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Abstract 

A neural model is proposed for human motion perception. The goal of the model is to 

calculat e th e tvra-dimensiona l  velxit y o f  element s i n a n image .  Unlilc e mos t  earlie r  approaches , 

th e presen t  mode l  i s structured ,  i n accor d wit h know n neurophysiologica l  data .  Thre e distinc t 

stage s ar e proposed .  A t  th e firs t  level ,  unit s ar e sensitiv e t o th e component s o f  motio n tha t  ar e 

perpendicula r  t o th e orientatio n o f  a  movin g contour .  Th e secon d leve l  integrate s thes e initia l 

motio n measurement s t o obtai n translatlona l  motion .  Th e thir d leve l  use s translatlona l  motio n 
measurement s t o comput e genera l  three-dimensiona l  motio n suc h a s rotatio n an d expansion .  Th e 

model  show s a  hig h leve l  o f  performanc e i n solvin g th e measuremen t  o f  two-dimensiona l 

translatlona l  motio n fro m loca l  motio n information .  Mos t  importantly ,  th e presen t  mode l  use s 

nervou s syste m structur e a s a  natura l  wa y t o formulat e constraints .  Th e psychologica l 

implication s o f  stage d motio n processin g ar e discussed . 

Visua l  motio n perceptio n serve s man y importan t  functions ,  includin g th e segregatio n o f 

objects ,  th e estimatio n o f  objec t  motion ,  th e octro i  o f  ey e movements ,  an d th e estimatio n o f  th e 

three-dimensiona l  structur e o f  object s &  th e environment .  Th e operation s responsibl e fo r  th e 
perceptio n o f  motion ,  however ,  ar e no t  wel l  known . 

As three-dimensiona l  surface s mov e i n space ,  the y projec t  ligh t  ont o th e eye ,  formin g a 

two-dimensiona l  imag e o f  th e worl d tha t  change s wit h time .  Th e visua l  syste m mus t  reconstruc t 

a three-dimensiona l  worl d fro m thi s two-dimensiona l  image .  Thi s reconstructio n ca n b e 

accomplishe d b y usin g informatio n abou t  th e organizatio n o f  movement  i n th e changin g image . 

However ,  th e motio n o f  element s i n th e two-dimensiona l  imag e (i.e. ,  thei r  spee d an d direction ) 

i s no t  a n inheren t  propert y o f  th e imag e bu t  mus t  b e inferre d fro m th e varyin g Intensitie s o f  th e 

Image.  Thus ,  motio n analysi s I s ofte n considere d a  two-stag e proces s (Hildreth ,  1963) . 

The goe l  o f  th e firs t  stag e i s th e measuremen t  o f  two-dimensiona l  motio n o f  element s i n a n 

image (i.e. ,  extractin g th e velaity—spee d an d direction—o f  movin g elements) .  T o accomplis h 
thi s goa l  ther e mus t  b e initia l  motio n detectio n an d measuremen t  b y motio n sensors ,  e n 
integratio n o f  th e initia l  motio n measurement s t o comput e a n instantaneou s two-dimensiona l 

velocit y fiel d (th e so-calle d "aperture "  problem) ,  an d th e detectio n o f  motio n discontinuities . 

The secon d stag e consist s o f  a n interpretatio n o f  th e three-dimensiona l  structur e o f  surface s 
fro m two-dimensiona l  motion . 

1 presen t  a  neura l  networ k mode l  o f  par t  o f  th e firs t  stag e o f  motio n analysi s (I.e. ,  th e 

integratio n o f  initial ,  loca l  measurement s t o comput e a  two-dimensiona l  velxit y  field) .  Th e 

model  extract s th e tru e two-dimensiona l  motio n o f  a n entir e patter n fro m ambiguou s loca l 
motio n informatio n availabl e a t  th e pattern' s componen t  contours .  I n othe r  words ,  I t  solve s th e 

"apertur e problem "  fo r  rigi d two-dimensiona l  motio n i n th e plane .  Loca l  motio n detector s 

provid e ambiguou s informatio n becaus e the y onl y measur e th e componen t  o f  motio n 

perpendicula r  t o th e orientatio n o f  a  movin g contour .  A  famil y o f  possibl e motion s exist s tha t  ca n 

giv e ris e t o th e locall y detecte d motion .  Th e apertur e problem ,  then ,  reduce s t o th e assignmen t 

of  8  uniqu e velrcit y t o a n objec t  give n onl y loca l  motio n measurement s (Se e Figur e I) . 
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Hlldret h (1983 )  ha s propose d a  computationa l  mode )  fo r  th e measuremen t  o f 

two-dimensiona l  motion .  I n he r  model ,  loca l  measurement s ar e obtaine d fro m th e imag e an d ar e 

the n combine d t o comput e a  uniqu e two-dimensiona l  velocit y fiel d b y applyin g constraint s t o 

limi t  th e solution .  Fo r  example ,  th e "smoothnes s constraint "  i s  base d o n th e observatio n tha t 

object s usuall y hav e smoot h surfaces .  Thi s constrain t  i s  implemente d b y findin g th e velocit y 

fiel d o f  leas t  variation .  Th e mode l  work s wel l  o n simpl e figure s f x plana r  an d genera l 

three-dimensiona l  motio n (e.g. ,  rotatio n an d expansion) . 
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The basi c motivatio n fo r  formulatin g th e presen t  mode l  i s t o buil d mor e structur e int o th e 

model  t o enabl e I t  t o perfor m transformation s o n th e inpu t  dat a leadin g t o a  i//}/(7i/esoM\on . 

Thi s i s don e b y closel y adherin g t o bot h neurophyslologica l  an d psychologica l  dat a o n motio n 

analysis .  Th e mode l  i s structure d i n accor d wit h neurophyslologica l  dat a becaus e I  assum e tha t 

th e natur e o f  th e hardwar e profoundl y affect s ho w th e proble m i s solved .  Th e ultimat e goa l  i s  t o 

integrat e th e neurophyslologica l  an d psychologica l  informatio n t o for m a  mor e coheren t  theor y 

of  motio n perception . 

Two idee s abou t  th e basi c operation s involve d i n motio n analysi s emerg e fro m th e 

psychological ,  psychophysical ,  neurophyslological ,  an d mathematica l  wor k o n motion .  On e i s 

tha t  ther e ar e primitive s o f  opti c flo w tha t  ar e analyze d b y specialize d neura l  mechanisms . 

Work o n th e mathematic s o f  opti c flow s demonstrate s tha t  an y flo w fiel d ca n b e decompose d int o a 

linea r  vecto r  combinatio n o f  severa l  basi c types :  translation ,  rotation ,  shear ,  an d dilatio n 

(Koenderin k &  Va n Doorn ,  1976 ;  Longuet-Higgin s &  Prazdny ,  1980) .  Psychophysica l  dat a 

fro m adaptatio n studie s hav e provide d evidenc e fo r  translation ,  rotation ,  an d expansio n sensitiv e 

mechanism s (Rega n &  Beverly ,  1978 ;  Regan ,  1986) .  Also ,  neurophyslologica l  studie s I n 

macaque visua l  corte x (are a MST)  demonstrat e tha t  neuron s ar e sensitiv e t o linear ,  rotational , 

anddilatlona l  motio n (Saitoetal. ,  1986) . 

The secon d Ide a I s tha t  th e integratio n o f  loca l  one-dimensiona l  motio n measurement s int o 

a ful l  two-dimensiona l  velocit y fiel d occur s i n severa l  stages .  Psychophysica l  studie s 

demonstrat e tha t  one-dimensiona l  motio n measurement s ar e combine d t o comput e 

two-dimensiona l  translationa l  motio n (Adelso n &  Movshon ,  1982 ;  Nakayam a &  Silverman , 

1983) .  Neurophyslologica l  dat a suggest s tha t  th e cnmputatio n o f  al l  type s o f  motio n i n th e 

nervou s syste m doe s no t  occu r  I n a  singl e step .  A  pervasiv e aspec t  o f  th e cortica l  architectur e o f 

sensor y system s i s th e presenc e o f  multipl e topographi c representation s o r  map s o f  sensor y 

surface s projectin g t o eac h other .  Severa l  area s involve d i n motio n analysi s i n th e macaqu e 

visua l  corte x includ e Area s VI ,  M T ,  an d MST.  Are a V I  neuron s ar e involve d i n th e analysi s o f 

component  motio n whil e som e M T neuon s respon d t o linea r  patter n motio n (Movshon ,  Adelson , 

eizzl ,  &  Newsome,  1985) .  A s previousl y noted ,  a  recen t  stud /  o f  cell s I n a  visua l  are a (MST ) 

upstrea m t o are a M T ha s discovere d neuron s tha t  respon d selectivel y t o translating ,  expanding , 

contracting ,  an d rotatin g pattern s (Sait o e t  al. ,  1986) . 

As a  firs t  step ,  a  mode l  I s constructe d t o solv e th e apertur e proble m fo r  rigi d motio n I n 

th e plan e (i.e. ,  translation) .  Thi s i s accomplished ,  first ,  b y usin g som e forma l  observation s o n 

how t o uniquel y limi t  th e solutio n and ,  second ,  b y structurin g th e mode l  i n accor d wit h 

neurophyslologica l  organization .  I t  i s  the n propose d tha t  thi s two-dimensiona l  translatio n 

Informatio n i s combine d t o comput e othe r  genera l  motiwts . 

Adelso n an d Movsho n (1982 )  discus s a  solutio n t o unambiguousl y determin e th e 

two-dimensiona l  motio n o f  a  patter n give n th e motio n o f  It s loca l  component s (Se e Figur e 2) . 

The dashe d line s indicat e th e famil y o f  globa l  patter n velocitie s whic h ar e consisten t  wit h th e 

locall y measure d componen t  velxlt y vector .  The y not e tha t  whe n a t  leas t  tw o nonparalle l  movin g 

contour s belongin g t o th e sam e patter n ar e compared ,  onl y on e vecto r  i s common t o bot h 

one-dimensiona l  families ,  an d i t  describe s th e motio n o f  th e entir e pattern .  Thi s vecto r  i s th e 

poin t  i n velxlt y spac e a t  whic h th e tw o dashe d line s Intersect . 
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Thi s constrain t  wa s Implemente d i n a  mode l  (Sereno ,  1986 )  tha t  wa s structure d i n accor d 

wit h th e followin g neurophysiologica l  facts .  Som e neuron s i n striat e corte x (Are a VI )  ar e 

selectiv e fo r  orientation ,  spee d an d directio n o f  edges .  However ,  the y onl y respon d t o th e 

perpendicula r  componen t  o f  motion .  Are a M T ,  a n are a involve d i n motio n analysis ,  receive s a 

direc t  topographi c projectio n fro m VI .  i s  selectiv e fo r  th e directio n an d spee d o f  motio n o f  a 

stimulu s whil e havin g littl e selectivit y fo r  spatia l  structure ,  an d possesse s large r  receptiv e 

fields ,  indicatin g spatia l  summatio n o f  it s  inputs .  Moreover ,  2 S Z o f  M T neuron s exhibi t 

"pattern "  directio n selectivity ,  tha t  is .  the y ar e selectiv e f x th e motio n o f  th e patter n a s a 

whol e (Movshon.Adelson.Gizzi.&Newsome ,  1985) . 

A "Boltzman n Machine "  (Ackley ,  Hinton ,  &  Sejnowski .  1985 )  wa s constrxte d wit h a n 

inpu t  laye r  o f  unit s representin g V I  an d outpu t  laye r  o f  unit s representin g are a MT .  Eac h uni t 

i s  selectiv e fo r  a  specifi c  spee d an d directio n o f  motio n (Se e Figur e 3) .  Specifically ,  laye r  V t 

contain s 3 2 unit s ( 8 directions .  2  speed s an d 2  locations )  whil e laye r  M T contain s 2 4 unit s ( 8 

directions .  3  speed s an d 1  location) .  V I  unit s respon d onl y t o th e componen t  o f  motio n 

perpendicula r  t o th e orientatio n the y ar e sensitiv e to ;  M T unit s respon d t o two-dimensiona l 

motion . 
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The forma l  solutio n describe d abov e wa s hardwire d int o th e syste m b y havin g eac h V I  uni t 

projec t  t o th e famil y o f  patter n velaitie s i n th e outpu t  laye r  tha t  coul d describ e th e tru e motio n 

underlyin g it s response .  Wit h thi s predefine d connectivity ,  whe n a  numbe r  o f  differentl y 

xiente d lin e segment s belongin g t o th e sam e movin g patter n ar e inpu t  t o th e system ,  a  gradien t 

descen t  algorith m result s i n th e syste m changin g t o a  configuratio n i n whic h th e activit y o f  th e 

outpu t  uni t  describin g th e patter n motio n i s selectivel y enhanced .  Figur e 4  present s a n 

exampl e o f  a  patter n o f  lin e segment s movin g acros s th e tw o set s o f  inpu t  unit s (Se e Figur e 4) . 

Afte r  20,00 0 iterations ,  th e outpu t  uni t  describin g th e patter n velait y I s drive n t o a n "on " 

stat e lOO X o f  th e time .  I n addition ,  a  motio n illusio n (th e Spli t  Herringbon e Illusion )  i s 

presente d t o th e model .  Th e alternatin g column s o f  line s actuall y mov e i n opposit e direction s 

whil e th e perceive d motio n i s perpendicula r  t o thes e directions ,  consisten t  wit h a n "intersectio n 

of  constraints "  solution .  Afte r  20,00 0 iterations ,  th e perceive d directio n i s selectivel y 

enhanced . 

Thes e result s demonstrat e tha t  th e intersectio n o f  constraint s describe d abov e ca n b e 

realize d i n a  two-layere d neura l  network .  Th e specifi c  implementatio n make s a  testabl e neura l 

predictio n abou t  ho w th e firs t  laye r  o f  neuron s (are a VI )  project s t o th e secon d laye r  o f 

neuron s (MT )  t o transfor m th e neura l  respons e fro m selectivit y fo r  one-dimwisiona l  motio n t o 

selectivit y fo r  two-dimensiona l  motion .  Th e projection ,  consequently ,  produce s M T unit s wit h a 

wide r  rang e an d highe r  cut-of f  o f  preferre d speed s tha n Y l  units ,  a  findin g consisten t  wit h 

existin g neurophysiologica l  dat a (Va n Essen ,  1985) .  Anothe r  importan t  aspec t  o f  th e mode l  i s 

tha t  I t  predict s tha t  two-dimensiona l  motio n measurement s resul t  fro m th e Integratio n o f 

one-dimensiona l  motio n measurement s fro m nearb y spatia l  locations . 

To summarize ,  a  positiv e aspec t  o f  th e mode l  i s tha t  i t  i s  neurally-base d wit h th e resul t 

tha t  I t  produce s on e solutio n t o a  give n Input .  N o pos t  ho c assumption s o r  constraint s ar e neede d 

t o limi t  th e solution .  However ,  a  majo r  limitatio n o f  th e mode l  i s limite d t o th e discret e value s 

of  spee d an d directio n o f  movemen t  t o whic h th e inpu t  unit s ar e sensitive .  A  neurall y plausibl e 

solutio n t o thi s proble m o f  representin g Intermediat e value s o f  spee d an d directio n i s t o le t  th e 

informatio n b e carrie d b y a n ensembl e code .  Thi s require s tha t  individua l  unit s hav e continuou s 

value d activities .  Fo r  example ,  a  spee d o r  directio n tha t  lie s exactl y I n betwee n th e value s o f  2 

unit s ca n b e represente d b y activit y i n eac h uni t  tha t  i s  1/ 2 th e maximu m activity .  Suc h a 

representation ,  however ,  canno t  b e Implemente d o n a  Boltzman n Machin e becaus e th e unit s 

canno t  hav e continuou s value d activity .  However ,  i t  I s  no t  difficul t  t o sho w tha t  th e Intersectio n 

of  constraint s illustrate d i n Figur e 2  amount s t o a  solutio n o f  a  se t  o f  linea r  equation s an d hence , 

i t  ca n b e solve d wit h linea r  method s tha t  permi t  continuous-value d output .  Therefore ,  a  secon d 

model  wa s constructe d usin g a  simpl e linea r  assaiato r  wit h erro r  correction ,  suc h a s tha t  use d 

by Anderso n (1983 )  (Se e Figur e 5) . 

I n th e simpl e linea r  associativ e model ,  th e sam e neurophysiologica l  assumption s hold , 

excep t  tha t  learnin g ca n occur .  Thi s mean s tha t  th e connectio n weight s ar e modifiable .  Th e 

matrix .  A ,  o f  modifiabl e synapti c weight s describe s th e projectio n o f  th e inpu t  laye r  o f  neuron s 

t o th e outpu t  layer .  Th e vector s f  an d g  represen t  th e activitie s acros s th e Inpu t  an d outpu t 

layers ,  respectively .  Learnin g occur s whe n pair s o f  thes e vectors ,  on e pai r  pe r  pattern ,  or e 

associate d t o for m th e connectivit y matrix .  T o d o this ,  tw o assumption s ar e made :  Th e firs t 

assumptio n I s tha t  a  neuron' s activit y result s fro m th e linea r  summatio n o f  it s  input .  Tha t  is , 

th e activit y o f  eac h neuron ,  i n th e secon d layer ,  i s  determine d b y th e activit y o f  it s  input s 

weighte d b y thei r  connectio n strengths .  Second ,  th e matri x o f  connectio n strength s I s 

constructe d accordin g t o th e generalize d Hebbia n rul e fo r  connectivit y modificatio n whic h 

assert s tha t  synapti c strengt h i s porportiona l  t o pre -  an d postsynapti c cel l  activity .  Thi s 

learnin g rul e i s use d wit h erro r  correctio n i n whic h th e differenc e betwee n th e tru e association , 
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\fê \ou-̂ ie. s 

U 

siASs2Ai . $\X> ^ 

® @ 

V e U c J t y 

S \ ^ 2 

Figur e 4 



T w o a s s u m p t i o n s o f  t h e l i n e a r  a s s o c i a t i v e m o d e l : 

fj - vector of input layer neuron activities representing 

componen t  velocitie s fo r  th e it h patter n 

gj = vector of output layer neuron activities representing 

patter n velocitie s fo r  th e î ^  patter n 

g^' = vector of output layer neuron activities that results when 

a pattern ,  f  | ,  i s  inpu t  t o th e syste m 

1) Neurons take a linear summation of their input: 

2) Learning Rule: Synaptic strength is proportional to the 

p r o d u c t  o f  p r e - s y n a p t i c a n d p o s t - s y n a p t i c activities : 

n 

A A =  2  g |  f / 

i= 1 

Error Correction Procedure: 

AA = k (g| - g-) f^ ^ 

AA is learned and added to the developing A connectivity 

m a t r i x : 

A t + i  =  A t  +  A A 

Figur e 5 
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g,  an d th e actua l  association ,  g' .  i s  learne d an d adde d t o th e developin g A  connectivit y matrix . 

To teac h th e model ,  differen t  pattern s movin g a t  differen t  velocitie s ar e inpu t  t o th e 

system .  Fo r  eac h pattern ,  a  vectx ,  f ,  describin g componen t  velxitie s an d a  vectx ,  g ,  describin g 

patter n velxitie s ar e assreiate d usin g erro r  correction . 

Afte r  learnin g i s completed ,  th e matri x i s tested .  Th e outpu t  o f  eac h store d inpu t  i s 

computed .  Tha t  is ,  eac h f  i s  inpu t  t o th e syste m t o ge t  a n outpu t  g' .  Th e outpu t  g '  i s  the n compare d 

t o th e tru e associatio n g  b y takin g th e cosin e betwee n them .  I f  th e vector s ar e th e same ,  th e 

cosin e wil l  equa l  1 .  Th e syste m I s the n teste d wit h nonassoclate d vecto r  pair s t o se e ho w wel l  th e 

syste m generalize s t o ne w stimuli . 

One simulatio n wil l  b e describe d t o illustrat e th e performanc e o f  th e system .  Fo r  thi s 

simulation ,  directio n sensitiv e unit s ar e place d ever y 1 5 degree s an d hav e bandwidth s o f  9 0 

degree s (pea k respons e taper s of f  t o 0 ,  4 5 degree s o n eithe r  sid e o f  th e pea k direction) .  Ther e 

ar e 1 7 pea k direction s (spannin g 18 0 degrees )  an d 8  pee k speed s (spannin g 3 0 degrees/sec) . 

Sinc e eac h uni t  i s  sensitiv e t o bot h a  spee d an d a  direction ,  a  tota l  o f  13 6 unit s (13 6 

speed/directio n combinations )  ar e availabl e a t  eac h location .  I n thi s simulation ,  th e syste m 

learn s o n 5 0 pattern s an d i s the n teste d o n thes e 5 0 pattern s an d o n 5 0 ne w patterns .  Th e 

pattern s ar e compose d o f  1  t o 3  lin e segment s positione d a t  differen t  angle s relativ e t o eac h 

other .  Some exampl e pattern s ar e show n i n Figur e 6  (Se e Figur e 6) .  Eac h patter n i s move d a t  a 

differen t  velxity . 

L i n e a r  A s s o c i a t i v e M o d e l 

E x a m p l e P a t t e r n s : 

Figur e 6 
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Afte r  1 5 assxiation s pe r  vecto r  pair ,  th e syste m reache s stabl e performanc e an d i s 

tested .  Th e mea n cosin e betwee n th e tru e associatio n tha t  th e syste m learns ,  g ,  an d th e actua l 

associatio n tha t  th e syste m produces ,  g' ,  i s  equa l  t o .98 ,  Thi s represent s ver y goo d performance . 

Moreover ,  th e mea n cosin e fo r  th e new ,  nonassxiate d vector s i s equa l  t o .97 .  Thi s als o 

represent s ver y goo d performanc e an d demonstrate s tha t  th e syste m i s abl e t o generaliz e quit e 

wel l  t o stimul i  i t  ha s neve r  see n before . 

To obtai n a  fine r  performanc e measure ,  a  calculatio n wa s mad e t o determin e on e valu e o f 

spee d an d on e valu e o f  directio n fo r  eac h pattern .  A  weighte d averag e wa s take n I n whic h eac h 

unit' s  preferre d spee d o r  directio n wa s weighte d b y it s activatio n leve l  (Se e Figur e 7) .  Th e 

mean differenc e betwee n th e weighte d averag e fo r  th e rea l  directio n (g )  an d th e reconstructe d 

directio n (g" )  fo r  ol d pattern s wa s 3. 0 degree s whil e th e mea n differenc e fo r  ne w pattern s wa s 

4. 2 degrees .  Th e mea n differenc e betwee n weighte d average s fo r  rea l  an d reconstructe d speed s 

fo r  ol d pattern s wa s 1. 1 degree s pe r  secon d compare d t o 1. 6 degree s pe r  secon d fo r  ne w 

patterns . 

W e i g h t e d A v e r a g e Calculatio n 

pattern speed = Zj (Pj * S|) / Z| Tj 

patter n directio n «  I j  (P j  *  dj )  /  2 j  T j 

where 1 = unit number 

r  =  activatio n leve l  o f  uni t 

s =  spee d t o w h i c h uni t  i s  m o s t  sensitiv e 

d =  directio n t o w h i c h uni t  i s  m o s t  sensitiv e 

Figure 7 

I n sum ,  th e mode l  show s excellen t  performanc e fo r  extractin g two-dimensiona l 

translationa l  motio n fro m one-dimensiona l  motio n information . 

The presen t  mode l  i s the n extende d t o handl e th e two-dimensiona l  projecte d velocit y o f 

object s movin g i n dept h (e.g. ,  i n rotatin g an d expandin g objects) .  Again ,  th e mode l  i s constrxte d 

talcin g int o accoun t  th e relevan t  neurophysiologica l  data .  Sait o e t  al .  (1986) ,  fo r  example , 

describ e thre e classe s o f  directionall y selectiv e cell s wit h larg e receptiv e field s (abou t  Z S 

degree s compare d t o a  mea n o f  abou t  6  degree s fo r  M T cells )  i n are a MST,  a n are a whic h receive s 

a direc t  projectio n fro m MT .  On e clas s o f  cell s i s sensitiv e t o translatio n i n th e plane ,  a  secon d 

clas s (size-chang e cells )  i s  selectiv e fo r  expandin g o r  contractin g patterns ,  an d a  fina l  clas s 

(rotatio n cells )  i s  selectiv e fo r  rotatin g pattern s (clockwis e o r  counterclockwise )  I n th e 

frontoparalle l  plane ,  o r  rotatin g pattern s i n depth .  A  common featur e o f  thes e neuron s i s tha t 

the /  respon d t o appropriat e pattern s anywher e i n thei r  larg e receptiv e field s a t  th e expens e o f 
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bein g abl e t o precisel y signa l  informatio n abou t  location .  Seit o e t  a1 .  (1986 )  argu e tha t  thes e 

cell s ar e sensitiv e t o "whol e events "  o f  visua l  motio n becaus e the y integrat e elementa l  motio n 

signal s fro m M T cells . 

Thes e dat a sugges t  tha t  th e visua l  systo n utilize s severa l  distinc t  stage s fo r  motio n 

analysis .  I n a n analogou s fashion ,  th e presen t  mode l  take s th e outpu t  o f  a  secon d laye r  tha t 

respond s t o two-dimentiona l  linea r  motio n an d feed s i t  int o a  thir d laye r  tha t  respond s t o motio n 

of  rotation ,  dilation ,  o r  contraction . 

The propose d mode l  wil l  b e teste d usin g comple x motio n (th e combinatio n o f  simple r 

motions) .  Moreover ,  th e mode l  wil l  b e introduce d t o movin g pattern s whic h giv e ris e t o 

illusor y perceptio n suc h a s th e rotatin g spira l  illusion .  I n thi s illusion ,  a  rotatin g spira l 

appear s t o expan d o r  contract .  Th e thre e layer s o f  th e presen t  mode l  resul t  i n th e extractio n o f 

elementa l  motio n whic h ca n the n b e combine d i n a n ensembl e cod e t o comput e th e perceive d 

two-dimensiona l  motion . 

The obviou s advantag e o f  suc h a  mode l  i s tha t  i t  make s us e o f  th e structur e o f  th e nervou s 

syste m a s a  natura l  wa y t o constrai n th e model .  Consequently ,  i t  ca n provid e Insigh t  Int o th e 

sequentia l  processe s Involve d i n motio n analysis . 
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