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INTRODUCTION 

When w e loo k a t  a  familia r  objec t  fro m a  nove l  viewpoint ,  w e ar e usuall y abl e t o recogniz e i t  W e ar e 
intereste d i n developin g a  mode l  o f  visio n whic h ca n efficientl y represen t  th e invarian t  informatio n require d t o 

recogniz e object s from  variou s viewpoints ,  an d whic h i s capabl e o f  acquirin g thi s informatio n throug h experi -

ence .  I n th e wcH- k describe d here ,  object s ar e modele d i n term s o f  2- D sh£ ^  features .  Usin g a  hierarchica l 

decompositio n o f  objec t  shape s allow s paralle l  extractio n o f  sub-shapes ,  provide s storag e econom y fo r  objec t 

models ,  an d facilitate s generalizatio n o f  learne d knowledg e from  on e objec t  t o another . 

The proble m o f  viewpoin t  invarian t  visio n ca n b e state d a s follows :  Th e shap e o f  a n objec t  a s see n from 

an arbitrar y viewpoin t  i s  som e rigid-body  transformatio n o f  visibl e shap e feature s o f  som e canonica l  shap e o f 

th e object .  Give n a  particula r  shap e i n a n image ,  th e visio n syste m mus t  recogniz e th e objec t  i n th e imag e a s 

an instanc e o f  th e canonica l  shape .  T o solv e th e recognitio n problem ,  viewpoin t  invarian t  feature s mus t  b e 

compute d fro m th e imag e data .  Suc h feature s w e refe r  t o a s bein g object-centered ,  sinc e the y hav e meanin g 

relativ e t o th e objec t  itsel f  rathe r  tha n t o thei r  imag e appearance .  Th e us e o f  object-centere d feature s simplifie s 

th e recognitio n proces s b y representin g aspect s o f  th e objec t  tha t  d o no t  depen d o n imagin g parameters .  I n 
addition ,  object-centere d representatio n allow s mor e powerfu l  generalizatio n capabilitie s du e t o th e simUarit y o f 

representatio n withi n a n objec t  class . 

The mode l  i s implemente d i n a  connectionis t  network ,  i n whic h nodes ,  singl y o r  i n groups ,  represen t 
shap e feature s an d link s represen t  evidentia l  relation s amon g shap e features .  W e us e a n erro r  correctio n learn -
in g metho d t o trai n th e networ k b y example .  Th e mos t  commonl y use d multi-laye r  algorith m i s th e generalize d 
delt a rul e (GDR) .  Sinc e thi s algorith m i s wea k i n a  numbe r  o f  ways ,  a  numbe r  o f  modification s t o thi s rul e 

have bee n develope d an d ̂ plie d t o thi s task .  Thes e modification s involv e th e additio n o f  loca l  constraint s t o 
th e globa l  erro r  reductio n constrain t  normall y use d t o driv e th e learning .  Th e detail s o f  thes e 

erro r  modificatio n (ErrMod )  method s ar e reporte d elsewher e [Sando n 1987] . 

I n th e followin g section s w e revie w som e wor k relate d t o ou r  own ,  an d the n presen t  th e networ k model , 
and som e simulatio n results .  Th e mai n resul t  involve s th e drainin g o f  th e uppe r  layer s o f  th e network ,  wher e th e 

desire d generalizatio n acros s translation s o f  object s i s demonstrated .  Thi s generalizatio n capabilit y  eliminate s 

th e nee d t o expos e th e syste m t o ever y objec t  unde r  ever y transformatio n i n orde r  t o obtai n complet e recogni -

tion . 

RELATED W O RK 

Two relate d model s tha t  hav e bee n describe d i n recen t  year s [Hinto n 1981 ,  Ballar d 1984 ]  attemp t  t o 
cooperativel y identif y th e transformatio n an d recogniz e th e canonica l  shap e simultaneously .  A  partia l 
identificatio n o f  th e transformatio n ca n b e use d t o consu^ n th e possibl e interpretation s o f  th e objec t  shap e an d 

vic e versa .  I n th e presen t  work ,  w e combin e th e representatio n o f  transformatio n informatio n suggeste d i n th e 

Hinto n an d Ballar d model s wit h th e hierarchica l  representatio n o f  shap e use d b y Uh r  [1972] .  A  majo r  con -

strain t  o n th e resultin g mode l  i s tha t  i t  b e amenabl e t o learnin g o f  bot h shap e an d transformation . 
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Uhr' s Recognitio n Con e 

Th e recognitio n con e i s a n exampl e o f  a  parallel-hierarchica l  visio n model .  Th e recognitio n con e consist s 

of  layer s o f  transforms .  Eac h transfor m produce s a n outpu t  valu e tha t  i s  som e characteristi c functio n o f  it s 

inpu t  values .  I n general ,  th e outpu t  value s o f  eac h transfor m ar e use d a s inpu t  value s t o othe r  transforms .  Th e 

transform s i n th e lowes t  laye r  comput e propertie s o f  th e imag e pixels ,  thos e i n th e nex t  lowes t  laye r  comput e 

propertie s o f  thes e lowes t  laye r  transfor m properties ,  an d s o forth .  Highe r  layer s i n th e recognitio n con e ar e 

logarithmicall y smalle r  tha n lowe r  layers ,  givin g a  hierarchical ,  pyramida l  structure .  Informatio n i s converge d 

as i t  proceed s u p th e cone ,  s o tha t  highe r  leve l  transforms ,  performin g loca l  operation s o n th e informatio n 

below ,  comput e mor e successivel y globa l  propertie s o f  th e imag e tha n d o transform s a t  lowe r  layers .  Th e pro -

pertie s compute d b y an y give n transfor m ar e store d locally ,  and/o r  passe d u p t o b e accessibl e t o transform s a t 

highe r  layers .  I n additio n t o th e bottom-u p processing ,  th e propert y compute d b y a  transfor m ca n b e passe d 
d o wn th e pyrami d t o provid e feedbac k t o earlie r  layers . 

Th e recognitio n con e ha s m u c h i n c o m m o n wit h th e connectionis t  paradigm .  I t  ca n b e describe d a s a 

connectionis t  networ k b y makin g th e followin g correspondence .  Eac h transfor m i s  implemente d b y a  singl e 

nod e i n th e network .  A  give n transfor m accesse s th e resul t  o f  anothe r  transfor m throug h a  connection .  Th e 

connectionis t  interpretatio n i s mor e restricte d tha n th e origina l  recognitio n con e i n th e complexit y o f  transform s 

tha t  ca n b e direcU y implemented ,  i n th e us e o f  loca l  memor y an d i n th e contro l  structur e tha t  i s  used .  Th e 

loca l  an d layere d natur e o f  th e recognitio n con e transforms ,  however ,  make s the m amenabl e t o thi s connection -
is t  interpretation . 

The Hinton / Ballard model 

A n approac h whic h explicitl y  represent s bot h th e transformatio n invarian t  shap e an d th e transformatio n 

itsel f  i s  tha t  propose d b y Hinto n [1981 ]  an d extende d b y Ballar d [1984] .  I n thi s connectionis t  model ,  process -

in g unit s ar e groupe d int o thre e distinc t  set s (se e Figur e 1) ,  referre d t o a s th e retina-base d frame ,  th e object -

base d frame  an d th e mappin g units .  Th e retina-base d unit s represen t  feature s extracte d from  th e imag e wit h 

spatia l  relation s represente d relativ e t o th e imagin g device .  Th e object-base d unit s represen t  spatia l  relation s 

relativ e t o th e object ,  without  regar d t o th e particula r  imag e representation .  Th e mappin g unit s represen t  th e 

Object-base d F r a m e 

M a p p i n g Unit s 

'  Ret ina-base d F r a m e 

Figur e 1 
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transformatio n betwee n th e retina l  shap e an d th e canonica l  coordinat e frame  represente d i n th e object-base d 

frame. 

By explicitl y  representin g th e on e transformatio n associate d wit h a n object ,  th e networ k implement s wha t 

Hinto n refer s t o a s th e singl e viewpoin t  constraint .  Retina-base d unit s comput e feature s base d o n propertie s o f 

th e imag e itself .  Object-base d unit s combin e retina-base d an d mappin g uni t  feature s t o comput e object-centere d 

features .  Th e smal l  circle s i n Figur e 1  represen t  th e conjunctiv e modificatio n o f  th e retina-base d t o object -

base d connectio n b y th e mappin g units .  Similarly ,  mappin g unit s us e informatio n fro m bot h retina-base d an d 

object-base d unit s t o comput e th e curren t  objec t  transformation .  Thi s computatio n i s no t  represente d i n th e 
figure.  Th e interdependenc e o f  th e object-base d an d mappin g unit s require s a  cooperativ e computatio n i n 

whic h a  partia l  rebul t  i n on e se t  o f  unit s improve s th e resul t  i n th e othe r  set . 

NETWORK MODEL 

Th e basi c structur e o f  ou r  mode l  i s tha t  o f  a  pyramid-lik e primar y networ k i n whic h shajj e feature s ar e 

hierarchicall y represented ,  augmente d wit h a  secondar y 'context '  networ k i n whic h transformatio n informatio n 

i s represented .  Th e transformatio n informatio n i s conjunctivel y combine d wit h shap e features ,  a t  variou s level s 

of  th e pyramid ,  t o produc e representation s o f  shap e tha t  ar e successivel y mor e object-centere d i n highe r  layer s 
of  th e network .  Th e gradua l  transitio n fro m strictl y retina-base d t o strictl y object-base d feature s ha s tw o advan -

tages .  First ,  th e increase d connectivit y du e t o conjunctiv e combinatio n i s sprea d ove r  severa l  layers .  Second , 
loca l  connectivit y i s maintained ,  whic h allow s th e recognitio n con e t o discriminat e feature s o f  locally ,  an d suc -

cessivel y mor e globally ,  interactin g objects .  W e refe r  t o al l  layer s o f  th e shap e pyrami d belo w th e poin t  wher e 
contex t  informatio n i s  introduce d a s retina-base d layers .  Al l  layer s abov e an y us e o f  contex t  informatio n ar e 

object-centere d layers .  Thos e layer s i n betwee n ar e transitio n layers . 

Th e particula r  instantiatio n o f  thi s mode l  tha t  ha s bee n simulate d i s a  2- D translatio n networ k whic h 

succeed s i n recognizin g variou s stick-figur e pattern s unde r  al l  translation s withi n a  smal l  imag e plane ,  (se e 

Figur e 2) .  Laye r  0  i s th e inpu t  image .  Shap e feature s ar e represente d i n layer s 1  throug h 4 ,  wit h laye r  5 

representin g object s t o b e recognized .  Th e transformatio n (i n thi s case ,  translation )  o f  th e objec t  i s  represente d 

i n layer s l '  throug h A" .  Th e output s o f  th e uppe r  tw o layer s o f  th e contex t  networ k ar e conjunctivel y combine d 
wit h shap e feature s a t  layer s 3  an d 4  i n th e shap e hierarchy . 

I n th e Hinto n model ,  i t  i s  suggeste d tha t  bot h shap e an d transformatio n ca n b e extracte d fro m th e image . 

Thi s require s tha t  th e identit y o f  th e shap e b e use d t o defin e th e transformation ,  an d tha t  th e identit y o f  th e 

transformatio n b e use d t o defin e th e shape .  Thes e mutuall y dependen t  definition s o f  shap e an d transformatio n 
requir e feedbac k path s an d a  relaxation  proces s fo r  computatio n b y a  network .  I n orde r  t o maintai n th e feedfor -

war d structur e o f  th e network ,  w e d o no t  includ e th e feedbac k ter m fro m th e object-centere d feature s i n com -

putin g th e transformation .  Fo r  th e object s use d i n ou r  simulations ,  th e networ k i s abl e t o comput e th e transfor -
matio n withou t  thi s feedbac k term . 

Eac h laye r  i n th e networ k consist s o f  a  compac t  squar e arra y o f  competin g nod e clusters .  A  cluste r  i s 

compose d o f  a  numbe r  o f  nodes ,  typicall y fro m 2  t o 9 ,  whic h compet e fo r  adjustment s t o thei r  connectio n 
weight s throug h th e erro r  modificatio n learnin g mechanism .  Eac h nod e i s implemente d a s a  logisti c processin g 

elemen t  [Rumelhart ,  e t  al .  1986] .  Th e inpu t  imag e is-1 5 pixel s o n a  side .  Layer s 1- 5 an d 1* ^  t o 4" ^  ar e com -
pose d o f  13 ,  11 ,  5 ,  3 ,  1 ,  9 ,  7 ,  3  an d 3  cluster s o n a  side ,  respectively.  Th e siz e o f  th e cluste r  i n th e outpu t 
laye r  (laye r  5 )  range s from  6  t o 5 0 i n variou s simulations . 

D ue t o th e complexit y o f  thi s networ k an d th e variou s characteristic s o f  th e networ k structur e an d learn -
in g algorithm s t o b e demonstrated ,  w e hav e simulate d separat e piece s o f  th e network ,  whic h w e n o w describe . 

211 



SANDON,  UH R 

layer 5 

layer 4 

laye r  4< = 

_L 

laye r  3 ^ 

layer 2<^ 

laye r  3 

laye r  l' ^ 

laye r  2 
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Figur e 2 

EXPERIMENTS 

Learning object-centered representations 

The first  learnin g simulatio n use s th e to p thre e layer s o f  th e shap e pyrami d (layer s 3-5) ,  an d th e to p laye r 

of  th e contex t  networ k (laye r  4') .  Thi s simulatio n demonstrate s tha t  objec t  recognitio n ca n b e learne d throug h 

th e developmen t  o f  object-centere d featur e detector s an d explici t  representation s o f  locatio n information . 

To simulat e thi s 3-laye r  network ,  w e provid e inpu t  directl y t o layer s 3  an d 2 ^  Pattern s ar e provide d t o 

variou s intermediat e layer s o f  th e networ k i n th e experiment s described .  Th e pattern s chose n ar e consisten t 

wit h a  particula r  intwpretatio n tha t  ca n b e represente d b y th e node s a t  tha t  layer ,  thoug h man y othe r  representa -

tion s ar e possible .  On e o f  si x 'letter '  pattern s (se e Figur e 3 )  i n on e o f  nin e location s i s presente d i n laye r  3 .  A 

singl e activatio n o f  on e o f  nin e node s i n laye r  2' ^  represent s th e locatio n informatio n fo r  th e contex t  sub -

network .  Usin g thes e si x shap e pattern s an d nin e location s yield s a  se t  o f  5 4 image s t o b e presente d t o th e net -

work .  Thes e ar e spli t  int o a  se t  o f  2 7 trainin g pattern s an d 2 7 tes t  patterns .  A  response  i s considere d correc t  i f 

th e maximall y activ e outpu t  nod e correspond s t o th e correc t  patter n clas s an d ha s a n outpu t  valu e greate r  tha n 

.5 . 

I n th e first  experiment ,  learnin g o f  th e 2 7 trainin g pattern s proceed s quickly ,  yieldin g 8 9 % performanc e 

i n 50 0 cycle s usin g GDR.  However ,  whe n th e remainin g 2 7 pattern s ar e presente d t o th e networ k a s a  tes t  set , 

onl y 4  ar e correctl y classified .  Thi s combinatio n o f  relativel y fas t  learnin g an d wea k generalizatio n indicate s 

tha t  th e capacit y o f  th e networ k t o stor e pattern s i s hig h compare d t o th e numbe r  o f  pattern s t o b e stored .  Thi s 

allow s th e networ k t o perfor m wel l  b y representing  eac h patter n individually ,  rathe r  tha n a s a  se t  o f  share d 

feattire s base d o n th e regularitie s intrinsi c t o th e patter n collection .  Th e resul t  i s  rot e learning ,  whic h lack s gen -

eralizatio n capability .  T o overcom e thi s problem ,  th e capacit y o f  th e networ k i s limite d i n th e succeedin g 

experiment s b y usin g onl y si x o f  th e eightee n node s o f  laye r  4 . 
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Figur e 3 

Repeating the training experiment using GDR on the 27 training patterns results in 75% recognition per-

formanc e afte r  500 0 cycles .  Erro r  modificatio n improve s thi s resul t  t o 9 6 % performanc e afte r  500 0 cycles . 
Th e reduce d capacit y o f  th e networ k ha s increase d th e difficult y o f  th e learnin g task ,  a s expected .  However ,  i n 

th e simulatio n usin g erro r  modification ,  onl y tw o o f  th e nine  contex t  node s ar e utilized ,  i n th e sens e tha t  the y 

ar e activ e fo r  som e pattern s an d no t  fo r  others .  Sinc e th e locatio n informatio n i s implici t  i n th e image ,  th e pri -
mar y networ k i s capabl e o f  solvin g m u c h o f  thi s tas k withou t  th e explici t  representation  o f  locatio n supplie d b y 

th e contex t  network .  Thi s wil l  no t  lea d t o th e desire d object-centere d features ,  however ,  whic h ar e generaliza -

tion s ove r  objec t  locations .  Th e result s o f  applyin g th e adapte d networ k t o th e tes t  pattern s ar e agai n 4  o f  2 7 

CCXTCCL 

I n th e nex t  experimen t  w e us e th e ful l  se t  o f  5 0 shap e pattern s an d 9  location s fo r  a  tota l  o f  4 5 0 imag e 
patterns .  I n orde r  t o achiev e goo d recognitio n performanc e o n thi s task ,  th e netwoi k mus t  represen t  patter n 

feature s mor e efficiwiU y tha n i n th e previou s experimen t  W e us e a  trainin g se t  o f  15 0 pattern s leavin g 30 0 
pattern s a s a  tes t  set .  Th e se t  o f  15 0 trainin g pattern s include s 3  presentation s o f  eac h o f  th e 5 0 fixed  pattern s 
i n thre e differen t  locations . 

Th e increase d numbe r  o f  pattern s make s thi s tas k mor e difficul t  tha n th e previou s one .  Usin g G D R ,  onl y 

1 2 % o f  th e pattern s ar e correctl y recognize d afte r  2000 0 cycle s o f  training .  Usin g erro r  modification ,  perfor -

mance o n th e trainin g se t  reache s 1 0 0 % afte r  1200 0 cycle s (8 0 presentation s pe r  pattern) .  Tabl e 1  present s th e 
result s o f  runnin g a  se t  o f  1 0 testcase s usin g G D R an d erro r  modification .  I n th e G D R simulation ,  th e networ k 
di d no t  lea m t o correctl y classif y enoug h o f  th e trainin g pattern s t o demonstrat e an y significan t  generalization . 
I n th e errcf f  modificatio n simulation ,  seve n o f  th e te n testcase s resulted  i n perfec t  classificatio n o f  th e trainin g 

patterns ,  an d eac h o f  thos e testcase s demonstrate d a  stron g generalizatio n t o th e tes t  patterns . 

Tabl e 1  -  Learnin g performanc e o n trainin g an d tes t  pattern s 
% performanc e afte r  2000 0 cycle s 

Testcas e 

A 
B 
C 
D 
E 
F 
G 
H 
I 
J 

GDR 
trainm g tes t 

37 6 

4 0 6 
35 6 
38 9 

31 1 1 

38 8 

42 6 
31 1 0 
30 8 
39 1 1 

ErrMo d 
trainin g 

100 
90 
76 

100 
100 
100 
92 

100 
100 
100 

tes t 

100 
44 
23 
99 

100 
100 
40 

100 
91 

100 
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Generalizatio n allow s unknow n pattern s t o b e correctl y classified ,  a s demonstrate d above .  I n addition , 

generalizatio n lead s t o efficien t  learnin g sinc e som e knowledg e o f  learne d pattern s i s transferre d t o relate d unk -

n o wn patterns .  Ther e ar e a  numbe r  o f  way s t o demonstrat e thi s transfer .  Tabl e 2  present s th e numbe r  o f 

cycle s neede d t o reac h m a x i m u m performanc e fo r  variou s trainin g se t  sizes ,  usin g testcas e A .  I f  n o generaliza -

tio n take s place ,  w e expec t  th e tim e neede d t o trai n th e networ k t o increas e as  th e siz e o f  th e trainin g se t 

increases .  However ,  Tabl e 2  show s tha t  th e tim e neede d t o trai n th e networ k o n al l  45 0 pattern s i s les s tha n 

tha t  neede d t o trai n o n 10 0 patterns .  Thi s indicate s stron g generalizatio n amon g pattern s whic h enhance s th e 

learnin g o f  additiona l  pattern s whic h fit  th e generalization . 

Th e se t  o f  experiment s describe d i n thi s sectio n demonstrate s th e ke y networ k capabilit y  tha t  i s  desire d 

fo r  recognizin g familia r  object s fro m nove l  viewpoints . 

Other sub-networks 

We n o w describ e additiona l  simulation s tha t  demonstrat e th e behaviw s o f  othe r  sub-networks . 

Context .  T o demonstrat e th e learnin g o f  contex t  informatio n from  shap e feature s w e simulate d th e net -

wor k compose d o f  layer s 0 ,  1 ,  2 ,  l" ^  an d " t  o f  th e 2- D Translatio n network .  Pattern s ar e presente d a s activa -

tion s o f  th e inpu t  node s o f  laye r  0 .  Th e weight s o f  th e node s i n layer s 1  an d 2  ar e predetermine d t o extrac t 

simpl e lin e feature s from  th e image .  Th e inpu t  pattern s presente d ar e thos e correspondin g t o 1 7 o f  th e 5 0 

shape s an d 2 5 o f  th e 4 9 location s use d i n th e previou s simulation .  Th e desire d output ,  a t  laye r  ' t  i s  t o hav e a 

singl e activ e nod e correspondin g t o on e o f  4 9 location s o f  th e shap e i n th e image . 

Thi s two-laye r  learnin g tas k turn s ou t  t o b e fairl y eas y fo r  th e G D R algorithm .  Th e networ k i s abl e t o 

reac h 1 0 0 % performanc e i n 450 0 cycles . 

Retinotopic .  Th e secon d simulatio n involve s th e lowe r  layer s o f  th e network ,  wher e featur e representa -

tion s ar e purel y retina-based .  Thes e layer s ar e 4  an d 5  layer s remove d from  direc t  training .  Thi s result s i n ver y 

weak trainin g signal s fro m th e layer s above .  Fo r  thi s reason ,  w e appl y th e method s o f  erro r  augmentatio n 

[Sando n 1987] ,  whic h combine s top-dow n erro r  drive n learnin g wit h bottom-u p stimulu s drive n learning . 

For  thi s simulation ,  w e adap t  th e first  fou r  layer s o f  th e shap e network .  Inpu t  pattern s ar e presente d a t 

laye r  0 .  A t  layer s 1  an d 2 ,  a n erro r  augmentatio n algorith m i s use d t o adap t  th e weights .  A t  layer s 3  an d 4 , 

G DR i s used .  Trainin g inpu t  i s provide d directl y t o laye r  4 . 

Usin g a  se t  o f  10 0 patterns ,  eac h consistin g o f  on e o f  4 7 shape s a t  on e o f  2 5 locations ,  th e performanc e 

of  thi s networ k reache s 6 1 % afte r  2000 0 cycles .  Th e significanc e o f  thi s simulatio n i s i n demonstratin g tha t  th e 

lo w leve l  feauires ,  develope d mostl y throug h a  bottom-u p process ,  ar e sufficien t  t o produc e th e feature s a t 

highe r  layer s tha t  ar e require d b y th e translation-invarian t  recognitio n task .  Usin g th e self-organizin g com -

ponen t  alon e i n th e lowe r  tw o layer s yield s a  performanc e o f  onl y 1 1 % . 

Transition .  Th e final  simulatio n concern s th e gradua l  transitio n o f  retina-base d t o object-base d features . 

For  thi s purpose ,  w e simulat e layer s 2 ,  3 ,  4 ,  't ,  3" ^  an d 4 '  o f  th e 2- D Translatio n networic .  Input s ar e supplie d 

Tabl e 2 ,  -  Learnin g performanc e o f  ErrMo d 

M a x i m u m performanc e 

and cycle s neede d t o achiev e i t 

siz e 

50 
100 
150 
200 
450 

% performanc e ey e les( x 1000 ) 

9 9 2 0 

96 2 0 
100 1 2 
100 1 4 
100 1 0 
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directly to layers 2 and 2'^, while training input is provided to layer 4. 

Learnin g i n thi s sub-networ k i s difficul t  becaus e i t  involve s tw o contex t  layer s comprisin g on e two-laye r 

and on e three-laye r  backpropagatio n path .  Mos t  previou s wor k usin g error-correctio n learnin g i n layere d net -

work s ha s bee n applie d t o two-laye r  netwoik s withou t  conjunctiv e connections .  Erro r  modificatio n i s  use d a t 

bot h contex t  layer s t o obtai n sufficien t  differentiatio n o f  functio n amon g th e node s t o allo w learnin g t o tak e 

place .  I n addition ,  erro r  augmentatio n i s  use d i n th e contex t  layer s du e t o th e lengt h o f  th e backpropagatio n 

path . 

Thi s simulatio n use s 10 0 inpu t  pattern s eac h consistin g o f  on e o f  4 7 shape s an d 9  locations .  Afte r  2000 0 
cycles ,  networ k performanc e reache s 8 0 % ,  bu t  i t  doe s no t  improv e durin g a n additiona l  1000 0 cycles . 

Althoug h th e combinatio n o f  learnin g algorithm s lead s t o onl y 8 0 % performanc e o n thi s task ,  th e resul t  i s 

encouragin g considerin g th e difficult y o f  th e task . 

CONCLUDING REMARKS 

We hav e describe d a  networ k mode l  o f  shap e classificatio n tha t  i s  enabl e o f  learnin g t o recogniz e 

object s unde r  variou s translations ,  includin g nove l  ones .  Th e 2- D translatio n networ k successfull y learn s t o 

"recogniz e familia r  object s fro m nove l  viewpoints "  b y developin g object-centere d representation s o f  th e shape s 

throug h th e explici t  representation  o f  location .  Thes e transformation-invarian t  feature s suppor t  th e necessar y 
generalizatio n o f  shap e informatio n acros s locations . 

I n th e simulation s tha t  hav e bee n described ,  w e hav e ha d t o appl y inpu t  an d trainin g pattern s a t  inter -

mediat e layer s o f  th e network .  Ou r  abilit y  t o defin e suc h pattern s m a y impl y a n understandin g o f  thi s particu -
la r  proble m whic h obviate s th e nee d fo r  learning .  However ,  w e hypothesize ,  an d inten d t o demonstrate ,  tha t 
th e sam e networi c structur e ca n b e applie d t o a  proble m involvin g non-rigi d transformations ,  suc h a s recognitio n 

of  handwritte n letters .  I n suc h a  task ,  th e choic e o f  a  prior i  representation s fo r  eac h laye r  o f  th e networ k 

woul d b e extremel y difficult ,  makin g learnin g a  crucia l  par t  o f  th e modelin g process . 
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