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Abstrac t 

We describ e a n extensio n o f  CaMeRa,  a  Computationa l 
model  o f  M.ultipl e Kepresentation s i n proble m solvin g 
(Tabachneck ,  Leonardo .  &  Simon ,  1994 ,  1995) .  CaMeRa 
provide s a  genera ]  architectur e fo r  L T M ,  S T M an d thei r 
interactions ,  an d illustrate s ho w expert s integrat e pictoria l 
and verbc d reasonin g processe s whil e solvin g problems .  A 
linke d productio n syste m an d paralle l  networ k ar e use d t o 
furthe r  resolv e th e communicatio n betwee n pictoria l  an d 
verba l  knowledg e b y simulatin g ho w a  diagra m i s 
understoo d b y a n expert .  Low-leve l  scannin g processe s 
and a n attentio n window ,  base d on  bot h psychologica l  an d 
biologica l  evidence ,  ar e incorporate d int o CaMeRa,  an d 
production s ar e develope d tha t  allo w thes e processe s t o 
interfac e wit h th e high-leve l  visua l  rule s an d 
representation s alread y i n th e model .  Thes e processe s ca n 
explai n interruptibilit y  durin g proble m solving ,  an d sho w 
ho w understandin g i s  reache d whe n readin g a  nove l 
diagram . 

Introduction 

Whil e a n exper t  i s  solvin g a  proble m i n economics ,  ther e i s 
a knoc k a t  th e door .  Sh e answer s it ,  an d i s  draw n b y a 
colleagu e int o a  conversatio n abou t  ne w astrophysica l  dat a 
suggestin g th e existenc e o f  a  blac k hol e o f  fort y millio n 
sola r  masses .  Eventuall y he r  frien d leaves ,  an d th e exper t 
return s t o he r  desk ,  somewha t  muddled .  Bu t  afte r  glancin g 
onl y briefl y a t  th e economic s diagra m sh e ha d bee n drawing , 
sh e immediatel y resume s wher e sh e lef t  off ,  a s i f  th e 
interruptio n ha d neve r  occurred .  Th e content s o f  he r  short -
ter m m e m o r y wer e writte n an d re-writte n man y time s durin g 
th e cours e o f  th e distractin g discussion .  Al l  sh e ha s lef t 
fro m he r  previou s effort s ar e a  sketch y diagram ,  a  fe w 
carelessl y scrawle d equations ,  an d th e content s o f  he r  long -
ter m memory .  Ye t  sh e doe s no t  hav e t o begi n th e proble m 
anew,  o r  eve n tak e m u c h tim e t o reconstruc t  he r  positio n 
prio r  t o th e interruption .  Sh e i s abl e t o resum e workin g 
quickly ,  a t  th e correc t  plac e i n th e proble m solvin g 
sequence .  H o w i s suc h a  fea t  accomplished ? 

^Addres s afte r  Septembe r  1 ,  1995 :  Computatio n an d Neura l 
System s Program ;  Californi a Institut e o f  Technology ; 
Pasadena ,  C A 9112 5 U S A 

Clearly ,  a  numbe r  o f  factor s ar e a t  pla y ~  th e feature s o f 
th e diagram ,  th e processe s o f  recognition ,  long-ter m 
m e m o ry ( L T M ) ,  an d short-ter m m e m o r y ( S T M ) .  Thi s 
interruptio n tas k i s a  goo d exampl e o f  th e fac t  tha t 
recognitio n i s  faste r  tha n recall .  W h e n beginnin g th e 
problem ,  th e exper t  mus t  recal l  everythin g fro m long-ter m 
m e m o r y .  W h e n reconstructin g he r  positio n afte r  th e 
interruption ,  sh e need s onl y t o recogniz e th e meaning s o f 
th e variou s cue s o n th e diagra m an d th e association s betwee n 
them .  A  properl y buil t  diagra m summarize s al l  th e critica l 
informatio n processe d thu s far ,  an d reasonin g ca n b e 
continue d a s lon g a s thi s externa l  summar y i s available . 

Recognizin g a  diagram' s component s i s necessar y bot h fo r 
reconstructin g th e meanin g o f  a  diagra m an d fo r 
understandin g a  nove l  diagram .  I n eac h case ,  perceptuall y 
significan t  feature s mus t  b e identified .  Thes e feature s mus t 
be scanne d int o S T M usin g low-leve l  visua l  processes . 
Finally ,  th e informatio n i n S T M mus t  b e matche d t o 
informatio n i n L T M (i f  i t  exists )  an d analyze d fo r  it s 
implications .  I n thi s paper ,  w e wil l  presen t  a  computationa l 
model  whic h simulate s eac h ste p o f  thi s process ,  basin g th e 
implementatio n o f  eac h proces s o n bot h psychologica l  an d 
biologica l  evidence .  Th e remainde r  o f  th e pape r  wil l  mak e 
eac h o f  thes e step s specific ,  an d fmally ,  presen t  a  framewor k 
i n whic h the y c o m e togethe r  t o produc e th e behavior s 
describe d above . 

CaMeRa 

C a M e Ra i s a  computationa l  mode l  o f  th e us e o f  multipl e 
representation s i n exper t  proble m solvin g (Tabachneck , 
Leonardo ,  &  Simon ,  1994 ,  1995) .  I t  demonstrate s ho w a n 
economic s expert ,  b y carefull y combinin g pictoria l  an d 
verba l  knowledge ,  i s abl e t o produc e a  coheren t  an d effectiv e 
explanatio n t o problem s tha t  novice s ar e unabl e t o 
understand .  Th e wor k describe d i n thi s pape r  represent s a n 
extensio n o f  C a M e R a .  O n e o f  th e motivation s fo r  thi s 
research ,  i n additio n t o givin g a n accoun t  o f  th e behavior s 
describe d above ,  wa s t o expan d CaMeRa' s abilitie s b y 
providin g i t  wit h processe s fo r  readin g diagram s an d 
pictures .  Thi s wi U ultimatel y allo w th e mode l  t o understan d 
problem s fro m man y differen t  domains . 

C a M e Ra consist s o f  a  linke d productio n syste m an d 
paralle l  network .  I t  contain s representation s o f  (1 )  a 
pictoria l  externa l  display ,  (2 )  pictoria l  short-ter m memory , 
(3 )  pictoria l  long-ter m m e m o r y ,  (4 )  verba l  short-ter m 
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Figur e 1 :  Th e Architectur e o f  C a M e Ra 

memory,  an d (5 )  verba l  long-ter m m e m o r y (se e Figur e 1) . 
The mode l  use s th e externa l  displa y (th e "blackboard" )  jus t 
as th e exper t  does ,  fo r  drawing ,  reasoning ,  recognition ,  an d 
inpu t  t o S T M .  Recognitio n consist s o f  matchin g 
informatio n place d i n S T M fro m th e blackboar d t o 
informatio n store d i n L T M .  Becaus e th e recognitio n o f  cue s 
on th e blackboar d drive s th e proble m solvin g forward , 
C a M e Ra ha s littl e nee d fo r  a n explici t  goa l  stack .  Thi s typ e 
of  contro l  architectur e place s a  minima l  loa d o n short-ter m 
memory capacity . 

Pictoria l  long-ter m m e m o r y ( p L T M )  ha s a  node-lin k 
representation .  Verba l  long-ter m m e m o r y ( v L T M ) 
knowledg e i s  represente d b y instance s o f  a  generi c 
propositiona J relation .  Thi s singl e relatio n wa s sufficien t  t o 
model  al l  o f  th e knowledg e neede d b y C a M e R a i n th e 
limite d economic s domai n w e examined .  L T M knowledg e 
i s represente d i n th e brai n a s association s amon g symbols , 
wit h structur e an d hierarch y bein g a  functio n o f  thes e 
associations .  Th e image s whic h ar e generate d fro m p L T M 
ar e computationall y equivalen t  t o thos e generate d fro m 
perception ,  a s ar e th e processe s whic h operat e o n the m 
(Kosslyn ,  1994) .  Th e sam e applie s fo r  v L T M . 

Al l  proble m solving ,  reasoning ,  an d modificatio n o f 
memory system s ar e don e throug h S T M .  CaMeRa' s curren t 
S T M doe s no t  ye t  hav e an y limitation s o n th e quantit y o f 
informatio n i t  ca n stor e (fo r  mor e o n S T M capacity ,  se e 
Simon ,  1976) .  Implementin g th e diagram-readin g processe s 

wil l  allo w u s t o mode l  th e capacit y limit s o f  S T M i n 
C a M e Ra a t  a  late r  time ,  a s th e blackboar d ca n n o w b e use d 
t o refres h S T M throug h constan t  low-leve l  scannin g o f  th e 
diagram .  S T M structure s ca n b e define d a s specifi c 
exemplar s o f  L T M structures .  The y m a y als o b e associate d 
wit h S T M strucnire s i n thei r  o w n an d othe r  modalities .  Th e 
highl y regulate d an d limite d interactio n tha t  take s plac e 
betwee n p S T M an d v S T M ,  allowin g fo r  thes e association s 
t o emerge ,  i s a  critica l  featur e o f  th e mode l  (se e Tabachneck , 
Leonardo ,  &  Simon ,  1994 ,  1995) . 

Th e Mind' s Ey e (MI )  represent s a  synthesi s o f  a  numbe r 
of  pictoria l  short-ter m m e m o r y dat a structure s an d th e 
production s tha t  operat e o n them .  Thre e type s o f 
representation s appea r  i n th e M I :  th e visua l  buffer ,  objec t 
structures ,  an d spatia l  structures .  Th e visua l  buffer ,  whic h 
i s th e physica l  locatio n o f  menta l  images ,  i s  th e are a i n 
whic h feanir e extractio n an d othe r  low-level ,  highl y parallel , 
visua l  processe s operate .  Th e projectio n o f  a n imag e ont o 
th e visua l  buffe r  facilitate s comple x visua l  reasonin g whic h 
coul d no t  b e don e usin g onl y th e objec t  an d spatia l 
structure s o f  S T M (e.g. ,  th e perceptio n o f  geometrica l 
relations ,  etc.) . 

As th e visua l  buffe r  i s  th e focu s o f  m u c h o f  ou r 
improvement s t o C a M e R a ,  it s  propertie s wil l  b e furthe r 
specifie d i n th e followin g section .  Th e remainin g tw o 
structure s ar e use d t o simulat e th e interactio n betwee n tw o 
of  th e visua l  sub-system s o f  th e brain ,  namel y th e spatia l 
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propertie s o f  th e objec t  (location ,  distiuice ,  etc. ,  represente d 
i n th e posterio r  parieta l  lobes) ,  an d th e for m propertie s o f 
th e objec t  (shape ,  color ,  size ;  represente d i n th e inferio r 
tempora l  lobes )  (Farah ,  1990) . 

The Mind' s Ea r  ( M E )  i s a  combinatio n o f  th e verba l  short -
ten n m e m o r y dat a representation s an d th e production s tha t 
operat e o n thein .  I t  contiiin s knowledg e represente d a s 
propositiona l  lis t  structures ,  lik e it s v L T M counterpart . 

Diagram Reading 

Th e visua l  buffe r  i s th e geometricall y organized ,  multi -
layere d bitma p representatio n o f  pictoria l  S T M .  I t  contain s 
image s generate d fro m ligh t  strikin g th e retina ,  an d fro m 
interna l  p S T M an d p L T M structures .  Featur e extractio n an d 
simpl e recognitio n tak e plac e i n th e visua l  buffer ,  analogou s 
t o computation s bein g performe d i n th e earl y visua l  corte x 
(Kossly n &  Koneig ,  1992 ;  Kosslyn .  1994) .  Becaus e i t  i s 
represente d a s a  bitmap ,  CaMeRa' s visua l  buffe r  exhibit s a 
topographi c organizatio n simila r  t o tha t  o f  th e visua l  cortex . 
Perceptio n result s fro m usin g a  feedforwar d paralle l  networ k 
t o perfor m th e featur e extraction ,  an d Gestal t  principle s t o 
use thes e feature s t o sca n th e buffe r  fo r  structur e an d form . 

1 aver 1 

fl(Oi )  =  1  i f  O i  o n 
0 i f  U i  of f 

Laye r  2 

f2(Ui) = 
^SUM[8 unit s aroun d 

Ui  i n laye r  1 ] 

Q = unit s whic h 
projec t  t o U i 
i n th e nex t 
laye r 

— •̂ : 

r : 

i 

^ 

\ 

Laye r  3 

V 

^ 

N 

v 

m 

f 3 (Ui )  =  1  [U i  /  A(n ,  Ui )  ]  -  1  I 
A(n ,  Ui )  =  th e averag e activatio n 

of  n  layer s o f  unit s 
aroun d uni t  U i 

Figur e 2 :  Topolog y Paralle l  Networ k 

The network functions by perceiving non-modal areas in 
th e loca l  topolog y o f  th e object .  A s al l  connection s 
betwee n pixel s o n th e bitma p ar e presume d t o b e o f  equal , 
positiv e weight ,  n o trainin g i s necessary .  B y detectin g 
point s tha t  depar t  fro m th e loca l  moda l  value ,  th e networ k 
identifie s al l  perceptuall y significan t  area s o n th e visua l 
buffer' .  Thi s i s accomplishe d throug h th e thre e layere d 
proces s depicte d i n Figur e 2 . 

'  W e hav e recentl y learne d tha t  th e topolog y networ k i s 
simila r  t o a  clas s o f  pyramid-base d segmentatio n technique s 
develope d fo r  compute r  visio n b y Rosenfel d (1986 ,  1988) .  I t 
als o ha s parallel s t o th e method s devise d b y Mar r  (1982) . 

Th e first  laye r  o f  th e visua l  buffe r  represent s informatio n 
projecte d directl y int o th e brai n fro m th e externa l  world . 
Pixel s ar e eithe r  o n (activatio n =  1 )  o r  of f  (activatio n =  0) . 
The first  filtering  proces s sum s th e activation s o f  al l  unit s 
iiroun d a  give n uni t  U i ;  thi s summatio n i s th e activatio n o f 
Ui  i n laye r  2 .  Fo r  example ,  i f  th e inpu t  wa s a  3x 3 square , 
th e activatio n o f  th e cente r  o f  th e squar e i n th e secon d laye r 
of  th e visua l  buffe r  woul d b e eigh t  (on e fo r  eac h o f  th e eigh t 
unit s surroundin g th e cente r  point) . 

The processin g i n th e first  laye r  build s a  representatio n o f 
th e topolog y o f  th e object .  Point s i n cluster s mutuall y 
increas e eac h other' s activations ,  whil e isolate d point s retai n 
onl y thei r  initia l  activation .  Processe s i n th e secon d laye r 
determin e whic h area s o f  th e entir e topolog y ar e th e mos t 
significant ,  b y calculatin g ho w simila r  th e activatio n o f  uni t 
Ui  i s  t o th e averag e activatio n o f  it s  loca l  area .  Th e 
functio n A(n ,  Ui )  give s th e averag e activatio n o f  th e loca l 
are a aroun d U i  ( a squar e arra y o f  lengt h n )  i n laye r  2 .  U i  i s 
turne d o n i n th e thir d laye r  i f  it s th e rati o o f  it s activatio n t o 
A(n ,  Ui )  exceed s th e threshol d / : 

U. 

Ain,U, ) 
-  1 > t 

Consequently ,  i f  th e activatio n o f  U i  i n laye r  2  equal s th e 
averag e activatio n o f  it s loca l  area ,  Ui' s activatio n i n laye r  3 
wil l  b e zer o - -  i t  i s  no t  perceptuall y significan t  a s i t  ca n 
not  b e distinguishe d fro m th e point s surroundin g it . 

The resul t  o f  thi s proces s i s a  salienc y m a p i n laye r  3  o f 
al l  th e perceptuall y significan t  feature s foun d i n th e imag e 
on th e visua l  buffer ,  suc h a s intersectio n points ,  lin e 
endpoints ,  labels ,  objec t  outlines .  Th e coordinate s o f  thes e 
point s ar e sen t  t o th e high-leve l  objec t  an d spatia l 
representation s o f  th e pictoria l  S T M fo r  furthe r  processing . 
Production s m a y the n reques t  th e visua l  buffe r  t o identif y a 
specifi c  featur e b y matchin g th e fovea-size d are a aroun d th e 
poin t  t o pattern s store d i n pictoria l  L T M ,  o r  t o sca n a  lin e 
or  othe r  objec t  b y applyin g gestal t  principles . 

We hav e chose n t o implemen t  th e networ k i n thi s fashio n 
fo r  tw o reason s -  i )  i t  i s  mor e cognitivel y plausibl e tha n 
othe r  A I  featur e extractio n mechanisms ,  an d ii )  w e wer e 
unabl e t o perfor m th e featur e extractio n successfull y wit h 
thes e othe r  mechanisms .  Fo r  example ,  matchin g smal l 
area s o f  th e diagra m t o a  finite  se t  o f  featur e pattern s wil l 
not  identif y th e salien t  point s becaus e i t  run s int o th e 
proble m o f  computationa l  overloa d -  countles s variation s 
of  th e sam e patter n ar e neede d t o recogniz e tin y perturbation s 
i n th e origina l  image .  Th e topolog y networ k circumvent s 
thi s dilemma .  I n short ,  ou r  pat h solve s th e proble m 
effectively ,  an d ha s som e feature s i n c o m m o n wit h wha t  i s 
know n o f  th e relevan t  neurology .  However ,  w e refe r  t o 
CaMeRa' s low-leve l  perceptua l  syste m a s a  "paralle l 
network "  t o emphasiz e tha t  it s component s ar e units ,  no t 
neurons ,  an d whil e it s architectur e ha s certai n similaritie s t o 
th e visua l  cortex ,  i t  i s  no t  a  mode l  o f  thi s brai n area .  I t 
shoul d b e kep t  i n min d tha t  ther e i s n o mathematica l  basi s 
fo r  assumin g tha t  th e functiona l  propertie s o f  a  rea l  neuro n 
ar e preserve d i n th e abstractio n t o a  formles s connectionis t 
unit .  W e assum e tha t  th e result s o f  th e topolog y networ k 
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ar e compute d somewher e i n th e visua l  cortex ,  bu t  mos t 
likel y throug h differen t  mechanism s tha n w e hav e use d here . 

Afte r  th e perceptuall y significan t  area s o n th e visua l  buffe r 
ar e determined ,  th e entir e imag e i s recognize d a s a  se t  o f 
associate d objects ,  usin g gestaltis t  low-leve l  rule s o f 
organization .  C a M e Ra employ s Goo d Continuation ,  Goo d 
Form,  Proximity ,  an d Familiarit y (Goldstein ,  1984) .  Rule s 
relate d t o motion ,  convexity ,  etc. .  wer e no t  require d i n ou r 
tasks .  W e hav e implemente d thes e serially ,  rathe r  tha n i n 
parallel ,  becaus e th e seria l  desig n capture d th e relevan t 
cognitiv e principle s i n a  luci d an d explainabl e manner . 

To coordinat e th e fou r  gestal t  rules ,  th e mode l  firs t 
saccade s t o th e closes t  perceptuall y significan t  poin t  o n th e 
visua l  buffer .  Thi s i s th e poin t  i n laye r  3  whic h i s th e 
shortes t  disuinc e fro m CaMeRa' s curren t  focu s o f  attention . 
I t  the n determine s whethe r  th e smal l  are a o f  CaMeRa' s fove a 
surroundin g thi s poin t  contain s a  familia r  pattern .  I f  th e 
fovea' s content s matc h a  pictoria l  L T M pattern ,  actio n i s 
taken .  Fo r  example ,  a  labe l  (a n icon )  cause s a  structur e t o 
be create d i n p S T M t o represen t  it .  A  lin e segmen t  evoke s 
Good Continuatio n an d Goo d Form .  Thi s cause s th e mode l 
t o focu s it s attentio n o n th e neares t  endpoin t  o f  th e line ,  an d 
the n sca n th e entir e lin e throug h a  serie s o f  shor t  saccades . 
Individua l  line s ar e processe d b y lookin g a t  th e point s nea r 
th e initiji l  lin e segmen t  feature ,  applyin g th e rule s o f  Goo d 
Continuatio n an d Goo d Form ,  an d thereb y followin g th e 
simples t  connecte d path .  I f  a  salien t  poin t  fall s  int o th e 
attentio n windo w a s C a M e Ra scan s th e line ,  i t  immediatel y 
focuse s o n tha t  poin t  an d processe s th e are a aroun d i t  fo r 
familia r  patterns ,  whic h ar e the n associate d wit h th e lin e 
throug h Proximity .  Finally ,  i f  a  poin t  i n th e fove a i s no t 
recognized ,  o r  processin g o n i t  ha s bee n completed ,  th e 
model  focuse s o n th e neares t  perceptuall y significan t  feature . 

Usin g feedbac k fro m th e result s o f  thes e computations , 
th e mode l  keep s trac k o f  th e salien t  point s i t  ha s alread y 
seen ,  jui d thu s avoid s re-processin g them .  A s i t  scans , 
C a M e Ra remove s eac h featur e i t  processe s fro m laye r  3  o f 
th e visua l  buffer ,  continuall y shiftin g it s attentio n t o 
unprocesse d points ,  an d elaboratin g furthe r  it s representatio n 
of  th e diagram . 

Mozer  e t  al .  (1992 ;  se e als o Behrmann ,  Zemel ,  &  Mozer , 
1995 )  hav e designe d a  connectionis t  mode l  o f  objec t 
segmentatio n base d o n th e phase-lockin g o f  relate d features , 
whic h develop s th e propertie s o f  som e o f  th e gestal t  rule s 
we employ .  Compariso n o f  th e behavio r  o f  th e tw o 
system s suggest s tha t  man y o f  th e difference s betwee n ou r 
seria l  desig n an d a  paralle l  on e m a y b e onl y 
implementationa l  an d no t  functional .  I n furthe r  suppor t  o f 
thi s point ,  althoug h C a M e Ra wa s no t  intende d t o segmen t 
images ,  i t  ha s th e capabilit y  t o d o s o b y virtu e o f  th e 
iirchitectur e o f  it s  visua l  buffe r  an d th e processe s tha t  operat e 
on it .  C a M e Ra i s abl e t o discriminat e th e componen t  line s 
of  geometrica l  object s (squares ,  diamonds ,  triangles ,  etc. ) 
tha t  ar e overlai d o n eac h othe r  (s o fa r  w e hav e teste d u p t o 
fou r  overiai d objects) .  Thes e line s coul d b e boun d int o 
appropriatel y segmente d object s b y implementin g th e gestal t 
rul e o f  Closure . 

We hav e base d th e implementatio n o f  CaMeRa' s fove a an d 
attentio n windo w o n biologica l  an d psychologica l  dat a a s 
much a s possible .  CaMeRa' s fove a i s th e are a withi n whic h 

i t  ca n se e hig h level s o f  detai l  an d recogniz e patterns .  Thi s 
i s intende d t o correspon d t o th e centra l  are a o f  th e ey e wher e 
almos t  al l  o f  th e cone s ar e locate d (Humphrey s &  Bruce , 
1991) ,  subtendin g abou t  on e degre e o f  visua l  angle .  Thi s 
correspond s t o a  circl e o f  approximatel y si x letter s i n 
diiunete r  a t  a  readin g distanc e o f  1 5 inches .  I t  i s  les s clea r 
h o w t o se t  th e siz e o f  th e attentio n window :  i f  to o small ,  i t 
i s  useles s fo r  detectin g feature s clos e t o a  poin t  i n focus ;  i f 
to o large ,  th e mode l  i s frequentl y distracte d an d unabl e t o 
sca n consistently .  W e hav e chose n a  siz e o f  thre e fove a 
diameters ,  a  magnitud e tha t  allow s fairl y smoot h an d 
efficien t  processin g o f  th e image . 

The attentio n production s tha t  contro l  th e movemen t  o f 
th e fove a an d attentio n w indo w alway s caus e th e tw o t o 
m o ve i n uniso n -  th e cente r  o f  th e attentio n w indo w i s 
alway s a t  th e cente r  o f  th e fovea .  However ,  C a M e R a wil l 
eventuall y b e modifie d t o allo w th e focu s o f  attentio n t o b e 
outsid e th e fovea . 

Diagram Understanding 

Figur e 3  illustrate s h o w C a M e R a woul d rea d a  diagram . 
The tim e serie s contain s a  sequenc e o f  fou r  image s exactl y 
as the y woul d appea r  o n th e compute r  scree n a s C a M e R a 
processe s th e diagram .  I n 3a ,  th e mode l  ha s identifie d al l  th e 
perceptuall y significan t  point s o n th e grap h (smal l  cluster s 
and isolate d points) ,  an d ha s projecte d the m ont o laye r  3  o f 
th e visua l  buffer .  CaMeRa' s fove a an d attentio n windo w ar e 
focuse d o n th e uppe r  left-han d come r  o f  th e diagram ,  it s 
defaul t  startin g position .  Th e mode l  wil l  n o w shif t  it s 
attentio n t o th e closes t  meaningfu l  feature ,  i n thi s case ,  th e 
endpoin t  o f  th e Pric e axi s (arrow ,  3a) . 

Next ,  C a M e R a wil l  tr y t o matc h th e fove a size d are a 
aroun d thi s poin t  t o pattern s i t  ha s store d i n p L T M .  Th e 
matc h i s successful ,  an d th e poin t  i s  identifie d a s par t  o f  a 
vertica l  lin e segment ,  evokin g Goo d Continuatio n an d Goo d 
Form .  C a M e R a n o w scan s i n th e entir e vertica l  lin e 
throug h a  serie s o f  saccades .  Figur e 3 b illustrate s par t  o f 
thi s even t  ~  i t  ha s writte n t o th e tex t  scree n tha t  a  vertica l 
lin e (VL INE )  ha s bee n found .  Th e fove a an d attentio n 
windo w ar e no w midwa y d o w n th e line ,  approachin g th e 
lowe r  endpoint .  Whil e C a M e Ra i s scannin g th e image ,  th e 
fove a an d attentio n windo w i n figur e 3  m o v e dynamically , 
givin g th e observe r  a  clea r  understandin g o f  wha t  th e mode l 
i s doin g a t  eac h moment . 

Upon processin g th e vertica l  line ,  C a M e R a create s a 
spatia l  structur e i n p S T M fo r  th e endpoint s o f  th e line ,  an d 
an objec t  structur e i n p S T M fo r  th e for m o f  th e lin e 
(represente d a s a n equation) .  Thi s i s show n i n 3 c a s 
" V L I N E (1 5 1 5 1 5 135)" .  Then ,  C a M e R a focuse s it s 
attentio n o n th e closes t  poin t  o f  interest ,  i n thi s cas e th e 
endpoin t  o f  th e suppl y Une .  Again ,  C a M e Ra wil l  recogniz e 
thi s a s par t  o f  a  diagona l  line ,  an d wil l  sca n th e entir e 
suppl y lin e (arrow ,  3c) .  Finally ,  3 d show s th e mode l  a s i t 
finishe s scannin g th e suppl y line ,  an d notice s nea r  th e lin e 
endpoin t  a  cluste r  o f  significan t  points .  I t  focuse s o n thes e 
points ,  recognizin g th e labe l  fo r  th e suppl y Une .  Thi s labe l 
i s  associate d wit h th e diagona l  lin e whic h wa s jus t 
processed ,  usin g Proximity . 

T o retur n t o th e exampl e cite d i n th e introduction ,  h o w 
woul d C a M e R a resum e proble m solvin g afte r  bein g 
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Figur e 3 :  D iagra m Readin g T i m e Serie s 

interrupted ? Thi s proces s ca n b e simulate d b y allowin g 
C a M e Ra t o reac h a  certai n dept h i n th e prob le m solvin g 
sequence ,  an d the n erasin g th e content s o f  S T M .  T o 
continu e processing ,  C a M e R a m u s t  n o w resca n th e diagra m 
i t  ha s d r a w n ,  usin g th e processe s describe d above .  A s th e 
low-leve l  function s rea d i n dat a an d interac t  wit h th e high -
leve l  S T M productions ,  th e los t  content s o f  S T M coul d b e 
quickl y reconstructed .  W i t h a  nove l  d iagram ,  th e syste m 
wou l d tr y t o matc h th e scanne d object s t o object s i n L T M a s 
bes t  i t  could .  A  partia l  explanation ,  e m e r g i n g f ro m 
successfu l  L T M matches ,  i n conjunctio n wit h inferenc e 
processes ,  w o u l d produc e a n interpretatio n o f  th e diagram . 
A s a n i m a g e i s  scanne d int o p S T M throug h th e low-leve l 
visua l  processe s descr ibe d a b o v e ,  th e higher-leve l 
production s activat e an d elaborat e th e reasonin g chain . 
W h en th e syste m ha s c o m e t o rest ,  th e low-leve l  processin g 

wou l d continu e wher e the y ha d lef t  of f  an d m o r e inpu t  woul d 
b e sen t  t o S T M unti l  furthe r  high-leve l  processin g coul d 
tak e place . 

Hybrid Models 

By combinin g a  feedforwar d paralle l  networ k an d a 
productio n syste m i n it s architecture ,  C a M e Ra demonstrate s 
tha t  hybri d model s ca n b e extremel y advantageou s i n 
modelin g comple x cognitiv e tasks .  Previou s hybri d model s 
hav e tende d t o focu s o n artificia l  intelligenc e problems ,  wit h 
limite d concer n fo r  cognitiv e plausibility .  Fo r  example , 
A L V I N N ,  develope d b y Pomerleau ,  G o w d y &  Thorp e 
(1991) ,  enable s a  robo t  t o perfor m autonomou s navigation . 
Othe r  type s o f  hybri d model s includ e exper t  system s wit h 
dual  productio n an d neura l  networ k knowledg e base s (Rose , 
1990) ,  an d spreading-activatio n semanti c network s (Jus t  & 
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Carpenter ,  1992 ;  Lang e e t  al. ,  1990) ,  use d t o simulat e a 
cognitiv e theor y o f  languag e processing ^ 

We believ e tha t  certai n task s ar e bes t  accomplishe d an d 
understoo d withi n a  seria l  design ,  whil e other s ;u- c mor e 
suite d t o a  paralle l  one .  W e foun d tha t  a  seria l  featur e 
detectio n algorith m wa s slo w an d ineffective ,  wherea s a 
paralle l  on e wa s highl y efficient .  Likewise ,  w e coul d hav e 
designe d smal l  paralle l  network s fo r  eac h o f  th e gestal t 
principles ,  bu t  thes e woul d hav e produce d result s identica l  t o 
thos e o f  thei r  productio n rul e counterparts ,  whil e yieldin g a 
significan t  increas e i n desig n complexit y an d onl y a 
minima l  increas e i n structura l  plausibility .  Ou r  goa l  ha s 
been t o develo p a  clea r  accoun t  o f  th e cognitiv e processe s 
involve d i n exper t  reasoning .  Combinin g seria l  an d paralle l 
methodologies ,  a s w e hav e i n CaMeRa,  allow s on e t o buil d 
more sophisticate d simulation s b y bot h broadenin g th e 
potentia l  tas k domai n an d facilitatin g implementatio n an d 
analysi s o f  th e system . 

ConclusloD 

CaMeRa i s a  cognitiv e mode l  o f  th e interactio n o f  visua l 
and verba l  element s i n reasoning .  I n thi s paper ,  w e hav e 
describe d a  paralle l  networ k tha t  extend s CaMeRa' s 
capabilitie s int o a  cognitivel y plausibl e mode l  o f  th e basi c 
structur e o f  visua l  perception .  Th e mode l  i s abl e t o 
construct ,  read ,  an d reaso n abou t  diagrams ,  usin g bot h verba l 
and visua l  information .  Frequen t  interactio n betwee n high -
leve l  an d low-leve l  visua l  processe s allow s C a M e Ra t o 
buil d a n elaborat e representatio n o f  th e diagram s i t  i s 
reading .  Employin g bot h a  productio n syste m an d a  paralle l 
networ k ha s allowe d u s t o develo p a  computationa l  mode l 
whic h woul d b e extremel y difficul t  t o desig n i n eithe r  o f 
thes e framework s alone . 
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