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A Mode l  fo r  Parsing ,  Learnin g an d Recognizin g Object s 
i n a  Comple x Environmen t 

Arnold Trehub 
Departmen t  o f  Psycholog y 

Universit y o f  Massachusetts ,  Amhers t 

ABSTRACT 

A neuronal model is described that can parse, learn, 
and recogniz e object s i n a  comple x visua l  environment . 
A compute r  simulatio n o f  th e mode l  networ k wa s teste d 
wit h a  variet y o f  scene s an d exhibit s competen t  per -
formanc e , 

INTRODUCTION 

The problem of cognitive adaptation without a prior knowledge base 
constitute s a  ubiquitou s an d vexin g issu e i n cognitiv e science .  Imagin e a 
perso n i n a n absolutel y unfamilia r  environment ,  on e i n whic h al l  visua l 
pattern s ar e completel y novel .  Wher e woul d th e perso n look ? Sinc e an y 
poin t  o f  gaz e woul d presumabl y b e n o mor e meaningfu l  tha n another ,  ho w coul d 
one pars e th e scen e int o objects ? Ho w coul d th e object s b e learne d an d 
committe d t o memory ? Thi s pape r  present s a  compute r  simulatio n o f  a 
detaile d neurona l  syste m tha t  i s plausibl e withi n biologica l  constraint s 
and ca n accomplis h thes e fundamenta l  visual-cognitiv e tasks .  Th e mode l  i s 
compose d o f  severa l  putativ e neurona l  mechanism s propose d i n earlie r  paper s 
(Trehub ,  1975 ,  1977 ,  i n press )  whic h hav e bee n organize d i n a n integrate d 
syste m tha t  ca n dea l  competentl y wit h nove l  an d comple x visua l  environments . 
The neurona l  mode l  wil l  b e briefl y describe d an d the n a  compute r  simulatio n 
of  th e model' s behaviou r  wil l  b e presented . 

NEURONAL MODEL 

Following is an outline of the principal processing elements in the 
model . 

1. Center-surround mechanisms in the retina and lower-level 
visua l  nucle i  extrac t  simpl e contour s fro m th e light-intensit y 
array . 

2.  Ther e ar e cell s whic h integrat e contou r  excitatio n ove r  small , 
discret e region s o f  th e entir e visua l  field .  Thes e ar e calle d flu x 
detector s an d serv e t o driv e visua l  saccade s t o region s o f  maximu m 
contou r  flux , 

3.  Ther e i s a  visua l  fiel d constrictio n mechanis m tha t  ca n limi t 
th e effectiv e stimulu s inpu t  t o a n are a o f  variabl e retina l  diamete r 
centere d o n th e fovea l  axi s 

4,  Ther e i s a  post-retina l  dynami c visua l  buffe r  calle d a 
retinoi d whic h ca n translat e pattern s o f  retina l  stimulatio n ove r  a n 
egocentri c coordinat e space .  Thi s modul e locate s an d position s patter n 
centroid s o n a  standar d referenc e axi s withi n th e visua l  system . 

5.  Ther e i s a n adaptiv e networ k calle d a  synapti c matri x whic h 
ca n learn ,  recogniz e an d imag e visua l  patterns . 
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F IGURE 1 .  Block- f lo w diagra m o f  processin g sequence . 
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FIGURE 2 .  Schemati c o f  a  synapti c matr ix .  Af feren t  input s fro m opti c trac t 

designate d a ^ j .  Mosai c cel l s designate d M .  Dot s represen t  f ixe d ex -

ci tator y synapses .  Shor t  obl iqu e slashe s represen t  f ixe d inhibitor y synap -

ses .  Lozenge s represen t  adaptiv e excitator y synapses .  Rese t  neuron s marke d 

(  -  )  generate s a n inhibitor y postsynapti c potent ia l  t o rese t  al l  clas s 

cell s (  Q  )  whe n discharged .  Give n a n arbitrar y patter n input ,  tha t  clas s 

cel l  couple d wit h th e filte r  cel l  (  f  )  havin g th e highes t  product-su m o f 

afferen t  axo n activit y (  Mf̂ ĵ̂ . )  an d correspondin g synapti c transfe r  weight s 

(  (j *  i j ) .  wil l  fir e firs t  an d inhibi t  th e outpu t  o f  al l  competin g clas s 

cells . 
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The diagra m show n i n Fig .  1  give s a  roug h representatio n o f  th e pro -
cessin g sequence .  Th e majo r  module s ar e outline d below .  Spac e limitation s 
preclud e a  mor e detaile d presentatio n o f  thei r  operatin g principle s whic h 
ca n b e foun d i n othe r  publication s (Trehub ,  1975 ,  1977 ,  1985 ,  i n press) . 

Synaptic Matrix. Figure 2 shows a basic version of the neuronal net-
wor k tha t  ha s th e capabilit y  o f  learnin g comple x retina l  inpu t  patterns . 
I f  a  patter n exempla r  ha s bee n learned ,  subsequen t  stimulatio n b y a  simila r 
patter n result s i n th e discharg e o f  a  particula r  outpu t  cel l  (clas s cell ) 
tha t  ha s bee n associate d wit h th e origina l  exempla r  durin g th e learnin g 
process .  I n effect ,  thi s cel l  represen t  th e biologica l  nam e o f  it s assoc i 
ate d pattern .  Conversely ,  th e discharg e o f  a  clas s cel l  alon e ca n generat e 
i n a n arra y o f  mosai c cell s th e afferen t  firin g patter n (image )  initiall y 
evoke d onl y b y th e learne d retina l  stimulus .  Learnin g occur s i n th e detec -
tion-matri x fiel d whe n mosai c cell s carryin g a n inpu t  patter n fir e i n vir -
tua l  coincidenc e wit h th e discharg e o f  a  previousl y unmodifie d filte r  cell , 
and i n th e imaging-matri x fiel d whe n a  clas s cel l  i s  fire d i n coincidenc e 
wit h discharg e i n th e mosaic-cel l  array .  Th e physica l  substrat e o f  learnin g 
i s a n adaptiv e long-ter m chang e i n th e distributio n o f  synapti c transfe r 
weight s (  <| )  )  o n th e dendrite s o f  filte r  cell s an d mosai c cells . 

Retinoids .  Th e neurona l  structur e show n i n Fig .  3  i s a  post-retina l 
mechanis m calle d a  retinoi d becaus e i t  represent s visua l  spac e an d project s 
afferent s t o th e mosaic-cel l  array .  Thi s modul e ma y b e though t  o f  a s a 
visua l  scratch-pa d wit h phasi c an d dynami c content .  Th e mediu m o f  storag e 
i s assume d t o b e a  retinotopicall y organize d shee t  o f  excitator y autapti c 
neurons .  Cell s o f  thi s typ e hav e a t  leas t  on e o f  thei r  axo n collateral s 
i n recurren t  excitator y synaps e wit h thei r  ow n cel l  bod y o r  dendrit e 
(Shepherd ,  1974) . 

I f  ther e i s a  patter n o f  excitatio n evoke d o n a  retinoid ,  thi s capture d 
patter n ca n b e spatiall y  translate d i n an y directio n b y appropriat e pulse s 
fro m th e shif t  command cells .  Fo r  example ,  eac h puls e fro m th e shift-righ t 
lin e wil l  transfe r  standin g activit y fro m eac h activ e autapti c cel l  t o th e 
adjacen t  autapti c cel l  o n it s righ t  and ,  a t  th e sam e time ,  eras e activit y 
i n th e previousl y activ e cel l  (th e dono r  cell )  unles s tha t  cel l  i s  als o 
receivin g transfere d excitatio n fro m a n autapti c cel l  t o it s immediat e left . 
The mor e rapi d th e pulses ,  th e mor e rapi d wil l  th e patter n move ;  th e longe r 
th e puls e trai n i s sustained ,  th e greate r  wil l  b e th e distanc e ove r  whic h 
th e patter n i s moved .  Appropriat e sequence s o f  shif t  right/left ,  shif t 
up/down ,  ca n mov e th e patter n o f  cel l  activit y t o an y positio n o n th e 
retinoi d surface . 

Imagin e th e retinoi d a s a  quadrantall y organize d surface ,  wit h eac h 
quadran t  receivin g retinotopi c afferent s fro m it s respectiv e retina l  quad -
rant .  I f  th e excitatio n o f  a  standin g patter n i s summed independentl y ove r 
eac h quadrant ,  an d i f  th e relativ e magnitude s o f  th e summed discharge s ar e 
use d t o driv e eithe r  th e positio n o f  th e ey e o r  th e shif t  contro l  cell s i n 
th e retinoid ,  the n w e hav e a  neurona l  mechanis m whic h ca n alig n th e centroi d 
of  an y retina l  stimulu s wit h th e centra l  axi s o f  retinoi d spac e (Trehub , 
1985) .  We defin e th e norma l  fovea l  axi s a s tha t  axi s correspondin g t o th e 
lin e o f  sigh t  o f  th e fove a whe n th e eye s ar e straigh t  ahead ,  th e hea d 
unturned ,  an d th e shoulder s squar e wit h th e body .  I t  i s  assume d tha t  th e 
centra l  axi s i n retinoi d spac e correspond s wit h th e norma l  fovea l  axis . 

The quandranta l  summatio n field s fo r  retinoi d outpu t  ar e abbreviate d 
as follows : 
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FIGURE 3 .  Translatio n retinoid .  Larg e square s represen t  autapti c cell s 
servin g short-terr a memory .  Smal l  fille d triangle s represen t  interneurons . 
Shift-contro l  cell s designate d b y directio n o f  effect . 

LF =  outpu t  fro m lef t  retinoi d field . 
RF =  outpu t  fro m righ t  retinoi d field . 
TF =  outpu t  fro m to p retinoi d field . 
BF =  outpu t  fro m botto m retinoi d field . 

I f  th e differenc e betwee n tota l  outpu t  i n RF-L F an d TF-B F respectivel y wer e 
t o driv e a n eyebal l  i n th e directio n o f  th e greate r  excitatio n i n th e hem i 
field s define d b y th e tw o orthogona l  axes ,  th e fove a woul d hun t  unti l  i t 
targete d th e contou r  centroi d o f  an y stimulu s patter n presente d t o th e 
retina .  Alternatively ,  i f  th e poin t  o f  ey e fixatio n doe s no t  change ,  the n 
a patter n wit h a  parafovea l  centroi d ca n b e translate d ove r  th e retinoi d 
surfac e s o tha t  it s centroi d fall s  o n th e norma l  fovea l  axi s o f  th e 
retinoid .  Thi s i s don e b y usin g th e hemifiel d mismatche s t o driv e th e 
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FIEL D CONSTRICTORS 

FIGURE 4 .  Control s fo r  constrictin g effectiv e visua l  field .  Discharg e o f 
constricto r  neuro n 1  block s inpu t  fro m rin g 4  (oute r  ring) ;  discharg e o f 
constricto r  3  block s inpu t  fro m ring s 4 ,  3 ,  2 ,  restrictin g inpu t  t o rin g 
1,  th e innermos t  rin g o f  afferents . 

shift-contro l  cell s s o tha t  excitatio n i s balance d ove r  retinoi d quadrants . 
Fiel d Constrictor .  I t  i s  possibl e t o devis e a  numbe r  o f  differen t 

coordinat e representation s fo r  retinotopi c indexing ,  bu t  I  hav e foun d a 
ring-ra y representatio n t o b e particularl y usefu l  an d efficient .  I n thi s 
scheme,  recepto r  cell s i n th e retin a an d thei r  associate d afferen t  projec -
tion s ar e indexe d wit h respec t  t o th e centra l  fovea l  axi s i n term s o f  thei r 
location s o n imaginar y concentri c ring s (i )  centerin g o n th e axis ,  an d 
imaginar y ray s (j )  projectin g fro m th e axi s an d intersectin g al l  rings . 
Thi s retina l  organizatio n easil y lend s itsel f  t o CNS contro l  o f  th e afferen t 
fiel d aperture .  Figur e 4  show s ho w inhibitor y neuron s ca n imping e success -
ivel y o n entir e ring s o f  mosai c cell s t o constric t  th e diamete r  o f  th e 
effectiv e visua l  field . 

COMPUTER SIMULATIO N 

A 22x2 2 cel l  retin a an d th e neurona l  mechanism s outline d abov e wer e 
simulate d i n a  digita l  computer .  Indoo r  (near )  an d outdoo r  (far )  environ -
ment s wer e create d i n sketch-to-pixe l  conversions ,  an d thes e environment s 
wer e presente d t o th e simulate d visua l  syste m fo r  parsing ,  learning ,  an d 
objec t  recognition . 

At  th e star t  o f  eac h scene-parsin g operation ,  th e mode l  firs t  fixate d 
on th e retinotopi c locu s o f  th e flu x detecto r  wit h maximu m output ,  the n 
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th e afferen t  fiel d apertur e close d t o th e full y constricte d stat e whic h 
was arbitraril y  se t  a t  si x retina l  unit s i n widt h an d height .  Th e full y 
expande d afferen t  apertur e wa s limite d t o 22x2 2 retina l  units .  Wheneve r 
th e visua l  apertur e reache d th e stat e o f  ful l  expansion ,  th e excitatio n 
patter n o n th e retinoi d wa s gate d t o th e synapti c matri x fo r  recognitio n 
(an d learnin g i f  th e patter n wa s incorrectl y identified) .  Startin g erro r 
toleranc e wa s se t  a t  thre e unit s fo r  quadranta l  disparit y ove r  eithe r  th e 
horizonta l  o r  vertica l  axes .  A t  an y fixe d aperture ,  i f  erro r  toleranc e 
was exceede d o n a  give n axis ,  th e retinoi d patter n wa s shifte d i n th e 
appropriat e directio n t o reduc e hemifiel d disparit y o n tha t  axis .  When 
patter n positio n satisfie d erro r  toleranc e fo r  on e axis ,  th e patter n wa s 
shifte d o n th e othe r  axis ,  unles s i t  wa s alread y withi n tolerance .  If , 
now,  shiftin g th e imag e o n th e secon d axi s resulte d i n a n unacceptabl e erro r 
on th e first ,  erro r  toleranc e wa s relaxe d on e unit .  Wheneve r  th e patter n 
was brough t  withi n axia l  toleranc e fo r  bot h horizonta l  an d vertica l  dis -
parities ,  th e afferen t  apertur e expande d on e uni t  an d th e proces s wa s 
repeate d unti l  ful l  apertur e wa s achieved .  Thi s operatio n wa s assume d t o 
involv e a n expenditur e o f  processin g effort ,  an d i f  a  retinoi d shif t  o f 
nin e unit s o n an y axi s di d no t  brin g it s disparit y withi n toleranc e limits , 
th e syste m stoppe d tryin g a t  it s  curren t  fixatio n an d initiate d a  saccad e 
t o th e nex t  highes t  flu x region . 

I n it s initia l  state ,  th e neurona l  syste m i s presente d wit h a  rando m 
visua l  patter n an d taugh t  t o cal l  thi s patter n "RANDOM".  Thi s simpl y mean s 
tha t  on e filte r  cel l  i n th e detectio n matri x an d a  spatiall y  correlate d 
arra y o f  mosai c cell s i n th e imagin g matri x hav e bee n synapticall y tune d 
t o th e rando m exemplar . 

The firs t  "natural "  environmen t  learne d wa s a n outdoo r  scen e consistin g 
of  trees ,  a  house ,  severa l  animals ,  a  building ,  a  car ,  an d th e outlin e o f 
distan t  hills .  Sinc e th e simulatio n doe s no t  incorporat e mechanism s o f 
visua l  accommodatio n o r  stereopsi s (se e Trehub ,  1978) ,  th e operato r  i s aske d 
by th e mode l  t o provid e a  roug h estimat e (i n feet )  o f  it s  viewin g distanc e 
fro m th e majo r  element s o f  th e scene .  Th e operato r  estimate s th e distanc e 
as 20 0 fee t  an d provide s thi s informatio n t o th e network .  Parsin g the n 
proceed s accordin g t o th e principle s discusse d above .  Afte r  a  patter n ha s 
bee n fixate d an d registere d o n th e retinoid ,  i t  i s  passe d t o th e synapti c 
matri x wher e i t  i s  identifie d an d name d a s "RANDOM"  because ,  i n it s utterl y 
naiv e condition ,  thi s i s it s onl y availabl e response .  Th e mode l  the n ask s 
th e operato r  t o infor m i t  i f  th e respons e i s righ t  o r  wrong .  Le t  u s sa y 
tha t  th e objec t  i t  ha s happene d t o pars e i s a  hous e o r  par t  o f  a  house ; 
the n i t  i s  tol d tha t  th e respons e i s wrong .  A t  thi s point ,  th e mode l 
change s th e synapti c weight s o n a  previousl y unmodifie d filte r  cel l  i n 
accordanc e wit h th e excitatio n patter n o n it s mosaic-cel l  arra y an d th e 
learnin g equation .  I t  shoul d b e note d her e tha t  i f  ther e wer e n o operato r 
t o infor m th e syste m abou t  th e correctnes s o f  it s  response ,  lo w frequenc y 
discharg e o f  it s  filte r  cell s ca n provid e a  signa l  tha t  th e curren t  stimu -
lu s i s novel ,  triggerin g th e automati c learnin g o f  th e nove l  objec t  (Trehub , 
1977) .  Afte r  th e filte r  cel l  ha s bee n tune d t o th e stimulus ,  th e mode l 
ask s fo r  a  nam e t o b e associate d wit h th e clas s cel l  whic h i s couple d t o 
th e just-modifie d filte r  cell .  Th e operato r  the n provide s th e appropriat e 
name "HOUSE" .  Thi s nam e the n become s par t  o f  a  neurona l  lexico n i n whic h 
i t  i s  connecte d wit h th e filter-cell-class-cel l  couple t  whic h ha s jus t 
learne d th e exempla r  o f  a  house .  Th e mode l  the n parse s anothe r  objec t  an d 
i f  it s  recognitio n respons e i s correct ,  parsin g continues ;  i f  incorrect , 
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FIGURE 5 .  Example s o f  th e distributio n o f  synapti c transfe r  weight s o n 
dendrite s o f  filte r  cell s whic h hav e learne d visua l  patterns .  Eac h poin t 
on th e dendriti c  lin e represent s a  particula r  synapti c location .  Amplitud e 
of  eac h vertica l  lin e represent s relativ e magnitud e o f  transfe r  weigh t  fo r 
tha t  synapse .  Th e object s learne d b y th e cell s show n ar e a s follows :  (1 )  a 
rando m visua l  pattern ;  (2 )  a  car ;  (3 )  a  differen t  car ;  (4 )  a n animal ;  (5 )  a 
differen t  animal ;  (6 )  a  building ;  (7 )  a  house ;  (8 )  a  differen t  building . 

the new object is learned (synaptic modification of another available filter 
cell ,  etc )  an d scen e processin g continue s unti l  a  prese t  numbe r  o f  saccade s 
ar e made ,  durin g whic h object s ar e fixated ,  translate d t o th e norma l  fovea l 
axis ,  recognized ,  an d learne d i f  necessary . 

The secon d environmen t  learne d wa s a  deskto p wit h a  book ,  telephone , 
ashtray ,  pencil ,  an d bookmark .  Th e viewin g distance ,  i n thi s case ,  wa s 
estimate d t o b e fiv e feet .  Parsin g an d learnin g th e object s i n thi s scen e 
the n proceede d a s i n th e outdoo r  environment .  Variation s o f  bot h kind s o f 
environment s wer e create d an d expose d t o th e mode l  unti l  a  tota l  o f  2 5 
exemplar s o f  object s i n thes e scene s wer e learne d togethe r  wit h thei r 
appropriat e names .  Example s o f  synapti c transfer-weigh t  (  (\ )  )  distribution s 
on filter-cel l  dendrite s fo r  th e firs t  eigh t  pattern s learne d ar e show n i n 
Fig .  5 .  Th e selectivit y o f  recognitio n respons e i s determine d b y th e dif -
ference s amon g suc h 4>-distribution s ove r  th e populatio n o f  filte r  cell s 
i n th e detectio n matrix .  A s th e repertoir e o f  exemplar-tune d filte r  cell s 
increased ,  th e frequenc y o f  recognitio n error s decreased . 

Shown i n Fig .  6  i s a  ru n o f  th e simulatio n printe d directl y fro m th e 
computer' s CRT.  I n thi s case ,  th e mode l  wa s "lookin g at "  a n unfamilia r 
outdoo r  scene ,  i n tha t  al l  th e pattern s i n th e environmen t  wer e ne w exem p 
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FIGURE 6 .  Passiv e recognition .  Model' s response s t o outdoo r  scene .  To p 
lef t  fram e i s th e scen e presented .  Botto m lef t  show s object s parse d an d 
recognized .  Al l  object s wer e correctl y identified .  Middl e lef t  i s  th e 
visua l  reconstructio n o f  th e scen e o n a  retinoi d surfac e o n th e basi s o f 
th e disparat e fixation s an d parsings . 

lar s o f  previousl y learne d object s an d thei r  location s wer e different . 
Figur e 7  i s a  simila r  printou t  o f  a  situatio n i n whic h th e mode l  i s "asked " 
t o fin d name d object s o n a  cluttere d desktop .  Her e parsin g an d recognitio n 
i s mad e eve n mor e difficul t  b y th e fac t  tha t  a  bookmar k ha s bee n place d o n 
th e boo k an d a  substantia l  par t  o f  th e boo k i s covere d wit h a  shee t  o f 
paper .  I t  ha s bee n conjecture d tha t  occlusion s o f  thi s kin d a s wel l  a s 
th e conjunctio n o f  nearb y object s woul d mak e i t  impossibl e fo r 
template/filte r  model s t o operat e properl y (Pinker ,  1984) .  Th e successfu l 
performanc e o f  th e mode l  describe d her e suggest s tha t  th e conjectur e i s 
incorrect . 

I n summary ,  compute r  simulatio n o f  a n explici t  an d biologicall y plaus -
ibl e neurona l  mode l  demonstrate s tha t  a  visua l  syste m tha t  integrate s (a ) 
contou r  flu x detection ,  (b )  flux-drive n saccades ,  (c )  contro l  o f  afferent -
fiel d aperture ,  (d )  a  retinoi d fo r  patter n centroi d alignment ,  an d (e )  a 
synapti c matri x fo r  patter n learnin g ca n star t  withou t  a n initia l  stor e o f 
worl d knowledge ,  b e expose d t o nove l  an d comple x scenes ,  an d buil d a n 
appropriat e knowledg e base .  Confronte d wit h a  rich ,  ne w visua l  environment , 
i t  isolate s objects ,  learn s them ,  an d recognize s simila r  object s i n othe r 
environments . 

850 



TREHUB 

U/indouf s 

N*f' E OBJECT '• 0 BE FOUND "  A£HTR«t 
Clj l 

SCINE AiSEMSL Y RETINOI ) 

26 

fOV£* L APtRTijR E H^r r  T. j  ViHAPT C MATRI X 

3 "  c£ :  f  c ^ 

FiL D >  •  2  • ,  7  )  :  2 
FOvE»L AXI S =  4 0 .  5 3 

XI  •  2 9 V I  .  4 2 
) = -IOO 

47 
1? 
14 
100 
31 
23 

;<2 > 5 1 
AFTEKNTFLUXl  1 
AfTEKNT FLU K (  2  )  = 
AFTESINT FLU K (  3  ) -
»Ff  EMNT FLU K (  *  )  = 
•FTEKNT FLIJ < (  5  )  = 
AfFPdNT FLU X C  6  j  = 
AfTEWNT FLI K f  7  1 . 
*FFER£M FLU K C  8  )  =  -IO O 
AFFEKNT FLL K (  9  )  =•  1  3 
»FTER£NT FLU K (  1 0 '  =  -10 0 

LETTFfLD s 5 2 RIGH T FfLfr -  5 0 
T O P F a C'  4 9 BOTTOM FiaD *  5 5 
HWIZONTAL OISPaSIT Y =  2 
';tRTCALDBP*Rfrr'=- 6 
FLLK'  1 8 
R£Ai:TION  TIME = 34« 

R*M= 46978 7 

FIGURE 7 .  Activ e searc h an d recognition .  Model' s response s t o deskto p 
scene .  Smal l  rectangula r  fram e aroun d parse d object s o n th e scen e assembl y 
retinoi d indicate s tha t  a  searched-fo r  objec t  ha s bee n found . 
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