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Abstrac t 
Searchin g fo r  object s i n scene s i s a  natura l  tas k fo r  peopl e 
and ha s bee n extensivel y studie d b y psychologists .  I n thi s 
paper  w e examin e thi s tas k fro m a  connectionis t  perspec -
tive .  Computationa l  complexit y ai:gument s sugges t  tha t  par -
alle l  feed-forwar d network s canno t  perfor m thi s tas k 
efficiently .  On e difficult y  i s that ,  i n orde r  t o distinguis h th e 
targe t  fro m distractors ,  a  combinatio n o f  feature s mus t  b e 
associate d wit h a  singl e object .  Ofte n calle d th e bindin g 
problem ,  thi s requiremen t  present s a  seriou s hurdl e fo r  con -
nectionis t  model s o f  visua l  processin g whe n multipl e ob -
ject s ar e presen t  Psychophysica l  experiment s sugges t  tha t 
peopl e us e cover t  visua l  attentio n t o ge t  aroun d thi s prob -
lem .  I n thi s pape r  w e describ e a  psychologicall y plausibl e 
syste m whic h use s a  focu s o f  attentio n mechanis m t o locat e 
targe t  objects .  A  strateg y tha t  combine s top-dow n an d bot -
tom-u p informatio n i s use d t o minimiz e searc h time .  Th e 
behavio r  o f  th e resultin g syste m matche s th e reactio n tim e 
behavio r  o f  peopl e i n severa l  interestin g tasks . 

Introduction 

In 1986, Sejnowski wrote: "The binding problem is a 
touchston e fo r  testin g networ k model s tha t  clai m t o hav e 
psychologica l  validity "  (Sejnowsk i  1986) .  I n 1991 .  th e 
statemen t  i s stil l  true .  I n visua l  searc h tw o aspect s o f  th e 
proble m ar e important :  featur e integratio n an d localiza -
tion .  Featur e integratio n i s concerne d wit h th e interferenc e 
betwee n feature s o f  differen t  object s whe n a  paralle l  repre -
sentatio n i s used .  Conside r  a n imag e wit h red ,  blue ,  verti -
cal  an d horizonta l  objects .  B y computin g a  globa l  O R o f 
appropriat e featur e maps ,  on e ca n detec t  i n paralle l  whic h 
color s an d orientation s ar e presen t  i n th e image .  However , 
t o detec t  a  re d an d horizonta l  objec t  i n th e presenc e o f  oth -
er  object s on e woul d hav e t o pre-comput e ever y possibl e 
conjunctio n o f  feature s a t  ever y location .  Similarly ,  th e in -
terferenc e betwee n object s make s i t  difficul t  t o recove r  th e 
location s o f  individua l  objects .  Wit h a  selectiv e attentio n 
mechanis m tha t  inihibit s  al l  bu t  th e feature s o f  a  singl e ob -
ject ,  th e interferenc e i s remove d an d th e bindin g proble m 
goe s away .  Suc h a  mode l  impUe s tha t  i n som e situation s a 
seria l  searc h i s required .  Thi s lin e o f  reasonin g i s use d t o 
explai n experimenta l  result s o n visua l  searc h (reviewe d i n 
(Treisma n 1988)) .  Th e origina l  experiment s showe d tha t 
searc h fo r  target s define d b y a  singl e featur e ca n b e com -
pute d i n paralle l  bu t  tha t  target s define d b y a  conjunctio n 
of  tw o feature s require d tim e linea r  i n th e tota l  numbe r  o f 

objects .  (See ,  however ,  th e sectio n o n simulation s fo r  ex -
cq)tion s t o thi s rule. ) 

For  a  networ k implementatio n o f  visua l  searc h t o b e 
usefu l  a s wel l  a s psychologicall y plausible ,  a  numbe r  o f 
constraint s mus t  b e m e t  Th e syste m shoul d wor k fo r  hig h 
resolutio n image s an d mus t  therefor e b e efficien t  alon g 
severa l  dimensions .  Th e complexit y o f  th e n e t w w k shoul d 
be low .  Th e tim e pe r  attentio n shif t  shoul d b e small .  C o -
ver t  attentio n shift s i n peopl e tak e abou t  40-60msec s (Ju -
les z &  Berge n 1987) .  Sinc e neuron s ca n onl y fire  ever y 5 -
10 msecs ,  thi s leave s tim e fo r  a t  mos t  8-1 2 sequentia l 
steps .  T h e syste m mus t  b e abl e t o dea l  wit h object s tha t 
var y continuousl y i n size .  Finally ,  th e seria l  componen t  o f 
th e searc h proces s shoul d b e a s smal l  a s possible ,  s o th e 
number  o f  successiv e fixations  shoul d b e minimized . 

We hav e previousl y describe d a n efficien t  mechanis m 
fo r  selectiv e attentio n i n th e contex t  o f  a  connectionis t  net -
w o r k fo r  c o m p u t i n g spatia l  relation s ( A h m a d & 
O m o h u n d r o 1990a) .  I n th e followin g sectio n w e describ e 
an extende d versio n fo r  modelin g visua l  search .  Thi s net -
wor k meet s th e efficienc y constraint s liste d above .  A  par -
alle l  searc h strategy ,  S W I F T ,  i s use d t o minimiz e searc h 
time .  I n a  final  sectio n w e presen t  simulatio n result s o f  th e 
syste m an d discus s it s relatio n t o recen t  experimenta l  re -
sult s o n visua l  search . 

A Model Of Visual Attention 

I n thi s sectio n w e describ e a  connectionis t  mode l  o f  cover t 
visua l  attentio n (se e Figur e 1) .  A  se t  o f  basi c feature s ar e 
first  compute d fro m th e image .  Th e informatio n i s the n fe d 
t o tw o differen t  systems :  a  gatin g networ k an d a  priorit y 
network .  Th e gatin g networ k implement s th e focu s -  it s 
functio n i s t o restric t  highe r  leve l  processin g t o a  singl e 
circula r  region .  Th e priorit y networ k rank s imag e loca -
tion s i n paralle l  accordin g t o thei r  relevanc e t o th e curren t 
task .  Finally ,  a  se t  o f  contro l  network s ar e responsibl e fo r 
mediatin g th e informatio n flow  betwee n thes e tw o net -
works ,  a s wel l  a s incorporatin g top-dow n knowledge . 
Each o f  thes e part s ar e describe d i n mor e detai l  below . 

The Feature Maps 

Featur e map s i n th e networ k ar e analogou s t o th e topo -
graphi c map s earl y i n th e visua l  system .  A  se t  o f  basi c fea -
ture s (orientation ,  coIot ,  etc. )  ar e detecte d a t  eac h pixe l  i n 
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Figure 1. An overview of the network. 

th e imag e i n parallel ,  usin g on e uni t  a t  eac h locatio n fo r 
ever y feature .  I n additio n ther e i s a  uni t  fo r  eac h featur e 
m ap whic h compute s th e globa l  su m o f  th e activit y i n th e 
map.  Exactl y whic h feature s shoul d b e include d i s a n ac -
tiv e are a o f  research .  Fo r  ou r  purposes ,  an y loca l  featur e 
m ay b e used .  Ou r  curren t  implementatio n use s fou r  featur e 
maps:  red ,  blue ,  horizontal ,  an d vertical . 

The Gating Network and Gated Feature Maps 

To tackl e th e bindin g proble m th e networ k mus t  b e abl e t o 
inhibi t  th e transmissio n o f  feature s t o th e recognitio n 
stage .  Thi s i s accomplishe d b y th e gadn g networ k an d th e 
gate d featur e maps .  Th e gatin g networ k contain s on e imi t 
per  pixel .  Eac h gat e uni t  receive s a s inpu t  thre e parameter s 
(Ax,Ay ,  an d -4̂ )  representin g th e cente r  an d radiu s o f  th e 
curren t  circula r  focu s o f  attention .  Onl y th e gat e unit s out -
sid e th e circl e tur n o n (se e ( A h m a d an d O m o h u n d r o 
1990a )  fo r  details) .  Eac h uni t  withi n th e gate d featur e 
maps receive s activatio n from  th e correspondin g featur e 
detecto r  an d inhibitio n fro m a  gat e uni t  (Figur e 1) .  Onl y 
th e portio n o f  th e gate d featur e m a p dia t  fall s  withi n di e 
curren t  focu s wil l  respond .  Th e resultin g syste m ca n filter 
imag e propertie s base d o n a n externa l  contro l  signal .  A s 
wid i  regula r  featur e maps ,  di e networ k compute s a  globa l 
su m fo r  eac h gate d featur e map .  W h e n attentio n i s focuse d 
on a n object ,  th e activit y o f  dies e sim i  unit s wil l  reflec t  th e 
object' s  features ,  regardles s o f  distractors .  Retrievin g th e 
locatio n o f  a n objec t  i s  simple :  wit h attentio n centere d o n 
th e object ,  th e unit s representin g Â ^ ,  an d A y wil l  reflec t  th e 
object' s location .  Th e complexit y o f  th e networ k i s linea r 
i n th e numbe r  o f  pixel s an d th e tim e t o focu s i s a  smal l 
COTistan L 

An alternat e architectur e woul d us e direc t  inhibitio n o f 
th e featur e m a p s themselves .  Thi s woul d eliminat e th e 
nee d fo r  a  separat e se t  o f  gate d maps .  However ,  i n a  fo -
cuse d state ,  suc h a  networ k woul d b e unabl e t o m a k e globa l 
decision s base d o n th e features .  Wit h th e configuratio n de -
scribe d above ,  di e networ k ca n efficienU y acces s boU i  loca l 
and globa l  informatio n simultaneously .  A s w e wil l  se e be -

low ,  thi s abilit y  i s crucia l  i n efficiend y carryin g ou t  visua l 
search .  Ther e i s eve n som e direc t  psychologica l  evidenc e 
t o suppor t  di e curren t  architecture .  W h e n attentio n i s high -
l y focused ,  peopl e ar e abl e t o repor t  primitiv e feature s o f 
stimul i  appearin g outsid e th e focu s o f  attentio n (Roc k e t 
al .  1990 )  bu t  the y ar e unabl e t o repor t  shap e informatio n 
suggestin g dia t  highe r  leve l  processin g i s afTected . 

The Priority Network 

Thi s gatin g metho d relie s o n a n externa l  mechanis m fo r 
detCTminin g focu s location s an d dii s i s  provide d b y di e pri -
orit y network .  It s jo b i s t o ran k imag e location s i n orde r  o f 
importanc e an d t o hel p shif t  th e focu s t o dios e locations . 
Th e mai n componen t  i s a  coars e code d m a p i n whic h di e 
outpu t  o f  eac h uni t  reflect s di e priorit y o f  th e regio n withi n 
it s receptiv e field.  A  simpl e an d efficien t  wa y t o ran k re -
gion s i s t o us e th e mas s o f  th e point s withi n di e receptiv e 
field  ( A h m a d &  O m o h u n d r o 1990a) .  I f  dii s  i s  th e onl y 
rankin g available ,  however ,  the n searc h fo r  attribute s othe r 
tha n siz e coul d b e inefficien t  Severa l  psychophysica l  ex -
periment s hav e pointe d ou t  othe r  possibilities .  (Yanti s & 
Jonide s 1990 )  provid e evidenc e tha t  stimul i  whic h appea r 
abrupd y ar e attende d t o soone r  dia n persisten t  stimuli ,  bu t 
tha t  thi s ca n b e override n b y explici t  instruction s t o di e 
subjec t  Experiment s o n visua l  searc h sugges t  dia t  object s 
wit h th e sam e feature s o r  for m a s th e targe t  objec t  ca n ge t 
highe r  priorit y tha n odie r  object s (Egedi ,  Virzi ,  &  Garbar t 
1984) .  Al l  o f  thi s suggest s a  muc h mor e dynami c an d flex-
ibl e priorit y syste m tha n on e whic h simpl y rank s th e loca -
tions  base d o n pixe l  density . 

Thi s so n o f  flexibUity  ca n b e adde d t o di e networi c with -
out  sacrificin g efficiency .  Th e priorit y networ k contain s a 
uni t  associate d wit h eac h featur e m!^) ,  P, ,  whos e valu e in -
dicate s th e importanc e o f  tha t  map .  Thi s valu e i s dynami -
call y adjuste d accordin g t o di e task .  Th e priorit y o f  unit s i n 
th e erro r  m a p i s compute d as : 

4 = G 
Kx.yeRF/e F 
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Aj  i s th e activatio n o f  th e featur e uni t  a t  locatio n (x.y) . 
RF^  denote s th e receptiv e field  o f  uni t  i .  an d G  i s a  mono -
tonicall y increasin g functio n o f  it s inpu t  (w e us e a  sig -
moid) .  W h e n P f  i s 0 ,  feature/ha s n o effec t  o n th e priorit y 
map.  Thi s allow s th e syste m t o completel y shu t  of f  th e ef -
fec t  o f  an y featur e m a p i n parallel . 

We als o nee d a  wa y t o updat e th e focu s o f  attentio n t o th e 
relevan t  locations .  T o accomplis h thi s eac h locatio n i n th e 
priorit y m a p contain s tw o additiona l  unit s whos e value s en -
cod e a n "erro r  vector" .  Th e erro r  vecto r  i s simpl y th e dif -
ferenc e betwee n th e units '  locatio n an d th e curren t  cente r 
of  focus .  Thes e vector s ar e constantl y update d a s th e focu s 
moves around .  Thi s representatio n i s flexible  an d efficien t 
To m o v e th e focu s t o th e highes t  priorit y location ,  th e con -
tro l  networ k simpl y choose s th e correspondin g erro r  vecto r 
and add s it s component s t o A ^  an d Ay .  T o choos e th e neares t 
location ,  th e contro l  networ k select s th e smalles t  erro r  vec -
tor .  T o choos e location s t o th e right  i t  ca n selec t  a  vecto r 
whose first  componen t  i s positive ? 

The Control Network 

The contro l  networ k coordinate s th e informatio n flow  be -
twee n th e gatin g networ k an d th e priorit y network .  I t  con -
sist s o f  a  collectio n o f  autonomou s sub-network s carryin g 
out  independen t  tasks .  Ther e ar e netwwk s whic h continu -
all y fine  tun e th e scal e an d locatio n o f  th e focu s o f  atten -
tion ,  network s fo r  storin g locations ,  an d a  networ k fo r 
updatin g th e focu s t o th e nex t  erro r  vector .  Thes e ar e de -
scribe d i n detai l  i n (Ahma d &  Omohund r o 1990ab) .  Th e 
mai n additio n i s th e subsyste m S W I F T whic h control s th e 
searc h process .  Thi s i s describe d below . 

The SWIFT search strategy. The main function of 
S W I FT i s t o integrat e lop-dow n an d bottom-u p knowledg e 
t o efficientl y guid e th e searc h process .  To p d o w n informa -
tio n abou t  th e targe t  feamre s ar e stwe d i n a  se t  o f  units .  Le t 
T b e thi s  se t  o f  features .  Sinc e th e desire d objec t  mus t  con -
tai n al l  th e feature s i n T ,  an y o f  th e correspondin g featur e 
maps m a y b e searched .  Usin g th e abilit y  t o weigh t  featur e 
maps differently ,  th e S W I F T netwoi k ca n remov e th e influ -
enc e o f  al l  bu t  on e o f  th e feature s i n T .  B y settin g thi s map' s 
priorit y t o 1 ,  an d al l  other s t o 0 ,  th e syste m wil l  effectivel y 
prun e object s whic h d o no t  contai n thi s feature .  (Henc e th e 
name S W D T:  Searc h Wit h Feature s Throw n out )  T o min -
imiz e searc h time ,  i t  shoul d choos e th e on e correspondin g 
t o th e leas t  numbe r  o f  objects .  Sinc e i t  i s difficul t  t o coun t 
th e numbe r  o f  object s i n parallel ,  th e networ k choose s th e 
map wit h th e minima l  tota l  activit y a s th e on e likel y t o con -
tai n th e minima l  numbe r  o f  objects . 

S W I FT wa s inspire d b y th e experiment s i n (Egeth ,  Virzi , 
& Garbar t  1984) .  Thes e author s presen t  evidenc e suggest -
in g tha t  seria l  searc h ca n b e restricted  t o object s wit h a  par -

1.  Th e erro r  vecto r  representatio n wa s inspire d b y a  simila r 
mechanis m fo r  controllin g ey e saccade s i n th e monke y 
superio r  colliculu s (Spark s 1986) . 

ticula r  feature .  Fo r  example ,  i f  subject s wer e instructe d t o 
atten d t o re d objects ,  an d th e numbe r  o f  re d object s wer e 
k q H smal l  an d constant ,  the n searc h tim e wa s constan t  wit h 
respec t  t o th e numbe r  o f  distraciors .  I n ou r  implementation , 
th e syste m dynamicall y compute s th e bes t  feature . 

Simulations 

Th e simulatio n proceed s a s follows .  Initiall y  th e networ k 
i s presente d wit h a n imag e an d "shown "  th e targe t  objec t 
by focusin g attentio n o n it .  Th e networ k store s th e activit y 
of  th e gate d featur e m a p s i n a  se t  o f  unit s an d thes e be -
c o me th e targe t  features .  Fo r  eac h subsequen t  image ,  th e 
tota l  activit y o f  al l  th e featur e map s i s compute d i n paral -
lel .  A m o n g th e targe t  features ,  th e networ k choose s th e 
on e wit h th e leas t  activit y an d set s it s priorit y t o 7  an d al l 
other s t o 0 .  Searc h the n proceed s b y sequentiall y  visitin g 
location s i n orde r  o f  thei r  saliency .  A s th e focu s o f  atten -
tio n stabilize s o n eac h location ,  th e contro l  networ k 
check s th e feature s o f  th e curren t  objec t  agains t  th e store d 
targe t  representation .  Thi s continue s unti l  a  matc h i s foun d 
or  ther e ar e n o mor e objects . 

Th e outpu t  o f  th e simulato r  i s show n i n Figur e 3(a) .  Th e 
lowe r  lef t  quadran t  display s th e imag e (th e on e show n i s 
64x6 4 pixels) .  Th e to p lef t  quadran t  display s th e activit y o f 
th e fou r  gate d featur e m ^ s .  Clockwis e fro m to p lef t  th e 
feature s are :  blue ,  red ,  vertica l  an d horizontal .  I n th e figiu-e 
th e syste m i s attendin g t o th e leftmos t  red-vertica l  object , 
so onl y th e unit s a t  tha t  locatio n ar e active .  T h e botto m 
right  quadran t  show s th e featur e map s tha t  ar e currentl y af -
fectin g th e priorit y map .  Sinc e th e targe t  i s a  blue-vertica l 
object ,  th e syste m ha s chose n th e vertica l  m ^  a s th e mini -
mal  featur e m ^ .  Th e to p right  quadran t  display s th e erro r 
vector s i n th e priorit y map .  Not e tha t  onl y vertica l  object s 
hav e significan t  priority .  Th e run-tim e behavio r  o f  th e net -
wor k i s discusse d i n th e followin g sections . 

Search Time With SWIFT 

Sinc e SWIF T alway s searche s th e minima l  featur e map , 
th e critica l  variable ,  M ,  tha t  determine s searc h tim e is : 

where/ranges over all the target object's features, and 
0(f )  i s  th e numbe r  o f  object s wit h feature/ .  Searc h tim e 
wil l  alway s b e linea r  i n M ,  bu t  doe s no t  necessaril y  hav e 
anythin g t o d o wit h D ,  th e numbe r  o f  distractors .  Fo r  ex -
ample ,  i n image s suc h a s i n Figur e 3(b) ,  th e vertica l  m a p 
wil l  b e chose n a s th e minima l  featur e map .  Searc h tim e 
wil l  no t  depen d o n th e numbe r  o f  horizonta l  items .  I n a 
sens e th e searc h tim e i s dependen t  o n th e discriminabilit y 
of  th e targe t  objec t  an d no t  o n th e tota l  numbe r  o f  distrac -
tors .  Figur e 4  plot s th e actua l  searc h tim e average d ove r 
severa l  trial s fo r  variou s combination s o f  M an d D .  I n Fig -
ur e 4(a) ,  th e numbe r  o f  distractor s i s fixed  a t  4 0 a s A /  i s 
graduall y increased .  A s expected ,  m e a n searc h tim e in -
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crease s linearly .  Sinc e th e searc h i s self-terminating ,  th e 
rati o o f  th e slope s fo r  th e targe t  absen t  an d targe t  presen t 
case s i s abou t  2:1 .  I n Figur e 4(b) .  th e graph s sho w tha t 
searc h tim e ca n remai n relativel y flat  a s D  increases ,  a s 
lon g a s M i s hel d constan t  T o ou r  knowledg e thi s specifi c 
set  o f  experiment s ha s no t  bee n performe d o n people .  I n 
th e followin g section s w e discus s S W I F T i n relatio n t o 
many o f  th e experiment s tha t  hav e bee n done . 

Relationship With Psychological Data 

Single and conjunctive feature searches. We first show 
tha t  th e origina l  searc h result s (Treisma n 1988 )  ca n b e rep -
licate d wit h S W I F T .  Th e experiment s showe d tha t  target s 
define d b y a  singl e featur e (e.g .  a  re d targe t  amMi g blu e ob -
jects )  ca n b e detecte d i n parallel ,  l ^ e t s define d b y a  con -
junctio n o f  tw o feature s (e.g .  a  red-horizonta l  targe t  amon g 
red-vertica l  an d blue-horizonta l  objects )  require d tim e lin -
ear  i n th e numbe r  o f  objects . 

For  singl e featur e searches ,  T  contain s on e featur e s o 
S W I FT wil l  alway s choos e i t  T o detec t  whethe r  th e targe t 
i s presen t  jus t  require s on e ste p sinc e ther e ca n b e a t  mos t 
on e objec t  wit h tha t  feature .  Fo r  conjunctio n searche s T 
contain s tw o features .  I f  th e numbe r  o f  object s wit h eac h 
featur e i s chose n randomly ,  o n averag e M wil l  b e 1/2D . 
Therefor e averag e searc h tim e wil l  gro w linearl y wit h D 
(se e (Egeth ,  Virzi ,  &  Garbai t  1984 )  fo r  a  simila r  argument) . 
Th e rati o o f  slope s fo r  image s wit h targe t  absen t  t o targe t 
presen t  wil l  b e 2:7 ,  consisten t  wit h an y self-terminatin g se -
ria l  scan .  M o r e recentl y  i t  wa s show n tha t  accuratel y de -
tectin g conjunction s depende d o n accurat e localizatio n o f 
th e targe t  (Treisma n &  Sat o 1990) .  Thi s i s als o consisten t 
wit h ou r  architectur e (Ahma d &  Omohundro ,  1990a) . 

TViple conjunction search. Search for an object defined by 
a conjunctio n o f  thre e feature s result s i n differen t  searc h 
slope s (Quinla n &  Humphrey s 1987) .  Ther e wer e tw o situ -
ation s tha t  wer e tested :  (a )  ever y distracto r  share s exactl y 
on e featur e wit h th e targe t  object ,  or ,  (b )  evw y distracto r 
share s exactl y tw o feature s wit h th e targe t  Bot h case s re -
sulte d i n sequentia l  search ,  bu t  th e slop e i n (b )  wa s alway s 
steepe r  tha n th e slop e i n cas e (a) .  Thes e result s ar e consis -
ten t  wit h S W I F T .  I n cas e (a) ,  o n averag e th e minima l  fea -
tur e wil l  eliminat e 2/ 3 o f  th e distractors .  I n (b) ,  onl y 1/ 3 
woul d b e eliminate d o n average .  Thu s S W I F T predict s tha t 
th e slop e i n (a )  shoul d b e abou t  hal f  tha t  o f  (b) . 

Search asymmetries. There is another search paradigm 
wher e constan t  an d linea r  tim e searche s hav e bee n rejwrt -
ed.  Searching  fo r  a  lin e oriente d 18 °  amon g vertica l  line s 
ca n b e don e i n constan t  time ,  bu t  searchin g fo r  a  vertica l 
lin e amon g thes e obliqu e line s take s linea r  tim e (Treisma n 
1988) .  Thi s asymmetr y i s explaine d b y assumin g tha t  th e 
earl y representatio n include s a  finite  numbe r  o f  orienta -
tion s tha t  ar e coars e coded ,  includin g vertica l  an d a n orien -
tatio n greate r  tha n 18° .  Eac h obliqu e lin e i s represente d a s 

a combinatio n o f  activit y i n th e vertica l  m a p an d th e ma p 
codin g a  successiv e orientation .  I f  thi s  i s true ,  the n a  patter n 
containin g a  singl e obliqu e lin e amon g a  field  o f  vertica l 
line s wil l  caus e severa l  regions  o f  activit y i n th e vertica l 
m ap bu t  onl y a  singl e region  o f  activit y i n th e othe r  map . 
Th e presenc e o f  th e obliqu e lin e ca n therefor e b e detecte d 
i n constan t  tim e b y computin g a  globa l  O R .  However ,  th e 
imag e o f  a  vertica l  lin e amon g severa l  obliqu e line s wil l 
generat e severa l  activ e region s i n bot h map s excep t  a t  on e 
location ,  wher e onl y th e vertica l  m a p i s activated .  I n thi s 
case ,  th e networ k mus t  bin d th e presenc e o f  activit y i n on e 
m ap wit h th e absenc e o f  activit y  a t  th e sam e locatio n i n an -
othe r  map .  Thi s require s sma l  search . 

Simila r  asymmetrie s ar e presen t  whe n detectin g curva -
ture ,  circle s v s eUipses ,  singl e v s paire d lines ,  etc .  I n al l  o f 
thes e cases ,  a  centra l  questio n is :  h o w doe s th e brai n kno w 
what  t o do ? Th e subjec t  ha s n o knowledg e abou t  his^e r  in -
terna l  representations .  Jus t  knowledg e abou t  th e targe t  ob -
jec t  i s insufficien t  -  th e m a p tha t  i s searche d depend s o n th e 
particula r  image .  Th e answe r  i s simpl e i f  S W I F T i s used : 
searchin g th e m a p wit h th e leas t  tota l  activit y wil l  alway s 
produc e th e correc t  results . 

Parallel processing of conjunctions. Some authors have 
reported  conjunctiv e featur e searche s whic h alway s resul t 
i n flat  slopes .  (McLeod ,  Driver ,  &  Cris p 1988 )  report  tha t 
th e detectio n o f  a  movin g X  amon g stati c X* s an d movin g 
O' s ca n b e don e i n parallel .  (Nakayam a &  Silverma n 1986 ) 
teste d conjunctio n searche s usin g th e feature s color ,  mo -
tion ,  an d depth .  The y foun d tha t  motion-colo r  conjunction s 
require d seria l  processing ,  wherea s depth-colo r  an d depth -
motio n conjunction s coul d b e processe d i n parallel . 

Recentl y (Treisma n &  Sat o 1990 )  an d (Wolfe ,  Cav e & 
Franze l  1989 )  hav e suggeste d model s wher e conjunction s 
ca n b e detecte d i n constan t  tim e wit h top-dow n informa -
tion .  I t  i s possibl e t o implemen t  Treisma n an d Sato' s Fea -
tur e Inhibitio n mode l  i n ou r  architecture .  The y sugges t  tha t 
i f  th e feature s tha t  ar e no t  presen t  i n th e targe t  inhibi t  th e 
priorit y m a p (i.e .  Pji s negative )  the n a  locatio n containin g 
th e conjunctio n o t  tw o feature s woul d retai n th e highes t 
priority .  Thi s ca n b e easil y modele d i n ou r  network ,  how -
eve r  ther e i s on e problem :  i t  canno t  explai n sequentia l 
search !  I f  peopl e ca n us e suc h a  genera l  strategy ,  wh y d o 
we ge t  Unea r  searc h time s a t  all ? A  relate d proble m i s tha t 
bot h model s canno t  explai n w h y onl y specifi c  featur e com -
bination s giv e rise  t o paralle l  search . 

S W I FT ca n explai n thes e result s i f  on e assume s tha t  cer -
tai n featur e combination s ar e represented  i n parallel .  Fo r 
example ,  (McLeod ,  Driver ,  &  Cris p 1988 )  mention s tha t 
are a M T contain s cell s whic h ar e tune d t o bot h directio n o f 
motio n an d orientation .  Sinc e a  primar y featur e tha t  distin -
guishe s X' s fro m O' s i s a n oriente d fine,  a  movin g X  shoul d 
produc e a  uniqu e patter n o f  activit y i n thi s featur e map .  I f 
suc h combination s ar e present ,  the n S W I F T woul d selec t 
th e appropriat e featur e m a p an d detec t  th e targe t  i n constan t 
time . 
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Figur e 3 .  (a )  Sampl e outpu t  from  ou r  simulator ,  (b )  A n imag e wit h M = 5 .  (N o shadin g = > red ,  filled  blac k = > blue. ) 

Concludin g R e m a r k s 

Optimal features for visual search. In light of the above 
result s  i t  i s  natura l  t o as k wha t  th e bes t  se t  o f  feature s 
shoul d be .  I f  SWIF T i s use d a s a  constraint ,  the n w e wan t 
th e se t  o f  feature s tha t  minimiz e M ove r  al l  possibl e image s 
and targe t  objects ,  i.e .  tha t  bes t  discriminat e objects .  I t  i s 
eas y t o se e tha t  th e optima l  se t  o f  feature s shoul d b e maxi -
mall y uncorrelate d an d tha t  th e distributio n o f  featur e val -
ues shoul d b e unifor m ove r  th e spac e o f  possibl e objects .  I n 
othe r  words ,  th e optima l  feature s shoul d b e th e principa l 
component s o f  th e distributio n o f  images .  I t  i s  interestin g 
t o not e tha t  a  singl e Heb b neuro n extract s th e larges t  prin -
cipa l  componen t  o f  th e inpu t  distributio n an d wit h inhibi -
tion ,  set s o f  Hebbia n neuron s ca n extrac t  successivel y 
smalle r  components .  Moreover ,  a s som e researcher s hav e 
demonstrate d (e.g .  Linske r  1989) ,  simpl e Hebbia n learnin g 
ca n lea d t o feature s tha t  loo k ver y simila r  t o th e feature s i n 
th e visua l  cortex .  I f  th e earl y feature s i n visua l  corte x ar e i n 
fac t  th e principa l  components ,  the n S W I F T i s a  simpl e 
strateg y tha t  take s advantag e o f  it . 

Other computational models. (Chapman 1990) has im-
plemente d a  pyrami d mode l  o f  attention .  I t  ha s onl y bee n 
use d t o replicat e th e origina l  singl e featur e v s conjunctiv e 
featur e searche s although ,  i n principle ,  a  contro l  strateg y 
lik e S W I F T coul d b e employed .  (Wolfe ,  Cave ,  &  Franze l 
1989 )  hav e simulate d a  mode l  o f  visua l  searc h whic h the y 
cal l  th e Guide d Searc h model .  Thei r  mode l  account s fo r  a 
wide r  rang e o f  result s tha n Chapman's .  Ou r  mode l  i s con -
sisten t  wit h thei r  philosoph y i n tha t  a  smar t  paralle l  strateg y 
i s use d t o ran k possibl e candidates .  Howeve r  thei r  mode l 
canno t  accoun t  fo r  th e searc h asymmetr y result s o r  th e 2: 1 

ratio s i n th e slopes .  I n addition ,  th e mode l  require s com -
plet e connectivit y o f  th e unit s i n th e featur e maps .  Thi s 
woul d requir e O(N^ )  weight s (resultin g i n £q)proximatel y 
10^ ^  connection s fo r  a  l(XX)xl(X) 0 image )  an d i s therefor e 
not  implementabl e fo r  high-resolutio n images .  Neithe r  o f 
thes e model s implemen t  a  continuou s focu s o f  attention : 
eac h objec t  i s  assume d t o occup y exactl y on e pre-deter -
mine d location . 

To ou r  knowledge ,  th e onl y realisti c implementatio n o f 
visua l  searc h tha t  work s wit h pixel-base d image s i s i n 
(Mozer ,  1991) .  Th e mode l  als o implement s a  continuou s 
focus .  Ther e ar e som e difference s i n ou r  models .  I n ou r 
model  ever y aspec t  o f  th e contro l  proces s i s mad e explicit , 
includin g th e us e o f  top-dow n information .  I n thei r  mode l 
th e differin g searc h slope s ar e explaine d b y assumin g a 
specifi c  amoun t  o f  nois e i n th e activation s o f  th e featur e 
maps.  I n ou r  mode l  searc h tim e depend s o n th e featur e 
representation s an d th e minima l  featur e map . 

Conclusions. We have presented efficient psychologically 
plausibl e connectionis t  mechanism s fo r  visua l  attention . 
Thes e mechanism s hav e bee n integrate d int o a  complet e 
syste m fo r  visua l  search .  Th e resultin g networ k scale s wel l 
bot h i n term s o f  th e numbe r  o f  connection s (linea r  i n th e 
number  o f  pixels )  an d i n th e focusin g tim e (constant) .  Th e 
implementatio n o f  a  singl e plausibl e searc h strategy , 
S W I F T,  wa s show n t o b e consisten t  wit h th e single/con -
junctiv e search ,  th e 2: 1 rati o i n th e targe t  absent/presen t 
slopes ,  an d dependenc e o n localization .  Th e strateg y ex -
tend s othe r  sequentia l  integratio n model s i n tha t  i t  i s  als o 
consisten t  wit h searc h fo r  tripl e conjunctions ,  searc h asym -
metries ,  searc h withi n a  feature ,  an d possibl y th e constan t 
tim e detectio n o f  certai n featur e combinations . 
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