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ABSTRACT 

In this paper we explore the problem of dynamically computing visual relations in a cormectionist system. 

The tas k o f  detectin g equilatera l  triangle s fro m cluster s o f  point s i s use d t o tes t  ou r  architecture .  W e argu e 

tha t  thi s i s a  difficul t  tas k fo r  traditiona l  feed-forwar d architecture s althoug h i t  i s a  simpl e tas k fo r  people . 

Our  solutio n implement s a  biologicall y inspire d networ k whic h use s a n efficien t  focu s o f  attentio n mecha -

nis m an d cluste r  detector s t o sequentiall y  extrac t  th e location s o f  th e vertices . 

INTRODUCTION 

Consider the visual task of determining whether a set of three point clusters form an equilateral triangle. 

Peopl e ar e ver y goo d a t  solvin g thi s kin d o f  problem ,  bu t  a  connectionis t  implementatio n i s no t  obvious . 
The difficultie s pose d b y thi s proble m ar e c o m m o n t o a  wid e variet y o f  visua l  task s an d s o w e hav e use d i t 

as a  touchston e agains t  whic h t o tes t  visua l  neura l  architectures .  I n thi s pape r  w e describ e som e o f  th e fun -

damenta l  operation s i t  seem s t o require ,  biologicall y plausibl e neura l  implementation s o f  thos e operations , 
and a  compute r  simulatio n whic h combine s the m int o a  complet e system . 

The mos t  straightforwar d visua l  neura l  representation s assig n a  distinc t  uni t  t o eac h visua l  patter n tha t  mus t 

be classified .  Unfortunately ,  th e spac e o f  possibl e triangle s i s m u c h to o larg e fo r  thi s kin d o f  approac h t o b e 
biologicall y possible .  Th e opti c nerv e consist s o f  abou t  a  millio n fibers  fro m eac h eye ,  an d s o w e conside r 

squar e image s whic h ar e a  thousan d pixel s o n a  side .  Sinc e eac h o f  th e thre e vertice s ca n occup y an y o f  thes e 

pixels ,  th e tota l  numbe r  o f  possibl e triangle s i n suc h a n imag e i s abou t  1000^=10^^ .  A  brut e forc e represen -

tatio n woul d requir e abou t  a  millio n time s a s m a n y neuron s a s w e hav e i n ou r  entir e brai n fo r  jus t  thi s on e 

task .  Jus t  restrictin g th e unit s t o represen t  th e se t  o f  equilatera l  triangle s woul d stil l  requir e abou t  lO '̂ ^  units . 

I f  coars e code d representation s ar e used ,  thes e number s ca n b e reduce d somewhat ,  bu t  m a n y mor e example s 
wil l  stil l  b e neede d t o lear n t o properl y classif y equilatera l  triangle s tha n i s biologicall y possible .  T h e spatia l 
relationship s whic h defin e equilateralncs s wil l  hav e t o b e discovere d fo r  eac h position ,  scale ,  an d orientatio n 

of  th e triangle .  Technique s hav e bee n propose d fo r  introducin g translatio n an d rotationa l  invarianc e int o net -

work s (Gile s et .  al. ,  1987 )  whic h eliminat e th e nee d t o includ e featur e detector s a t  ever y location .  Unfortu -
natel y thes e method s requir e tha t  ever y uni t  hav e a  larg e (quadratic )  n u m b e r  o f  connection s wit h 

complicate d weigh t  linkage s betwee n them .  Furthermore ,  positiona l  informatio n i s los t  i n thes e representa -
tion s -  on e canno t  retriev e th e locatio n an d orientatio n o f  th e object s i n th e image . 

Thes e difficultie s woul d disappea r  i f  w e coul d represen t  a  triangl e directl y b y th e rea l  value d coordinate s o f 
it s  vertices ,  sa y i n tiie  activation s o f  6  units .  I n thi s representatio n i t  i s  eas y t o construc t  unit s whic h comput e 

th e distanc e betwee n a  pai r  o f  points .  Wit h thi s setup ,  th e networ k woul d onl y nee d t o lear n a  classificatio n 
functio n base d o n distance s betwee n points .  Thi s i s a  significantl y easie r  tas k -  th e kin d o f  tas k tha t  simpl e 

backpropagatio n network s hav e bee n successfu l  at .  T h e mai n difficulty ,  o f  course ,  i s  t o transfor m th e repre -

1.  Th e first  autho r  i s als o a  graduat e studen t  i n th e Departmen t  o f  Compute r  Scienc e a t  th e Universit y o f  Illi -

noi s a t  Urbana-Champaign . 
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sentaiio n fro m a  se t  o f  pixe l  value s t o a  se t  o f  verte x coordinates . 

Ullma n (1987 )  ha s argue d tha t  man y high-leve l  visua l  task s ma y b e implemente d a s "visua l  routines" .  Th e 

ide a i s tha t  a  high-leve l  syste m solve s a  visua l  tas k b y choosin g an d combinin g a  se t  o f  primitiv e visua l  op -

erations .  W e wil l  se e tha t  thi s framewor k i s well-suite d t o ou r  task ,  bu t  tha t  a  plausibl e connectionis t  imple -

mentatio n i s non-trivial .  Late r  section s describ e ou r  solutio n t o th e equilatera l  triangl e tas k wit h primitive s 

fo r  detectin g an d rememberin g th e location s o f  cluster s o f  point s base d o n a  focu s o f  attentio n mechanism . 

EVIDENCE FOR SEQUENTIAL VISUAL PROCESSING IN THE BRAIN 

There is a large body of psychology literature which supports Ullman's idea of sequential visual processes. 

One o f  th e bes t  example s i s th e wori c b y Treisma n an d he r  colleague s (Treisma n &  Gormican ,  1988) .  Thei r 

wor k suggest s tha t  certai n simpl e visua l  task s ar e performe d b y peopl e i n paralle l  (respons e tim e i s inde -

penden t  o f  th e numbe r  o f  object s i n th e image )  wherea s othe r  task s requir e seria l  processin g (respons e lim e 

i s linea r  i n th e numbe r  o f  objects) .  Jolicoeu r  e t  al .  (1986 )  hav e provide d furthe r  evidenc e tha t  peopl e us e 

sequentia l  processe s fo r  certai n visua l  tasks .  The y find  tha t  th e tim e t o repor t  whethe r  tw o stimul i  li e o n th e 

same curv e increase s linearl y wit h th e distanc e betwee n the m alon g th e curve .  Th e presentatio n tim e i s to o 

shor t  fo r  saccadi c ey e movements . 

Ther e hav e als o bee n recen t  neurophysiologica l  result s suggestin g tha t  neuron s ca n dynamicall y chang e 

thei r  respons e properties .  Mora n &  Desimon e (1985 )  repx)r t  evidenc e tha t  th e size s an d location s o f  th e re -

ceptiv e fields  o f  certai n neuron s i n th e monke y visua l  corte x (Are a V4 )  chang e wit h th e tas k tha t  th e anima l 
i s  tryin g t o accomplish .  Thi s kin d o f  behavio r  i s  suggestiv e o f  selectiv e attentio n mechanism s whic h allo w 

th e processin g o f  a  hig h leve l  syste m t o b e devote d t o differen t  region s o f  sensor y inpu t  a t  differen t  times . 

NEURALLY PLAUSIBLE MECHANISMS FOR SEQUENTIAL VISUAL PROCESSING 

Both of these lines of evidence suggest that serial processes play an important role in visual processing. 

(Ullman ,  1984 )  suggest s som e specifi c  processe s whic h migh t  b e useful .  A m o n g the m ar e primitive s fo r  de -

cidin g whic h portion s o f  th e imag e ar e relevant ,  selectin g ou t  thes e sections ,  an d storin g thei r  location s fo r 

late r  processing .  Give n thes e primitives ,  a  possibl e solutio n t o ou r  triangl e proble m i s a  syste m whic h se -

quentiall y  select s an d store s th e locatio n o f  eac h o f  th e thre e clusters .  Onc e th e coordinate s o f  th e triangl e 

ar e directl y available ,  th e distanc e betwee n vertice s ca n b e explicitl y  computed .  Wit h thi s informatio n th e 

learnin g become s trivia l  th e networ k jus t  ha s t o lear n th e equalit y functio n wit h thre e inputs .  I n th e nex t 

fe w section s w e wil l  describ e a  connectionis t  implementatio n o f  a  fas t  focu s o f  attentio n mechanis m a s wel l 

as mechanism s fo r  detectin g an d storin g cluste r  locations . 

Locally Tuned Receptive Fields 

In this section we describe a mechanism by which linear threshold units can give a localized resix)nsc in a 

featur e space .  Th e followin g fac t  i s  exploited :  i f  on e map s th e point s i n 9?"" '  ont o th e paraboloi d define d 

by z = ^ x^, then the intersection of a hyperplane in 95" with this paraboloid projects onto a sphere in SR""'. 

1 =  1 

Thus ther e i s a  mappin g betwee n plane s i n SR"  an d sphere s i n SR""' .  T o selec t  a  se t  o f  point s whic h li e withi n 

a spher e i n som e spac e on e jus t  ha s t o projec t  th e point s ont o th e paraboloi d an d slic e i t  wit h th e plan e cor -

respondin g t o th e sphere .  Point s whic h li e "beneath "  th e plan e ar e withi n th e sphere .  Figur e 1(a )  illustrate s 

thi s fo r  9?̂ .  Notic e tha t  th e computatio n o f  a  threshol d uni t  i s  exacd y tha i  o f  decidin g o n whic h sid e o f  a 

hyperplan e a n inpu t  poin t  lies .  T o encod e circula r  receptiv e fields  wit h threshol d units ,  yo u jus t  nee d t o in -
clud e a n extr a input :  th e su m o f  th e square s o f  al l  th e othe r  inputs .  A n equatio n o f  th e form : 

-(J^w.Xi + ^x^ +const) >0 (1) 
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Figur e 1(a )  Th e plan e intersect s th e paraboloi d i n a  curv e whic h project s t o a  circle ,  (b )  Architectur e o f  threshol d uni t 
computin g th e intersectio n show n i n (a).Th e Xj' s an d aj' s  ar e input s t o th e system .  Th e q' s ar e weight s denotin g th e 
stretc h alon g eac h axis . 

will be positive if x lies within a spherical volume determined by the weights and constant. 

Th e abov e metho d create s circula r  receptiv e fields  wit h har d boundaries .  A  smoot h boundar y wit h a  flat  to p 

m ay b e obtaine d b y usin g a  sigmoi d instea d o f  a  threshol d function .  T h e steepnes s o f  th e sigmoi d (it s gain ) 

wil l  the n contro l  th e steepnes s o f  th e receptiv e field  boundary .  Non-circula r  receptiv e fields  ar e als o possibl e 

by changin g th e natur e o f  th e non-linearity .  Elliptica l  receptiv e fields  m a y b e obtaine d b y usin g th e parabo -
n- l 

loi d z  =  ^  c-x ^  wher e c .  denote s th e amoun t  o f  stretchin g alon g eac h axis .  I n principl e arbitrar y shape s ca n 
1 =  1 

be obtaine d b y appropriatel y choosin g th e non-finearity . 

Dynamic Receptive Fields 

I n additio n t o bein g abl e t o selec t  a  portio n o f  th e inpu t  space ,  w e nee d th e abilit y  t o shif t  th e locatio n an d 

siz e o f  th e receptiv e field  aroun d quickl y i n respons e t o changin g demands .  I n ou r  mode l  ther e ar e basicall y 

tw o way s o f  doin g this .  T h e first  metho d involve s changin g th e slop e o f  th e hypeiplane .  I n Figur e 1(a )  not e 

tha t  a s th e slop e increase s th e cente r  o f  th e projecte d circl e wil l  shif t  t o th e right .  Fo r  an y spher e i t  i s  possibl e 

t o comput e th e coefficient s o f  th e hyperplan e whic h produce s tha t  sphere .  I n a  threshol d unit ,  changin g th e 
slop e o f  th e hyperplan e correspond s t o changin g th e weight s o f  th e inputs .  O n e o f  thes e unit s coul d eventu -

all y lear n th e correc t  positio n o f  it s  receptiv e field.  H o w e v e r  th e tim e scal e fo r  weigh t  change s i s to o slo w 
fo r  dynami c computation . 

n- l 

Anothe r  w a y t o alte r  th e spher e i s t o shif t  th e paraboloi d itself ,  b y computin g z  =  Y.'̂ i  (*, -  ̂ , )  ̂  +  '' •  Thi s 
< =  i 

moves th e paraboloi d a  distanc e a -  alon g dimensio n i  (changin g th e locatio n o f  sphere )  an d a  distanc e r 

alon g th e z-axi s (changin g th e radiu s o f  th e sphere) .  I f  th e a -  ' s  an d r  ar e availabl e a s inpu t  the n th e receptiv e 

field  ca n b e change d a n arbitrar y amoun t  i n on e tim e step .  Figur e 1(b )  show s h o w suc h a  uni t  wou l d b e con -

figured.  Fo r  eac h inpu t  dimensio n ther e i s a  sub-uni t  whic h compute s th e square .  ((Suare z &  K o c h ,  1989 ) 
presen t  a  neurall y plausibl e mechan is m fo r  computin g a  quadratic. )  T h e output s o f  thes e unit s ar e fe d int o 

a threshol d (o r  sigmoid )  unit .  T h e ne t  effec t  i s  tha t  th e threshol d uni t  wil l  respon d onl y w h e n th e inpu t  vecto r 

X lie s withi n th e spherica l  receptiv e field  determine d b y a  an d r . 

Focus Of Attention With Value Coded Units 

So fa r  w e hav e assume d a n n-dimensiona l  inpu t  spac e tha t  i s encode d a s n  analo g signals .  I n ou r  triangl e 

tas k however ,  w e hav e t o implemen t  a  circula r  patc h i n a  2-dimensiona l  retina .  T h e unit s i n thi s representa -
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Figur e 2  E x a m p l e s o f  th e syste m behavio r  fo r  tw o differen t  64x6 4 images .  I n bot h display s th e lowe r  lef t  quadran t  s h o w s th e 
image ;  th e uppe r  lef t  quadran t  s h o w s th e outpu t  o f  th e gat e units .  T h e erro r  vector s ar e displaye d o n th e uppe r  right  a n d th e 
output s o f  variou s unit s ar e s h o w n i n th e lowe r  right,  (a )  s h o w s a  snapsho t  o f  th e syste m wit h th e focu s o f  attentio n nea r  o n e 
of  th e vertices ,  (b )  s h o w s th e dynami c scalin g behavio r  a s th e focu s trie s tofi t  th e cluste r  o f  point s withi n it . 

tion are laid out on a flat sheet, with each unit explicitly encoding a point in the space. 

To creat e dynami c receptiv e fields  here ,  w e construc t  a  gatin g layer ,  wit h on e "gat e unit "  pe r  inpu t  unit .  Eac h 

gat e uni t  receive s thre e globa l  inputs :  A^ ,  Ay ,  an d A ^  representin g th e parameter s o f  th e focu s o f  attention . 

The gat e unit s ar e basicall y th e sam e a s th e localize d unit s describe d abov e wit h on e smal l  modification :  X ] 

and X 2 ar e fixed  fo r  eac h gat e unit .  T o encod e thi s w e hav e tw o separat e connection s fro m th e inpu t  uni t  t o 

th e gat e unit .  Th e weight s o f  thes e connection s ar e fixed  a s x j  an d X2 .  I f  th e inpu t  uni t  fires,  th e threshol d 

uni t  wil l  fire  onl y whe n it s inpu t  uni t  i s withi n th e circl e determine d b y A^ ,  Ay ,  an d A^ .  Th e effec t  i s a  laye r 

of  unit s whic h filters  th e inpu t  imag e accordin g t o a  globa l  contro l  signal .  Th e syste m ca n selec t  an y circula r 

portio n o f  th e imag e i n on e tim e step .  Thi s  i s quit e differen t  fro m Mozer' s implementatio n (Mozer ,  1988 ) 

wher e th e networ k ha s t o iterativel y settl e o n a  solution ,  o r  Chapman' s implementatio n (Chapman ,  1990 ) 

whic h take s logarithmi c tim e pe r  selection .  Th e hardwar e require d t o implemen t  thi s i s minimal :  8  extr a 

connection s pe r  inpu t  unit .  I t  i s als o fairl y  eas y t o exten d ou r  mechanis m t o allo w foc i  o f  dififeren t  shape s 

onc e th e parameter s ar e available . 

Figur e 2  show s th e graphica l  outpu t  o f  ou r  simulator .  I n eac h display ,  th e lowe r  lef t  quadran t  display s th e 

curren t  inpu t  imag e ( 3 poin t  clusters) .  Th e uppe r  lef t  quadran t  show s th e outpu t  o f  th e gat e units .  Th e circl e 

shows th e focu s o f  attentio n represente d b y th e 3  parameters .  I n Figur e 2  (a )  not e tha t  onl y  th e activit y withi n 

th e focu s i s allowe d t o propagate . 

Deciding Where To Focus ... And How To Get There. 

We nee d a  mechanis m t o caus e th e focu s o f  attentio n t o sequentiall y  fixate  o n th e interestin g portion s o f  th e 

image .  Ther e ar e tw o differen t  case s t o consider :  1 )  ther e i s alread y a  cluste r  withi n th e focu s o f  attention , 

and 2 )  th e cluster s ar e outsid e th e focus .  I n th e first  cas e ou r  syste m fixates  o n th e cente r  o f  mas s o f  th e clus -

te r  o f  point s an d wrap s th e focu s o f  attentio n aroun d th e cluster .  Onc e thi s  i s accomplished ,  th e parameter s 

of  th e focu s o f  attentio n provid e a n accurat e estimat e o f  th e locatio n an d siz e o f  th e cluster .  T o dea l  wit h th e 
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secon d cas e w e hav e a  syste m whic h receive s inpu t  directl y fro m th e imag e an d provide s a  roug h estimat e 

of  th e locatio n o f  th e nex t  cluste r  t o visit .  Thes e tw o mechanism s ar e describe d i n th e followin g sections . 

Clusters Within The Focus Of Attention 

The cente r  o f  mas s o f  a  cluster ,  (C^ ,  C^ ) ,  i s  th e averag e o f  th e x  an d y  coordinate s o f  th e activ e points : 

C,  =  -i— and  C^  =  ^— (2) 

wher e X(i )  an d Y{i )  denot e th e x  an d y  coordinate s o f  th e i't h uni t  an d a -  denote s it s activity ,  ̂ a -  ca n b e 

compute d b y a  uni t  whic h receive s inpu t  fro m al l  gat e unit s wit h a  weigh t  o f  1 .  T o comput e ^ X ( i )  a -  an d 

5^yC O a -  w e includ e tw o unit s wit h link s t o ever y gat e unit .  Th e weight s fro m th e i't h uni t  t o eac h o f  thes e 

tw o unit s ar e X(i )  an d Y(i) ,  respectively .  A  weighte d su m o f  th e incomin g activit y compute s th e appropri -

at e value .  Th e sum s ar e divide d b y '^a -  t o calculat e c ^  an d C  a s th e value s o f  tw o units .  Thes e value s ar e 

fe d int o tw o othe r  unit s whic h comput e th e differenc e betwee n th e cluste r  cente r  an d th e attentio n parame -

ters :  (C ^  -  A^ ,  C  -  A  ) .  Unit s representin g A^an d A  receiv e a s inpu t  thi s differenc e a s wel l  a s thei r  o w n out -

put .  B y computin g th e su m o f  al l  thei r  inputs ,  thes e unit s kee p th e field  o f  attentio n continuall y centere d o n 

th e cluste r  o f  point s withi n th e focus . 

To ge t  a n estimat e o f  th e siz e o f  th e cluste r  w e includ e a  scalin g uni t  whic h continuall y adjust s th e siz e o f 

th e focu s o f  attentio n t o matc h th e siz e o f  th e se t  o f  point s withi n it .  Th e rul e i s tha t  a s lon g a s  ̂ a ,  remain s 

constant ,  th e scalin g uni t  decrease s a ^  b y a  smal l  amount .  I f  th e su m decreases ,  indicatin g tha t  th e scal e ha s 

become to o small ,  th e uni t  increase s A ^  slightl y an d stops . 

Figure  2 (b) shows the focus of attention changing to adjust to the cluster within it. The dotted circle repre-
sent s th e initia l  location .  Th e se t  o f  concentri c band s sho w successiv e step s a s th e focu s o f  attentio n decreas -

es an d shift s it s  locatio n t o fit  th e cluste r  inside . 

Clusters Outside The Focus Of Attention 

The mechanis m describe d abov e continuall y fine  tune s A^ ,  A  ,  an d A ^  t o matc h th e cluste r  o f  point s withi n 

th e focu s bu t  doe s no t  giv e u s a  w a y t o fixate  o n cluster s outsid e th e focus .  T o d o thi s w e includ e a  coars e 

gri d o f  unit s whic h receive s inpu t  directl y fro m a  circula r  patc h i n th e image .  A t  eac h gri d locatio n ther e ar e 

thre e output s t o consider .  Th e first  tw o output s encod e th e differenc e betwee n cente r  o f  mas s o f  th e cluste r 

of  point s withi n thei r  receptiv e fields  an d th e poin t  {A^ ,  A  ) .  Th e thir d outpu t  i s  simpl y th e numbe r  o f  activ e 

point s withi n it s receptiv e field,  passe d throug h a  sigmoid .  Thu s eac h gri d locatio n encode s a n "error "  vecto r 

fo r  adjustin g th e focu s o f  attention ,  an d a  confidenc e valu e fro m 0  t o 1  indicatin g th e importanc e o f  th e clus -

ter .  Thes e erro r  vector s ar e continuall y update d t o compensat e fo r  change s i n A ^  an d A^ .  Thi s erro r  vecto r 

representatio n wa s inspire d b y th e mechanis m i n th e monke y superio r  coUiculu s fo r  controllin g ey e sac -

cade s a s reporte d b y (Sparks ,  1986) . 

The uppe r  right  quadran t  o f  Figur e 2  (a )  an d (b )  show s th e output s o f  th e erro r  units .  Eac h arro w represent s 

th e erro r  vecto r  a t  tha t  location .  Th e shade d squar e represent s th e confidenc e valu e -  th e darke r  th e squar e 

th e highe r  th e confidence .  (Onl y thos e location s whos e confidenc e valu e i s highe r  tha n 0. 2 i s displayed. ) 

To sequentiall y  proces s eac h cluste r  i n th e imag e th e syste m ha s t o repeatedl y selec t  th e laiges t  confidenc e 

value ,  inhibi t  th e correspondin g unit ,  an d sen d th e erro r  vecto r  t o th e syste m controllin g A ^  an d A^ .  W e ar e 

currentl y investigatin g severa l  mechanism s fo r  choosin g th e larges t  value .  O n e coul d construc t  a  winner -

take-al l  networ k wit h competin g confidenc e unit s suc h tha t  th e syste m settle s int o a  stat e wher e onl y on e 

633 



X'  " v » " r 

n D  D 

o Sequence r 

Attentio n Contro l 

X"  V  r 

Gat e unit s 
Erro r  unit s 

Inpu t  unit s 

Bindin g network s Distanc e unit s 

D R X  Y 

D 

& O 
c 
• 9 
c 
C 
3 

Figur e 3 .  Basi c syste m architectur e Th e modul e "Attentio n Control "  continuall y trie s t o fi t  th e focu s o f 
attentio n t o th e point s withi n it .  Th e "Sequencer "  update s th e focu s o f  attentio n t o visi t  al l  th e cluster s i n 
sequenc e an d als o send s th e contro l  signal s t o th e bindin g networ k t o stor e th e successiv e location s 

uni t  i s  active .  H o w e v e r  thes e network s ca n tak e a  relativel y lon g time  t o settie .  I t  i s  als o quit e dillicul t  t o 

find  th e correc t  se t  o f  inhibitor y weight s t o creat e a  robus t  winner-take-al l  netwoik .  Anothe r  alternativ e i s 

t o construc t  a  log-dept h networ k o f  threshol d unit s t o explicitl y  compu t e th e m a x i m u m ,  h o w e v e r  thi s i s 

equall y unappealing .  W e currenU y assum e a  m a x finding  uni t  bu t  ar e studyin g a  tempora l  representatio n 

w h i c h m a k e s thi s computatio n biologicall y plausible . 

Storing Locations 

A s th e netwoi k visit s eac h verte x i t  shoul d stor e th e value s o f  a^ ,  A^ ,  an d A ^  wheneve r  th e focu s o f  attentio n 

stabilizes .  W e accomplis h thi s wit h smal l  recurren t  network s ( 3 units )  fo r  eac h valu e tha t  need s t o b e stored . 

E a c h o f  tiiese  network s continuall y track s a  particula r  uni t  (on e o f  A^ ,  A^ ,  an d a^ )  unti l  a  contro l  signa l  i s 

sent ,  whe reupo n i t  freeze s th e outpu t  t o b e tiie  curren t  valu e o f  Ui e unit .  Thi s i s don e b y includin g a  hidde n 

uni t  w h i c h receive s a  stron g inhibitor y lin k fro m it s contro l  unit .  W h e n tiie  contro l  i s  off ,  i t  compute s tiie 

differenc e betwee n th e valu e o f  th e assigne d uni t  an d th e curren t  outpu t  an d send s i t  t o th e outpu t  unit .  A n 

excitator y lin k fro m th e contro l  uni t  t o itsel f  ensure s tha t  onc e th e contro l  uni t  ha s fired,  i t  stay s on ,  prevent -

in g furthe r  adjustinents .  Thre e o f  thes e "bindin g networks "  ar e use d fo r  eac h se t  o f  parameter s tha t  ar c 

stored . 

SIMULATION 

Figur e 3  show s a  schemati c o f  th e whol e architecture .  Th e modul e whic h control s th e attentio n field  i s a n 

autonomou s networ k tha t  continuall y attempt s t o wra p th e focu s aroun d th e point s withi n it s field  o f  view . 

T h e sequence r  wait s unti l  th e focu s o f  attentio n ha s stabilize d an d the n doe s tw o things :  i t  transmit s a  contro l 

signa l  t o th e bindin g network s t o stor e tiie  curren t  parameter s an d update s th e focu s o f  attentio n t o tiie  loca -

tion  o f  th e nex t  cluster . 

Assumin g tha t  th e syste m start s wit h a  focu s o f  attentio n coverin g tiie  entir e imag e plane ,  th e networ k first 

wrap s th e focu s aroun d th e triangl e an d the n sequentiall y  visit s an d store s th e location s o f  th e thre e vertices . 

634 



-r 

V" 

® 

•! • 

^ v 

II 

Curren t  Attentio n Parameters ; 
X:  3 5 T :  2 9 K:  5 

Output s o < Bindin g Netvorks : 
X:  2 3 2 0 1 1 3 5 
T;  2 3 1 0 3 3 2 8 
R:  2 0 2  2  5 

Equilateralnejs :  u.93b 9 

sss^ i 

® 

< 

M 

Curran t  Attentio n Paraneters ; 
2:  2 ? Y:  5 2 ft:  4 

Output s o f  Birdin e Netvorks ; 
X:  2 8 3 2 2 5 2 7 
Y:  3 S 3 5 1 9 5 2 
R:  2 0 2  5  4 

Equilataralness :  0.585 1 

(a ) 

Figur e 4 .  Th e resul t  afte r  parsin g th e tw o image s show n i n Figur e 2 . 

(b) 

O n ce thi s i s  done ,  th e firs t  se t  o t  binding s encod e th e positio n an d scal e o f  th e triangle .  T h e othe r  nin e bind -
ing s encod e th e position s an d scale s o f  th e thre e vertice s i n th e orde r  tha t  the y w e r e processed .  A  se t  o f  dis -

tanc e unit s the n explicitl y  c o m p u t e s th e si x possibl e distance s b e t w e e n th e fou r  store d locations .  A  standar d 

feedforwar d ne two r k wit h o n e laye r  o f  h idde n unit s i s use d t o c o m p u t e th e final  output .  S p a c e limitation s 

preven t  a  m o r e detaile d explanatio n o f  th e contro l  structure .  I t  i s  wor t h notin g h o w e v e r  tha t  ever y aspec t  o f 
i t  i s  imp lemente d wit h unit s c o m p u t i n g simpl e function s (excep t  fo r  th e m a x functio n a s describe d above ) . 
Detail s o n th e exac t  se t  u p ca n b e foun d i n ( A h m a d &  O m o h u n d r o ,  1990) . 

For  the  simulation s i n thi s pape r  w e use d image s wit h 6 4 x 6 4 pixels .  W e generate d a  trainin g se t  consistin g 
of  rando m triangle s (approximatel y 5 0 % o f  wh ic h wer e equilateral )  wit h Gaussia n nois e adde d aroun d eac h 
vertex .  Fo r  eac h triangl e th e focu s o f  attentio n w a s initiahze d t o cove r  the  entir e i m a g e plane .  T h e syste m 

was allowe d t o ru n unti l  4  contro l  signal s we r e generated .  T h e output s o f  th e distanc e unit s we r e the n use d 

as input s t o trai n th e backpro p network .  T h e teache r  signa l  use d w a s i  -
Hl- '2 | + l'2-'3 l 

/ ,  +  / 2 +  / 3 
•  ,wher e / ,  i s 

th e lengt h o f  th e i't h side .  Thi s i s a  functio n wh ic h i s 1  fo r  equilatera l  triangle s an d degrade s graduall y t o 0 

as th e triangle s deviat e f ro m equilateralness .  Wi t h a  trainin g se t  o f  1 0 0 triangle s th e ne twor k scor e w a s con -
sistentl y greate r  tha n 0. 9 fo r  equilatera l  triangles .  T h e specific s o f  th e learnin g ar e no t  crucia l  t o thi s paper , 

howeve r  not e tha t  th e n u m b e r  o f  trainin g example s neede d wou l d no t  increas e i f  w e increase d th e i m a g e 
size . 

Figure s 4  (a )  an d (b )  s h o w th e stat e o f  th e networ k afte r  parsin g th e t w o triangle s i n Figur e 2 .  T h e syste m 
correctl y classifie d the  lef t  triangl e a s bein g equilatera l  an d the  right  on e a s no t  bein g equilateral .  T h e out -
put s o f  th e bindin g network s s h o w th e verte x coordinate s (i n pixels )  tha t  w e r e discovere d b y th e network . 
T h e curren t  implementatio n require s abou t  5 0 second s o n a  S u n 4  t o extrac t  th e coordinate s o f  o n e triangle . 

By fa r  th e majorit y o f  thi s tim e i s take n u p b y th e scalin g process. ^  Thi s i s becaus e i n ou r  simulatio n w e 

decreas e th e scale  b y a  smal l  constan t  a t  eac h tim e step .  Startin g of f  wit h a  larg e focu s o f  attention ,  a  larg e 

number  o f  step s m a y b e necessar y befor e th e scal e matche s th e cluster .  W e ar e investigatin g a n i m p l c m c n -

1.  W e don' t  actuall y nee d th e scalin g par t  fo r  th e triangl e tas k howeve r  a  genera l  purpos e cluste r  detecto r 

shoul d hav e th e abilit y  t o exuiac t  cluste r  sizes . 
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latio n i n whic h th e scal e shrink s continuousl y a t  a  tim e scal e faste r  tha n th e inicrspik e interva l  lim e o f  indi -

vidua l  neurons . 

DISCUSSION 

It is interesting to speculate as to how mechanisms like the ones we have described would fit into a general 

purpos e visio n system .  Th e librar y o f  primitive s mus t  b e expande d t o handl e mor e feature s o f  realisti c  im -

ages .  W e wil l  nee d primitive s fo r  intelligen t  processin g o f  curves ,  regions ,  an d shapes .  Anothe r  issu e i s th e 

larg e numbe r  o f  differen t  representation s tha t  ar c forme d i n paralle l  i n th e brain .  A  mechanis m fo r  integrat -

in g th e informatio n availabl e i n thes e representation s wil l  b e necessary .  Sinc e th e focu s o f  attentio n mech -

anis m w e describe d ca n b e implemente d i n an y topologica l  space ,  i n principl e i t  shoul d provid e a  goo d wa y 

of  isolatin g exactl y th e subset s tha t  ar e relevant . 

Another major issue that we have not addressed is how to compile these visual primitives to accomplish a 

dynamicall y specifie d task .  Suc h a  syste m woul d presumabl y nee d a  languag e fo r  specifyin g th e tasks .  T o 

translat e th e specificatio n o f  th e tas k int o th e appropriat e primitive s require s tha t  th e intermediat e represen -

tation s o f  th e visua l  primitive s an d th e descriptiv e languag e shoul d b e ver y similar .  (Feldma n et .  al. ,  1990 ) 
discusse s som e o f  thes e issue s i n th e contex t  o f  a  nove l  approac h t o languag e acquisition . 

In conclusion, the main point of this paper has been to demonstrate neurally plausible mechanisms for per-

formin g sequentia l  visua l  computations .  Ther e i s evidenc e fro m psycholog y an d neurophysiolog y tha t  bio -

logica l  organism s actuall y implemen t  suc h routine s a t  a n eari y processin g level .  W e hav e describe d a n 

efficien t  implementatio n o f  variou s primitive s withi n a  connectionis t  framework ,  an d hav e use d the m t o ex -

trac t  imag e propertie s tha t  ar e otherwis e extremel y inefficien t  t o represent . 
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