  th e contex t  i n whic h i t  i s  embedded .  Eve n i f 
suc h cue s exis t  fo r  real-worl d scenes—an d o f  thi s w e 
ar e skepticid—thi s clas s o f  mode l  i s inconsisten t  wit h 
th e previousl y mentione d dat a indicatin g tha t  peopl e 
perfor m object-base d groupin g o f  featura l  information . 

Not e tha t  th e interactiv e an d bottom-u p model s d o 
not  den y th e possibilit y  o f  location-base d selection .  In -
deed ,  prio r  t o th e operatio n o f  thes e models ,  a  spatia l 
focu s o f  attentio n m a y wel l  b e applie d t o selec t  th e 
genera l  regio n o f  interest .  Suc h a  preselectio n stag e 
woul d simplif y th e object-base d segmentatio n task . 

Our  convictio n i s tha t  th e interactiv e an d location -
base d model s hav e seriou s complication s bot h i n term s 
of  computationa l  feasibilit y  an d psychologica l  validity . 
We hav e thu s turne d t o th e bottom-u p mode l  an d at -
tempte d t o overcom e it s limitations .  Th e primar y con -
cer n i s whether ,  base d o n informatio n fro m th e scen e 
alone ,  a  se t  o f  groupin g heuristic s exis t  tha t  ca n deter -
min e whic h feature s belon g together . 

Gestal t  psychologist s hav e suggeste d a  variet y o f 
groupin g principle s tha t  gover n h u m a n perception .  I n 
explorin g h o w peopl e grou p element s o f  a  display ,  ev -
idenc e ha s bee n foun d fo r  groupin g o f  element s tha t 
ar e clos e togethe r  i n spac e o r  time ,  tha t  appea r  sim -
ilar ,  tha t  mov e together ,  o r  tha t  for m a  close d figure 
(Roc k &  Palmer ,  1990) .  Ther e i s a  lon g histor y o f 
attempt s b y th e compute r  visio n communit y t o tur n 
thes e principle s int o groupin g heuristics ,  wit h a  fai r 
degre e o f  succes s (e.g. ,  Low e &  Binford ,  1982) .  Th e 
degre e o f  succes s depend s o n th e ingenuit y o f  th e re -
searcher s i n proposin g a n adequat e se t  o f  heuristics . 
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Figur e 1 :  Thre e classe s o f  objec t  recognitio n model s 

We believ e ther e i t  a  mor e basi c principl e tha t  under -
lie s thes e heuristic s an d tha t  ca n b e use d t o sugges t 
bette r  heuristics .  Namely ,  thes e groupin g heuristic s 
ar e a  reflectio n o f  th e structur e o f  th e environment . 
Preliminar y evidenc e fro m neurobiolog y suggest s tha t 
experienc e ca n indee d aifec t  th e strengt h o f  synapti c 
connection s tha t  m a y pla y a  rol e i n perceptua l  group -
in g (Lowe l  &  Singer ,  1992) . 

We hav e therefor e take n a n adaptiv e approac h t o 
th e proble m o f  segmentatio n i n whic h a  syste m learn s 
ho w t o grou p feature s base d o n a  se t  o f  examples .  W e 
ca U ou r  syste m MAOIC ,  a n acrony m fo r  multiple-objec t 
adaptiv e groupin g o f  imag e components .  I n man y case s 
MAGIC discover s groupin g heuristic s simila r  t o thos e 
propose d i n earlie r  work ,  bu t  i t  als o ha s th e capabilit y 
of  finding  nonintuitiv e structura l  regularitie s i n scenes . 
H u m m el  an d Biederma n (1992 )  hav e ab o discusse d th e 
possibilit y  o f  discoverin g groupin g heuristic s base d o n 
environmenta l  regularities . 

MAGIC i s traine d o n a  se t  o f  presegmente d scene s 
containin g multipl e objects .  B y "presegmented" ,  w e 
mean tha t  eac h featur e i s labele d a s t o whic h objec t 
i t  belongs ,  mag i c learn s t o detec t  configuration s o f 
th e scen e feature s tha t  hav e a  consisten t  labelin g i n 
relatio n t o on e anothe r  acros s th e trainin g examples . 
Identifyin g thes e configuration s the n allow s magi c t o 
labe l  feature s i n novel ,  unsegmente d scene s i n a  manne r 
consisten t  wit h th e trainin g examples . 

Thi s trainin g procedur e i s a  for m o f  supervise d learn -
ing .  O f  course ,  th e rea l  world  doe s no t  directl y pro -
vide s suc h example s t o a  learner .  However ,  ther e i s 
a wealt h o f  informatio n i n th e environmen t  tha t  ca n 
suppl y th e supervision .  Perhap s th e mos t  importan t 
piec e o f  informatio n i s motion .  A  rigi d objec t  movin g 
i n th e plan e perpendicula r  t o th e lin e o f  sigh t  wil l  hav e 
th e propert y tha t  al l  o f  it s feature s trave l  acros s th e 
visua l  field  wit h th e sam e velocit y vector .  Thus ,  b y 
designin g th e learnin g syste m t o trea t  velocit y infor -
matio n a s a  trainin g signal ,  th e syste m ca n discove r 
groupin g principle s tha t  wil l  als o appl y t o stationar y 
objects .  Evidenc e fro m developmenta l  psycholog y in -
dee d suggest s tha t  th e representatio n o f  objec t  unit y 
i s initiall y  derive d fro m motio n (Spelke ,  1990) . 

The Domain 

Our initial work has been conducted in the domain 
of  two-dimensiona l  geometri c contours .  Th e contour s 
ar e constructe d fro m fou r  primitiv e featur e types — 
oriente d lin e segment s a t  0° ,  45° ,  90° ,  an d 135°—an d 
ar e lai d ou t  o n a  2 5 x  2 5 grid .  A t  eac h locatio n o n 
th e gri d ar e units ,  ctdle d featur e units ,  tha t  represen t 
eac h o f  th e fou r  primitiv e featur e types .  I n ou r  presen t 
experiments ,  scene s contai n tw o contours .  W e exclud e 
scene s i n whic h th e tw o contour s shar e a  c o m m o n edge . 
Thi s permit s a  uniqu e labelin g o f  eac h feature .  Exam -
ple s o f  severa l  randoml y generate d scene s containin g 
rectangle s an d diamond s ar e show n i n Figur e 2 .  Al -
thoug h th e scene s w e hav e teste d ar e compose d onl y o f 
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Figur e 2 :  Example s o f  randoml y generate d two-dimensiona l  geometri c contour s 

shap e features ,  MAGI C coul d b e directl y use d t o lear n 
groupin g principle s base d o n color ,  texture ,  etc . 

Representing Feature Labelings 

Befor e describin g magic ,  w e mus t  first  discus s a  repre -
sentatio n tha t  allow s fo r  th e labelin g o f  features .  Vo n 
der  Malsbur g (1981 ;  vo n de r  Malsbur g &  Schneider , 
1986) ,  Gra y e t  al .  (1989) ,  Eckhor n e t  al .  (1988) , 
and Stron g an d Whitehea d (1989) ,  amon g others ,  hav e 
suggeste d a  biologicall y plausibl e mechanis m o f  label -
in g throug h tempora l  correlation s amon g neura l  sig -
nals ,  eithe r  th e relativ e timin g o f  neurona l  spike s o r 
th e synchronizatio n o f  oscillator y activitie s i n th e ner -
vou s system .  Th e ke y ide a her e i s tha t  eac h process -
in g uni t  convey s no t  jus t  a n activatio n value—averag e 
firing  frequenc y i n neurei l  terms—bu t  als o a  second , 
independen t  valu e whic h represent s th e relativ e phas e 
of  firing.  Th e dynami c groupin g o r  bindin g o f  a  se t  o f 
feature s i s accomplishe d b y alignin g th e phase s o f  th e 
features . 

I n MAGIC ,  th e activit y o f  a  featur e uni t  i s  a  com -
ple x valu e wit h amplitud e an d phas e components .  Th e 
phas e represent s a  labelin g o f  th e feature ,  an d th e am -
plitud e represent s th e confidenc e i n tha t  labeling .  Th e 
amplitud e range s fro m 0  t o 1 ,  wit h 0  indicatin g a  com -
plet e lac k o f  confidenc e an d 1  indicatin g absolut e cer -
tainty .  Ther e i s n o explici t  representatio n o f  whethe r  a 
featur e i s presen t  o r  absen t  i n a  scene .  Rather ,  absen t 
feature s ar e clampe d off—thei r  amplitude s ar e force d 
t o remai n a t  0—whic h eliminate s thei r  abilit y  t o influ -
ence othe r  units ,  a s wil l  becom e clea r  whe n th e activa -
tio n dynamic s ar e presente d later . 

The Architecture 

W h en a  scen e i s presente d t o magic ,  unit s represent -
in g feature s absen t  i n th e scen e ar e clampe d of f  an d 
unit s representin g presen t  feature s ar e se t  t o a  smal l 
amplitud e an d rando m initia l  phases ,  magic' s tas k i s 
t o assig n appropriat e phas e value s t o th e units .  Thus , 
th e networ k perform s a  typ e o f  patter n completion . 

The networ k architectur e consist s o f  tw o layer s o f 
units ,  a s show n i n Figur e 3 .  Th e lowe r  (input )  laye r 

contain s th e featur e units ,  arrange d i n spatiotopi c ar -
ray s wit h on e arra y pe r  featur e type .  Th e uppe r  laye r 
contain s hidde n unit s tha t  hel p t o alig n th e phase s o f 
th e featur e units ;  thei r  respons e propertie s ar e deter -
mine d b y training .  Ther e ar e interlaye r  connections , 
but  n o intralaye r  connections .  Eac h hidde n uni t  i s  re -
ciprocall y connecte d t o th e unit s i n a  loca l  spatia l  re -
gio n o f  al l  featur e arrays .  W e refe r  t o thi s regio n a s a 
patch ;  i n ou r  curren t  simulations ,  th e patc h ha s dimen -
sion s 4 x 4 .  Fo r  eac h patch  ther e i s a  correspondin g 
fixed-siz e poo l  o f  hidde n units .  T o achiev e uniformit y 
of  respons e acros s th e scene ,  th e pool s ar e arrange d i n 
a spatiotopi c arra y i n whic h neighborin g pool s respon d 
t o neighborin g patche s an d th e patch-to-poo l  weight s 
ar e constraine d t o b e th e sam e a t  al l  location s i n th e 
array . 

Th e featur e unit s activat e th e hidde n units ,  whic h 
i n tur n fee d bac k t o th e featur e units .  Throug h a  re -
laxatio n process ,  th e syste m settle s o n a n assignmen t 
of  phase s t o th e features .  O n e migh t  conside r  a n alter -
nativ e architectur e i n whic h featur e unit s wer e direct -
l y connecte d t o on e anothe r  ( H u m m e l  &  Biederman , 
1992) .  However ,  thi s architectur e i s i n principl e no t 
as powerfu l  a s th e on e w e propos e becaus e i t  doe s no t 
allo w fo r  higher-orde r  contingencie s amon g features . 

Once MAGI C reache s equilibrium ,  groupe d feature s 
ca n b e passe d o n t o a n objec t  matchin g syste m (Fig -
ur e 1 ,  middl e panel) .  Essentially ,  thi s involve s consid -
erin g al l  phase s i n a  particula r  rang e a s belongin g t o 
a singl e object .  A  filter  situate d betwee n th e segmen -
tatio n syste m an d th e matchin g syste m permit s onl y 
feature s havin g phase s i n thi s rang e t o pas s through . 
Th e determinatio n o f  ho w m a n y object s ar e presen t 
an d thei r  rang e o f  phase s ca n easil y b e m a d e usin g 
Hough transform s (Ballard ,  1981) . 

Network Dynamics 

We summariz e her e th e activatio n dynamic s an d learn -
in g algorithm .  Furthe r  justificatio n an d intuition s un -
derlyin g eac h ar e presente d i n Mozer ,  Zemel ,  Behr -
mann,  &  William s (1992) . 

Th e respons e o f  eac h featur e uni t  t ,  Z{ ,  i s  a  comple x 
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Figur e 3 :  Th e architectur e o f  MAGIC .  Th e lowe r  (input )  laye r  contain s th e featur e units ;  th e uppe r  laye r  contain s 
th e hidde n units .  Eac h laye r  i s arrange d i n a  spatiotopi c arra y wit h a  numbe r  o f  differen t  featur e type s a t  eac h 
positio n i n th e array .  Eac h plan e i n th e featur e laye r  correspond s t o a  differen t  featur e type .  Th e graye d hidde n 
unit s ar e reciprocall y connecte d t o al l  feature s i n th e correspondin g graye d regio n o f  th e featur e layer .  Th e line s 
betwee n layer s represen t  projection s i n bot h directions . 

valu e i n pola r  form ,  {a^^Vi) ^  wher e Oi  i s th e amplitud e 
an d P i  i s  th e phase .  Similarly ,  th e respons e o f  eac h 
hidde n uni t  j ,  y,- ,  ha s component s (i>,-,9j) .  Th e weigh t 
connectin g uni t  i  t o uni t  j ,  tOjj ,  i s  als o comple x valued , 

havin g component s (pji.̂ jt) -  Th e activatio n rul e w e 
propos e i s a  generalizatio n o f  th e do t  produc t  t o th e 
comple x domain .  Fo r  a  particula r  tim e ste p t , 

ne<,(< + 1) = x(0 . w,- = YsMi)w]i 

where netj is the net input to hidden unit j and the 
asteris k denote s th e comple x conjugate .  Th e ne t  inpu t 
i s passe d throug h a  squashin g nonlinearit y tha t  map s 
th e amplitud e o f  th e respons e fro m th e rang e 0  —» o o 
t o 0  —•  1  bu t  leave s th e phas e unaffected .  Th e flow  o f 
activatio n from  th e hidde n laye r  t o th e featur e laye r 
follow s th e sam e dynamic s a s th e flow  fro m th e fea -
tur e laye r  t o th e hidde n layer .  Not e tha t  update s ar e 
sequentia l  b y layer :  th e featur e unit s activat e th e hid -
den units ,  whic h the n activat e th e featur e units . 

I n MAGIC ,  th e weigh t  matri x i s  Hermitian ,  i.e. ,  Wj i  = 
Wfj .  Thi s for m o f  weigh t  symmetr y ensure s tha t  M A G-

I C wil l  converg e t o a  fixed  poin t  (Zemel ,  Williams ,  & 
Mozer ,  1992) . 

Learning Algorithm 

Durin g training ,  w e woul d lik e th e hidde n unit s t o lear n 
t o detec t  configuration s o f  feature s tha t  reliabl y indi -
cat e phas e relationship s amon g th e features .  Fo r  in -
stance ,  i f  th e contour s i n th e scen e contai n extend -
ed horizonta l  lines ,  on e hidde n uni t  migh t  lear n t o 
respon d t o a  collinea r  arrangemen t  o f  horizonta l  seg -

ments .  Becaus e th e unit' s  respons e depend s o n th e 

phas e patter n a s wel l  a s th e activit y pattern ,  i t  wil l 
be stronges t  i f  th e segment s al l  hav e th e sam e phas e 
value . 

Th e algorith m w e hav e use d i s a  generalizatio n o f 
bac k propagation .  I t  involve s runnin g th e networ k fo r 
a fixed  numbe r  o f  iteration s and ,  fo r  eac h iteration , 
usin g bac k propagatio n t o adjus t  th e weight s s o tha t 
th e featur e phas e patter n bette r  matche s a  targe t  phas e 
pattern .  Eac h trmnin g tria l  proceed s a s follows : 

1.  A  trainin g exampl e i s generate d a t  random .  Thi s in -
volve s selectin g tw o contour s an d instantiatin g the m 
i n a  scene .  Th e feature s o f  on e contou r  hav e targe t 
phas e 0 "  an d th e feature s o f  th e othe r  contou r  hav e 
targe t  phas e 180° . 

2.  Th e trainin g exampl e i s presente d t o MAGI C b y set -
tin g th e initia l  amplitud e o f  a  featur e uni t  t o 0. 1 i f  it s 
correspondin g scen e featur e i s  present ,  o r  clampin g 
i t  a t  0. 0 otherwise .  Th e phase s o f  th e featur e unit s 
ar e se t  t o rando m value s i n th e rang e 0 °  t o 360° . 

3.  Activit y i s aUowe d t o flow  fro m th e featur e unit s t o 
th e hidde n unit s an d bac k t o th e featur e units . 

4.  Th e ne w phas e patter n ove r  th e featur e unit s i s  com -
pare d t o th e targe t  phas e patter n (se e ste p 1) ,  an d 
a measur e o f  erro r  i s  computed .  Thi s measur e at -
tempt s t o minimiz e th e differenc e betwee n th e targe t 
an d actua l  phases ,  an d t o maximiz e th e confidenc e 
i n th e response .  Th e erro r  measur e factor s ou t  an y 
constan t  differenc e betwee n th e targe t  an d actua l 
phases .  Se e Moze r  e t  al .  (1992 )  fo r  details . 

5.  Usin g a  generalizatio n o f  bac k propagatio n t o com -

ple x value d units ,  erro r  gradient s ar e compute d fo r 
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Figur e 4 :  A n e x a m p l e o f  m a g i c segment in g a  scene .  T h e "iteration "  refer s t o th e n u m b e r  o f  t ime s activit y ha s 
flowed  f ro m th e featur e unit s t o th e hidde n unit s a n d back .  T h e phas e valu e o f  a  featur e i s  represente d b y a 
gra y level .  T h e cycli c phas e c o n t i n u u m ca n onl y b e approx ima te d b y a  linea r  gra y leve l  c o n t i n u u m ,  bu t  th e basi c 
informatio n i s conveye d nonetheless . 

th e feature-to-hidde n a n d hidden-to-featur e weights . 

6.  Step s 3- 5 ar e repeate d fo r  a  m a x i m u m o f  3 0 itera -
tions .  T h e tria l  i s  terminate d i f  th e erro r  increase s 
o n five  consecutiv e iterations . 

7.  Weight s ar e upda te d b y a n a m o u n t  proportiona l  t o 
th e averag e erro r  gradien t  ove r  iterations .  W e i g h t 
constraint s ar e enforce d t o ensur e tha t  Wj i  =  w* -  a n d 
tha t  h idde n unit s o f  th e s a m e " type "  respondin g t o 
diff'eren t  region s o f  th e scen e hav e th e s a m e weights . 

Simulation Results 

We traine d a  networ k wit h 2 0 hidde n unit s pe r  poo l 
on example s lik e thos e show n i n Figur e 2 .  Eac h hid -
den uni t  attempt s t o detec t  an d reinstantiat e activit y 
pattern s tha t  matc h it s weights .  O n e clea r  an d preva -
len t  patter n i n th e weight s i s a  collinea r  arrangemen t 
of  segment s o f  a  give n orientation ,  al l  havin g th e sam e 
phas e value .  W h e n a  hidde n uni t  havin g weight s o f 
thi s for m respond s t o a  patc h o f  th e featur e array ,  i t 
trie s t o alig n th e phase s o f  th e patc h wit h th e phas -
es o f  it s weigh t  vector .  B y synchronizin g th e phase s 
of  features ,  i t  act s t o grou p th e features .  Thus ,  on e 
can interpre t  th e weigh t  vector s a s th e rule s b y whic h 
feature s ar e grouped . 

Wherea s traditiona l  groupin g principle s indicat e th e 
condition s unde r  whic h feature s shoul d b e boun d to -
gethe r  a s par t  o f  th e sam e object ,  th e groupin g prin -

ciple s learne d b y magi c als o indicat e whe n feature s 

shoul d b e segregate d int o differen t  objects .  Fo r  exam -
ple ,  th e weight s o f  th e vertica l  an d horizonta l  segment s 
ar e generall y 180 °  ou t  o f  phas e wit h th e diagona l  seg -
ments .  Thi s allow s mag i c t o segregat e th e verticii l 
an d horizonta l  feature s o f  a  rectangl e fro m th e diag -
ona l  feature s o f  a  diamon d (se e Figur e 2 ,  lef t  panel) . 
We ha d anticipate d tha t  th e weight s t o eac h hidde n 
uni t  woul d contai n tw o phas e veilue s a t  mos t  becaus e 
eac h scen e patc h contain s a t  mos t  tw o objects .  H o w -
ever ,  som e unit s mak e us e o f  thre e o r  mor e phases , 
suggestin g tha t  th e hidde n uni t  i s  performin g severa l 
distinc t  functions .  A s i s th e usua l  cas e wit h hidde n 
uni t  weights ,  thes e pattern s ar e difficul t  t o interpret . 

Figur e 4  present s a n exampl e o f  th e networ k seg -
mentin g a  scene .  T h e scen e contain s tw o rectangles . 
Th e to p lef t  pane l  show s th e feature s o f  th e rectan -
gle s an d thei r  initiei l  rando m phases .  T h e succeedin g 
panel s sho w th e network' s respons e durin g th e relax -
atio n process .  Th e lowe r  righ t  pane l  show s th e networ k 
respons e a t  equilibrium .  Feature s o f  eac h objec t  hav e 
bee n assigne d a  unifor m phase ,  an d th e tw o object s ar e 
180 °  ou t  o f  phase .  T h e tas k her e m a y appea r  simple , 
but  i t  i s  quit e chaUengin g du e t o th e illusor y rectangl e 
generate d b y th e overlappin g rectangles . 

Empirical Tests of the Model 

We are currently conducting psychological experiments 
t o e x a m i n e th e rol e o f  featur e groupin g i n h u m a n visua l 
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processing .  O u i  experiment s includ e th e following : 

•  Previou s studie s hav e s h o w n tha t  judgement s o f  tw o 
feature s o f  a  singl e objec t  (e.g. ,  size ,  texture )  ca n 
b e m a d e withou t  los s o f  accurac y o r  spee d wherea s 
a cos t  i s incurre d w h e n th e feature s t o b e judge d 
ar e d r a w n f ro m t w o differen t  object s (Duncan ,  1984 ; 
Vecer a a n d Farah ,  1992) .  Base d o n thi s rationale , 
we migh t  expec t  subject s t o identif y t w o element s o f 
a singl e contou r  (simila r  t o thos e use d wit h M A G I c ) 
m o r e rapidl y an d accuratel y tha n element s o f  dis -
parat e contours .  Thi s parad ig m provide s a  m e a n s 
of  determinin g whethe r  peopl e grou p i n th e s a m e 
w ay a s M A G I C an d w h a t  th e limitation s o f  groupin g 
are .  Fo r  instance ,  w e ar e currentl y conductin g ex -
periment s t o examin e whethe r  a  contou r  i s processe d 
as a  singl e entit y eve n w h e n it s feature s ar e spatial -
l y  distan t  a n d i t  i s  ptutiall y  occlude d b y a  secon d 
contour . 

•  T h e bo t tom-u p a n d interactiv e segmentatio n m o d -
el s presente d i n Figur e 1  m a k e divergen t  prediction s 
abou t  th e recognitio n process .  I n th e bo t tom-u p 
mode l ,  segmentatio n i s guide d b y low-leve l  cue s an d 
i s no t  influence d b y objec t  knowledg e pe r  se .  Hence , 
familiarit y shoul d no t  influenc e segmentatio n per -
formance .  Thi s i s a  chaUeng e t o tes t  empiricall y 
becaus e o f  th e diflicult y i n measurin g segmentatio n 
performanc e directly .  T h e parad ig m w e ar e consid -
erin g involve s a  searc h fo r  unfamilia r  target s e m -
bedde d i n — a n d difficul t  t o segmen t  f r o m — a back -
groun d o f  distractors .  T h e familiarit y o f  th e distrac -
tor s i s manipulated .  T h e interactiv e m o d e l  suggest s 
tha t  target s shoul d b e easie r  t o identif y a m o n g fa -
milia r  distractors .  T h e bo t tom-u p m o d e l  predict s 
n o effec t  o f  distracto r  familiarity . 

•  I f  indee d ther e i s a  distinc t  stag e o f  informatio n pro -
cessin g a t  whic h segmentatio n occurs ,  the n i t  migh t 
b e possibl e t o find a  neurologica l  patien t  w h o ha s 
a n impai rmen t  i n segmentation .  Ther e ar e n o w tw o 
suc h report s i n th e literatur e i n whic h patient s ar e 
unabl e t o bin d individua l  feature s & o m disparat e lo -
cation s simultaneousl y (Graile t  e t  al. ,  1990 ;  R iddoc h 
an d H u m p h r e y s ,  1987) .  W e ar e currentl y studyin g 
th e featur e bindin g abilitie s o f  a  visuall y agnosi c sub -
ject ,  C K ,  a n d believ e tha t  h e to o ha s a n impairmen t 
at  thi s stag e o f  processing . 
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