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A B S T R A CT 

This paper presents a method, generalization to 
interval ,  tha t  ca n encod e image s int o symboli c ex -
pressions .  Thi s metho d generalize s ove r  instance s 
of  spatia l  patterns ,  an d output s a  conslrain t  pro -
gra m tha t  ca n b e use d declarativel y a s a  learne d con -
cept  abou t  spatia l  patterns ,  an d procedurall y a s a 
metho d fo r  reasonin g abou t  spatia l  relations .  Thu s 
our  metho d transform s numeri c spatia l  pattern s t o 
symboli c declarative/procedura l  representations .  W e 
have implemente d generalizatio n t o interva l  wit h 
Acorn, ^  a  syste m tha t  acquire s knowledg e abou t  spa -
tia l  relation s b y observin g 2- D raste r  images .  \V e hav e 
applie d thi s syste m t o som e layou t  problem s t o demon -
strat e th e abilit y  o f  th e syste m an d th e flexibilit y  o f 
constrain t  program s fo r  knowledg e representation . 

1. Introduction 

Representatio n o f  spatia l  knowledg e i s a n importan t 
tas k fo r  intelligen t  agents .  Thi s tas k ca n aris e i n man y 
domains :  visua l  scen e understanding ,  proble m solv -
ing ,  robo t  navigatio n an d s o on .  On e importan t  as -
pect  o f  spatia l  knowledg e i s th e us e o f  a  se t  o f  sym -
boHc predicate s tha t  defin e spatia l  relation s amon g 
object s i n a  scene .  Classi c syste m suc h a s Strip s 
[Fike s 71 ]  o r  G P S [Newel l  63 ]  us e symboli c predi -
cate s fo r  representin g spatia l  knowledge .  Fo r  exam -
ple ,  i n th e block s worl d domain ,  suc h system s usu -
all y us e primitiv e predicate s suc h as :  on(blockl ,  ta -
ble) ,  right-of(blockl,block2) ,  an d top-of(block3) . 
Thes e primitive s ar e a n abstractio n o f  th e actua l  scen e 
-  the y giv e onl y approximat e informatio n abou t  th e lo -
catio n o f  object s -  bu t  the y ar e importan t  abstraction s 
fo r  recisonin g abou t  object s i n th e environment . 

However ,  i n orde r  t o appl y suc h syste m t o real -
worl d domains ,  on e woul d nee d a  perceptua l  .syste m 
t o provid e th e appropriat e symboli c primitive s fo r  rea -
sonin g (se e Figur e la) .  Winston' s A R C H syste m 
[Winsto n 75 ]  an d Connell' s  syste m [Connel l  87 ]  ar e de -
signe d i n thi s fashion :  a  visio n syste m translate d im -
ages int o a  se t  o f  symboli c facts ,  whic h wer e the n use d 

by a  concep t  learnin g system .  Thi s approac h lead s 
t o som e difficul t  question s fo r  th e perceptua l  system : 
th e numbe r  o f  primitive s i s no t  known ,  no r  method s 
fo r  mappin g continuou s imag e informatio n int o sym -
boli c primitives .  Ideally ,  a  perceptua l  syste m shoul d 
be general-purpose ,  an d no t  restricte d t o a  particula r 
set  o f  symboli c predicates . 

Figure 2 demonstrates one problem with using a pri-
or i  primitive s fo r  concep t  learning .  Suppos e tha t  a  vi -
sio n syste m ha s si x primitive s t o represen t  th e distanc e 
betwee n tw o objects :  ver y ver y near ,  ver y near , 
near ,  far ,  ver y far ,  ver y ver y far .  Give n tw o scene s 
of  tw o object s A  an d B,thei r  distance s ar e 1 1 an d 19 , 
as example s fo r  targe t  concept .  Th e visio n syste m en -
code s thes e value s t o predicates :  {very-near(A,B) , 
near(A,B) }  an d {  far(A,B )  } .  Som e learnin g sys -
tems simpl y appl y a  kin d o f  droppin g conditio n rul e 
t o thes e predicates .  Thi s woul d mea n tha t  th e syste m 
coul d no t  describ e bot h example s wit h a  singl e concep t 
(al l  condition s woul d b e dropped) ,  eve n i f  thi s ma y b e 
an appropriat e decision . 
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Figur e 1 :  Datas t rea m fo r  classi c p rob le m solve r  (a ) 
and AcoR N (b) . 

'Acquisitio n O f  Relation s fro m Numeri c dat a 
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Figur e 2 :  A n inappropriatenes s o f  usin g a  prior i  prim -
itive s 

I n contras t  wit h definin g a  prior i  primitives ,  w e as -
s u me al l  symbol i c expression s ar e grounde d i n th e en -
vironment .  Primitiv e expression s shoul d b e learne d 
f ro m spatia l  patterns .  Accord in g t o thi s assumption , 
we hav e develope d A c O R N ,  a  syste m tha t  addresse s 
th e tas k o f  learnin g suc h expression s directl y fro m vi -
sua l  scenes .  I n particular ,  ou r  learnin g tas k ca n b e 
describe d a s follows : 

G iven ;  A  se t  o f  positiv e trainin g instances , 
w h e r e instance s ar e 2-dimensiona l  raste r 
image s o f  a  scen e o f  labele d objects . 

Find :  Constrain t  expression s a m o n g give n im -
ages . 

There are two important features of tills task. First, 
i t  require s a  translatio n f ro m continuous ,  numer i c in -
formatio n t o m o r e approx imat e symboli c knowledge. -
T h e learne d expression s shoul d b e invarian t  unde r 
translation ,  an d shoul d hol d tru e ove r  a  variet y o f 
mino r  perturbation s t o th e numer i c coordinat e input . 
Second ,  th e learne d knowledg e shoul d b e u.sefu l  fo r  a 
variet y o f  per formanc e tasks .  I t  shoul d b e possibl e t o 
recogniz e examples ,  t o generat e scene s tha t  satisf y a 
se t  o f  constraints ,  t o m a k e inference s fro m a  se t  o f  re -
lations ,  o r  t o detec t  redundanc y an d inconsistencie s 
i n a  se t  o f  relations .  T o thi s end ,  A c o R N use s con -
strain t  p r o g r a m m i n g [Sussma n 80][Lele r  88 ]  t o repre -
sen t  it s acquire d knowledge . 

I n thi s paper ,  w e focu s o n layou t  prob lem s t o d e m o n -
strat e A c o r n ' s performance .  T h e layou t  tas k ha s 
bee n studie d i n s o m e fields  ([Ilaa r  82 ]  [ Y a m a d a 90]) . 
Howeve r ,  the y lac k th e generalit y o f  A c o R N ' s learnin g 
mechanism . 

^Not e tha t  thi s  i s no t  th e first  syste m t o leai n symboli c 
informatio n fro m numeri c data .  Aha' s Ib l  syste m [Ali a 91] , 
Quinlan' s C 4 syste m [Quinla n 87 ]  an d th e C A R T syste m 
[Breima n 84 ]  ar e classifier s tha t  wor k wit h numeri c data . 
However ,  thes e hav e no t  bee n applie d t o spatia l  relations , 
and thei r  learne d knowledg e structure s hav e onl y bee n use d 
fo r  classification . 

Aco r n i s a  general-purpos e syste m fo r  learnin g sym -
boli c relationa l  predicate s directl y fro m numeric ,  im -
age information .  Th e nex t  sectio n describe s ou r  syste m 
more completely ,  focusin g o n knowledg e representatio n 
and a  descriptio n o f  th e learnin g method .  Sectio n 3 
describe s th e performanc e syste m an d ou r  experimen -
tatio n thu s far ,  an d w e conclud e th e pape r  wit h a  dis -
cussio n o f  futur e wor k wit h AcoRN . 

2. Description of ACORN 

AcoRN consists of three modules: the perceptual mod-
ule ,  th e constrain t  generato r  (o r  learnin g m o d u l e )  an d 
th e performanc e module .  Figur e l b show s th e dat a 
strea m betwee n thes e modules .  Th e perceptua l  modul e 
generate s initial ,  numeri c scen e description s directl y 
fro m raste r  information .  Fro m thes e descriptions ,  th e 
constrain t  generato r  learn s a  se t  o f  constrain t  expres -
sion s tha t  describ e th e spatia l  relation s betwee n ob -
ject s i n th e scene .  Finally ,  th e performanc e modul e 
can us e thes e constraint s t o mak e prediction s abou t  a 
scene ,  mak e inference s wit h th e learne d relations ,  o r 
generat e scene s give n a  se t  o f  object s an d relationship s 
among thos e objects . 

Perceptual Module 

Although AcoRN uses numeric input, it does not work 
wit h image s directl y an d require s a n intermediat e rep -
resentatio n o f  objects .  Currently ,  w e hav e Umite d ou r 
domain s t o two-dimensiona l  image s o f  rectangles. ^  Fo r 
thes e images ,  th e perceptua l  module' s tas k i s t o sca n 
a scen e o f  dar k rectangle s o n ligh t  paper ,  identif y th e 
rectangle s an d outpu t  a  numeri c representatio n an d 
an arbitrar y labe l  fo r  eac h rectangle .  Althoug h non -
trivial ,  thi s i s wel l  withi n th e abilit y  o f  curren t  visio n 
systems . 

I n m o r e detail ,  th e numeri c representatio n o f  eac h 
rectangl e includes : 

• Coordinates of each vertex of the rectangle on the 
globa l  x- y  coordinat e system . 

• Coordinates of the center of the rectangle on the 
globa l  x- y  coordinat e system . 

• Object-centered coordinate axes (major axis and mi-
no r  axis )  fo r  th e rectangle . 

• Height of rectangle. 

• Width of rectangle. 

Note that only the first item need be observed from 
th e raste r  image ;  onc e th e fou r  vertice s ar e k n o w n ,  al l 
othe r  representationa l  dat a ca n b e c o m p u t e d .  The r e i s 
nothin g special-purpos e abou t  thi s representation ;  in -
deed ,  w e expec t  tha t  th e syste m coul d us e othe r  type s 
of  representation s fo r  othe r  shapes . 

•'I n Sectio n 4 ,  w e discus s th e possibilit y o f  extendin g 
A c o r n t o wor k wit h a  riche r  variet y o f  shapes . 
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Cons t ra in t  E x p r e s s i o n 

A c o r n represent s learne d knowledg e wit h constnuii t 
logi c programfjaffa r  87] .  I n general ,  constrain t  luf̂i c 
progran n consist s o f  th e se t  o f  extende d hor n clause s i n 

th e form : 

Relation{{args)) *- PyAP^A.. .AP„ACiACjA. . .ACm 

where P, is a term (as in Prolog) and Cj is an algebraic 
constrain t  expressio n suc h a s a n equatio n o r  inequality . 

One o f  th e mos t  remarkabl e feature s o f  constraint -
base d languag e i s tha t  th e use r  doe s no t  hav e t o writ e a 
procedur e explicitl y  i n orde r  t o solv e constraints .  Th e 
user  ha s onl y t o giv e declarativ e relation s amon g vari -
ables .  Therefor e constraint s ca n b e use d t o mak e a 
variet y o f  inferences .  Fo r  example ,  th e constrain t 

convert{C ,  F ) ( F =  f + 32 ) 

ca n b e use d t o mak e prediction s eithe r  abou t  F  give n 
C 0 1 C  give n F ,  withou t  requirin g separat e rules .  I n 
general ,  constrain t  expression s mak e us e o f  a  power -
fu l  constrain t  solve r  tha t  i s  use d t o mak e inference s o r 
solv e problems .  Thi s approac h let s declarativ e knowl -
edge b e use d procedurally ,  allowin g A c o R N t o reaso n 
abou t  it s learne d spatia l  relation s i n a  variet y o f  tasks . 

One o f  th e advantage s o f  usin g a  constrain t  logi c 
programmin g languag e i s tha t  semantic s ca n b e 
formulate d mor e easil y tha n othe r  constraint-base d 
languages[Sussma n 80][Lele r  88][Bornin g 81] , 
usin g logi c programmin g semantic s (se e [JaiTa r  87 ]  fo r 
furthe r  discussion) .  Constrain t  logi c programmin g ha s 
prove d valuabl e i n a  numbe r  o f  domains ,  suc h a s optio n 
trading[Lasse z 87 ]  an d schedulin g [Dincba s 88] . 

A c o r n use s E p o c h ,  a  constrain t  logi c programmin g 
syste m develope d i n ou r  laboratory.' '  Epoch' s con -
strain t  solve r  use s th e simple x algoritli m t o solv e linea r 
programmin g problems .  E p o c h i s simila r  t o CLP(3? ) 
[Lasse z 87 ]  i n it s abilit y  a s a  constrain t  solver .  How -
ever ,  E p o c h use s tw o type s o f  constraints :  necessar y 
constraint s tha t  mus t  b e satisfie d an d preferre d con -
straint s tha t  shoul d be ,  bu t  d o no t  hav e t o b e satisfied . 
Preferre d constraint s ar e use d t o choos e a n ojitima l  so -
lutio n whe n ther e i s mor e tha n on e possibl e answe r  (se e 
[Hiraki ,  i n press ]  fo r  mor e details) . 

Learning Method 

As describe d i n th e previou s section ,  learne d knowl -
edge i s represente d wit h constrain t  expressions . 
A c o r n use s binar y constraint s -  i t  look s a t  informa -
tio n abou t  a  pai r  o f  rectangles .  Not e tha t  thes e ca n 
be use d t o mode l  n-ar y spatia l  relations ,  simpl y b y 
learnin g abou t  al l  C 2 pair s o f  object s i n th e scene . 
Currently ,  th e learnin g modul e o f  A c o R N take s th e in -
formatio n fro m th e perceptua l  modul e an d generate s 
constraint s base d o n th e followin g relationa l  attributes : 

•  distanc e (7 )  betwee n correspondin g vertice s o f  ti n 

object s ( 0 <  7 ) . 

•  directio n (Oij )  fro m verttX i  t o vertex j  ( 0 <  0i j  <  ir) . 

Certainly ,  othe r  relationa l  attribute s coul d b e use d 
(angl e betwee n majo r  axes ,  relativ e heigh t  o r  width , 
etc.) ,  bu t  thu s far ,  thes e attribute s hav e prove d suffi -
cient . 

As th e syste m observe s positiv e instance s o f  th e rela -
tion ,  i t  build s bot h necessar y an d preferre d constraints . 
Necessar y constraint s represen t  th e necessar y condi -
tion s tha t  an y instanc e o f  th e relatio n mus t  satisfy . 
The y ar e expresse d b y a  se t  o f  range s define d b y al -
gebrai c inequalities .  Fo r  example ,  th e necessar y con -
straint s fo r  "poin t  a  i s right-o f  poin t  b "  i s expresse d 
by th e fan-shap e regio n illustrate d i n Figur e 3a .  Be -
caus e Epoch' s constrain t  solve r  onl y work s wit h linea r 
problems ,  w e approximat e thi s regio n wit h fou r  hnea r 
inequalities. ^  E p o c h incorporate s thes e inequalitie s i n 
a constrain t  progra m tha t  represent s th e fan-shape d 
region ;  Figur e 3 b show s th e progra m i n Prolo g form . 
Th e fou r  inequalitie s (th e necessar y constraints )  corre -
spon d t o fou r  line s delimitin g th e regio n use d t o defin e 
"right-o f  Th e satisfyin g regio n shrink s a s th e num -
ber  o f  constraint s increase s (e.g .  b y addin g "poin t  b 
i s right-o f  poin t  c") .  I f  th e regio n become s null ,  th e 
constraint s canno t  b e satisfied . 

*Bot h Epoc h an d Aco r n ar e implemente d i n Qiiintii s 
Prolog . 

(a ) 

constraintC a([Xa.Ya]).b(CXb,Yb]) ) :-
X =  (X b -  X a ) ,  Y  =  (Y b -  Y a ) , 
Y = < 20.0* X -  100.0 , 
Y > = -0.6*X ,  Y  = < 0.4*X , 
Y > = 20.0+ X -  200.0 , 
pref:( X =  7 . 5 ) ,  pref:( Y =  0 .0 ) . 

(b ) 

Figure 3: (a) A region defined by some constraints, (b) 
A simpl e constrain t  progra m fo r  th e region . 

On the other hand, preferred constraints represent a 
typica l  member  o f  th e learne d spatia l  relation .  I n Fig -
ur e 3b ,  pref :  indicate s a  preferre d constraint .  A c o R N 
use s preferre d constraint s fo r  finding  th e optima l  lo -
catio n o f  a n objec t  give n a  regio n tha t  satisfie s th e 
necessar y constraint s o f  th e learne d relation .  Preferre d 
constraint s ar e create d b y computin g average s ove r  th e 
set  o f  trainin g instances . 

^Tliere are constraint solvers that can deal with non-
linea r  forms ,  bu t  thes e ar e mor e expensiv e [Saka i  89] . 
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I n orde r  t o lear n th e necessar y constraint s fo r  a  s|)a -
tia l  relation ,  A c o r n use s a  simpl e learnin g rul e a s i t 
observe s trainin g instances .  Thi s rul e i s a n applicatio n 
t o constrain t  programmin g o f  Michalski' s  "closin g in -
terva l  generalization "  heuristi c [Michalsk i  83] ;  w e wil l 
refe r  t o thi s a s generalizatio n t o interval : 

For  eac h relationa l  attribute ,  give n numeri c 

values ,  x i  an d 12 1 fro m tw o positiv e trainin g 
instances ,  assum e tha t  al l  numeri c value s be -
twee n x i  an d X 2 ar e als o example s o f  positiv e 
instances . 

Thi s ca n b e use d directl y wit h linea r  attribute s suc h a s 
distance ,  bu t  fo r  cyclica l  attributes ,  suc h a s directio n 
define d a s a n angle ,  tw o positiv e instance s produc e a 
pai r  o f  intervals .  I n thi s cas e AcoR N adopt s tli e heuris -
ti c  o f  generalizin g ove r  th e smalle r  interval . 

Tabl e 1  present s th e incrementa l  algorith m fo r  a  sin -
gl e linea r  attribut e i n mor e detail .  Give n th e ol d con -
strain t  fo r  a n attribute ,  C, ,  an d th e valu e o f  th e at -
tribut e fo r  th e ne w positiv e instance ,  Vj ,  thi s algorith m 
return s a  ne w constraint ,  C'j .  A  constraint ,  C ,  i s de -

fined  b y th e boundin g interva l  [a,/?] . 

Tabl e 1 :  Acorn' s learnin g algorith m fo r  a  linea r  rela -
tiona l  attribute . 

generaIization-to-iiiterval(C,, Vj) 
I f  V j  satisfie s th e constrain t  C j 

T h e n retur n C' j  : = C , 

Els e U v j  <  a  T h e n retur n C -  : = [vj,p ] 

Els e retur n C j  : = [0,1̂ ; ] 

This  learning method is only an initial heuristic; it is 
a simpl e method ,  an d ha s a  numbe r  o f  drawbacks .  On e 
proble m occur s wit h negativ e trainin g instances :  i t  i s 
unclea r  ho w t o modif y constraint s whe n th e negativ e 
instanc e include s value s betwee n a  an d /? .  Addition -
ally ,  a  an d / ? ar e har d thresholds :  afte r  learning ,  a  tes t 
instanc e wit h value s a  — e ,  o r  / ? - f  £  doe s no t  satisf y 
th e constraint .  Especiall y i n nois y domains ,  on e woul d 
prefe r  a  mor e Hexibl e approach .  Despit e it s limitations , 
we hav e foun d tha t  eve n thi s simpl e for m o f  learnin g 
can b e ver y usefu l  fo r  recognizin g an d rea.sonin g wit h 
spatia l  relations . 

3. Performance of ACORN 

A s w e describe d earlier ,  th e advan tag e o f  usin g con -
strain t  expression s i s  tha t  th e k n o w l e d g e ca n b e use d 
i n a  variet y o f  p e r f o r m a n c e task s wi thou t  requirin g 
specia l  pu rpos e representation s o r  rules .  I f  k n o w l e d g e 
a b o u t  spatia l  relation s i s  represente d a s a  se t  o f  con -
strain t  expressions ,  th e pe r fo rmanc e .syste m shoul d b e 
abl e t o recogniz e e x a m p l e s o f  a  give n relation ,  gener -
at e scene s tha t  satisf y a  se t  o f  relations ,  m a k e inferenc e 
f r o m a  se t  relations ,  o r  detec t  r e d u n d a n c y a n d incon -
sistencie s i n a  se t  o f  relations . 

abov e 
abov e 
abov e 
abov e 
abov e 
abov e 

eyebrow1,eye1) . 
eyebro w 1 ,  nos e 
eyebrowl ,  mou l 
eyebrow2 ,  eye 2 
eyebrow2 ,  nos e 
eyebrow2 ,  mou t 

righl-o l 
righl-o ( 
righl-o ( 
right-o ( 
righl-o l 
righl-o ( 

(a) 

eyebrow2 ,  eyebrowl) , 
eyebrow2 ,  eyel) , 
eyebrow2 ,  nos e , 
eye2 ,  eyebrowl) , 
eye2 ,  eyel) , 
eye2 ,  nose) . 

(b) 

Figur e 4 :  Fac e domai n inpu t  fo r  AcoRN :  (a )  Image s 
(b )  Partia l  lis t  o f  trainin g relations . 

I n thi s section ,  w e describ e AcORN' s abilit y  wit h 
tw o performanc e tasks .  W e begi n wit h th e layou t  task : 
generatin g scene s fro m a  se t  o f  relationa l  specifications . 
Next ,  w e conside r  a  variatio n o n thi s task :  completin g 
partia l  scenes .  I n thi s task ,  th e syste m learn s a  se t  o f 
constraint s tha t  represen t  th e spatia l  relation s amon g 
a se t  o f  object s i n a  scene .  Then ,  th e syste m ca n us e 
thes e constraint s t o predic t  th e locatio n o f  missin g ob -
jects . 

The Layout Task 

For  th e layou t  problem ,  w e us e th e simpl e tas k 
of  arrangin g a  se t  o f  si x rectangle s int o a  'face' . 
Figur e 4 a show s th e trainin g instance s give n t o 
Acorn .  I n orde r  t o lear n relations ,  th e syste m 
needs th e relatio n names ,  a s wel l  a s labele d scenes . 
Thus ,  th e rectangle s i n thes e figures  ar e labele d 
cycl,eye2,eycbrotvl,eyebrow2,vose,7no ît h an d ther e 
ar e tw o relation s given :  nb<)vc(X,Y )  an d right -

of(X,Y) .  Figur e 4 b give s a  partia l  lis t  o f  th e rela -
tion s tha t  wer e associate d wit h eac h scene .  AcoR N 
uses thes e a s positiv e trainin g instance s fo r  buildin g 
th e necessar y constraint s tha t  defin e th e spatia l  rela -
tion .  I n particular ,  i t  build s a  constrain t  p r o g r a m fo r 
eac h relatio n a s follows: ^ 

con straint(Re l  a t  ion-name , 
Vertex] ,  Vertexl ,  Vertexl ,  Vertex l 
Vertexi ,  Vertexl ,  Vertex^ ,  Vertex ^ ) 

necessary.constr\ ,  ••• ,  necessary.constrn , 
preferred.constri ,  ••• ,  preferred-constrm . 

Not e tha t  th e tw o argument s t o thi s relatio n ar e rep -
resente d a s list s o f  vertices . 

Afte r  buildin g constrain t  program s fo r  th e relation s 
abov e an d right-of ,  AcoR N ca n construc t  an y ar -
rangemen t  o f  rectangle s give n a  specificatio n i n term s 
of  tli e tw o acquire d relations .  Fo r  example ,  give n th e 
specification : 

{right-of(eye2,eyel) , 
above(eyebrowl,eyel) , 

'We us e standar d Prolo g notatio n here . 
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Figur e 5 :  Face s generate d fro m specifications . 

abov e (eyebrow 2 ,eye2) , 
above(eyel,nose) ,  above(nose,mouth) }  , 

Acor n generate s th e scen e i n Figur e 5a ,  whil e 

{right-of(eye2,eyel) , 
abov e (eyebro w 1  ,eyel) , 
above(eyebrow 2 ,eye2) , 
above(eye2,nose) ,  above(nosc,mouth) }  , 

create s th e scen e i n Figur e 5b .  Not e tha t  th e nos e 
and mout h ar e 'off-center '  i n tiies e scene s becaus e tli e 
preferre d constrain t  fo r  abov e i s straigii t  above .  I f 
we ad d th e constraint s right-of(eyel,uose) ,  right -
of(nose,eye2 )  t o th e specification ,  w e ge t  th e 'cor -
rected '  scen e a s i n Figur e 5c . 

Completing Partial Scenes 

I n additio n t o binar y relations ,  Acor n ca n lear n 
more comple x n-ar y spatia l  relations .  A s describe d 
i n Sectio n 2 ,  th e syste m simpl y model s ?i-ar y rela -
tion s b y buildin g constraint s fo r  ever y pai r  o f  argu -
ments .  Althoug h thi s mean s tha t  ther e i s a  com -
putationa l  limi t  t o th e numbe r  o f  argument s i n a 
relatio n (ther e ar e 0{n- )  constraint s neede d fo r  a n 
)i-ar y relation) ,  w e imagin e tha t  mos t  u.sefu l  re -
lation s d o no t  hav e to o man y arguments .  Fo r 
example ,  th e face s fro m th e previou s sectio n ca n 
be use d t o lear n a  sLx-argumen t  spatia l  relation : 
fac e (eyel,eye2,eyebrowl,eyebx-ow2,mouth,nose) . 

Sinc e ther e ar e si x component s o f  eac h face ,  ther e ar e 
15 constraint s tha t  mak e u p th e constrain t  progra m 
fo r  learnin g th e fac e relation .  Eac h constrain t  mus t 
includ e tii e componen t  labels ,  bu t  i s otherwis e simila r 
t o tha t  presente d i n th e previou s section : 

constraint { 
obj-namel{[Vertex] ,  Vertex^ ,  Vertex^ ,  VertexVl) , 
obj-name2{[Vertexi ,  X'ertex̂ ,  Vertex^ ,  Verlexi]) ) 

necessaryjconstrI, •••, riecessary.constr,i, 
preferred.constri ,  ••• ,  preferred.constr„i . 

(Th e relatio n nam e ca n b e omitte d sinc e th e syste m i s 
learnin g onl y on e relation. ) 

Afte r  acquirin g a  definitio n fo r  thi s relation ,  i t  ca n 
be use d i n a  numbe r  o f  ways .  First ,  scene s ca n b e 
'recognized '  a s satisfyin g th e constraint s tha t  defin e a 
face .  Alternatively ,  th e constraint s ca n b e use d t o pre -
dic t  th e locatio n o f  missin g object s i n a  'face '  scene . 
That  is ,  give n a  partia l  face ,  an d knowledg e abou t  th e 

~ — N ^ 

Figur e 6 :  T w o incomplet e faces ,  an d thei r  completio n 
by Acorn . 

fac e relation ,  AcOR N ca n complet e th e scene .  Figur e 
6 show s a  pai r  o f  incomplet e 'faces' ,  an d th e resultin g 
scene s a s complete d b y AcoRN .  Thi s tas k i s simila r  t o 
th e layou t  problem :  th e syste m use s th e preferre d con -
straint s t o generat e th e locatio n o f  th e missin g object . 

I n general ,  AcOR N ca n predic t  th e locatio n o f  an y 
number  o f  missin g components .  A s mor e an d mor e 
component s ar e missing ,  th e necessar y constraint s be -
come loose r  an d looser .  I f  al l  component s ar e missing , 
the n th e syste m use s onl y th e preferre d constraints , 
and thi s become s a  for m o f  th e layou t  task . 

Thi s i s a  simpl e demonstratio n o f  th e generalit y o f 
Acorn' s acquire d knowledge ,  an d th e versatilit y  o f 
constrain t  expressions .  Onc e th e syste m ha s learne d 
a fe w ke y spatia l  relations ,  i t  ca n us e thi s knowledg e 
i n a  variet y o f  domain s an d performanc e tasks . 

4. Discussion and Future Work 

As describe d i n th e abov e section ,  AcOR N ca n per -
for m lot s o f  task s wit h acquire d constrain t  programs . 
However ,  AcOR N include s a  numbe r  o f  limitation s tha t 
shoul d b e addresse d i n th e future .  I n thi s section ,  w e 
discus s th e limitation s o f  Acorn' s learnin g metho d 
and indicat e th e direction s i n whic h th e researc h i s 
proceeding . 

One tas k tha t  seem s importan t  i s t o improv e th e 
learnin g algorithm .  Th e syste m shoul d b e abl e t o lear n 
fro m negativ e instance s an d buil d constraint s tha t  de -
fine  disjunctiv e spatia l  relations .  Fo r  examples ,  th e 
spatia l  relatio n next-to(X,Y )  ha s t o b e represente d 
by di.sjunctiv e constrain t  expressions .  Hirak i  an d An -
zai  [Hirak i  90 ]  describ e a n initia l  versio n o f  AcOR N 
tha t  wa s abl e t o lear n fro m negativ e instances ,  bu t  onl y 
wit h use r  input ,  an d object s tha t  wer e represente d a s 
points . 

A secon d are a fo r  improvemen t  i s th e rang e o f  inpu t 
images .  AcoR N shoul d b e abl e t o wor k wit h trian -
gles ,  circle s o r  an y concav e polygon ,  rathe r  tha n onl y 
simpl e rectangles .  On e possibilit y  i s  t o us e 2- D gener -
alize d cylinders ;  the.s e provid e a  consisten t  metho d fo r 
representin g a  variet y o f  shapes .  Th e potentia l  difh -
cult y o f  thi s approac h i s tha t  i t  greatl y increase s th e 
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number  o f  relationa l  attribute s betwee n eac h pai r  o f 
objects ,  an d thu s th e complexit y o f  th e constrain t  pro -
grams .  Fo r  thi s problem ,  w e shoul d conside r  method s 
tha t  ca n fin d th e importanc e o f  relationa l  attribute s o f 
a spatia l  relatio n an d the n reduc e th e numbe r  o f  give n 
attributes . 

Ultimately ,  knowledg e abou t  spatia l  relation s shoul d 
be use d b y higher-leve l  system s suc h a s proble m 
solvers ,  natura l  languag e system ,  an d navigatio n sys -
tems .  I n th e future ,  w e hop e t o connec t  AcoR N 
wit h suc h a  system .  Fo r  example ,  Yamada' s 
SPRINT[Yamad a 90 ]  syste m reconstruct s spatia l  con -
figurations  fro m a  give n natura l  languag e description , 
can b e a  goo d applicatio n fo r  AcoRN .  SPRIN T use s 
hard-code d constrain t  expression s correspondin g t o 
specia l  word s tha t  hav e spatia l  information .  AcoR N 
may b e use d t o lear n th e meanin g o f  suc h word s an d 
any ne w spatia l  concept s tha t  ma y b e used .  I n gen -
eral ,  ou r  syste m ma y b e usefu l  a s a n initia l  phas e fo r 
any o f  th e higher-leve l  use s o f  spatia l  knowledge :  rout e 
knowledge ,  spatia l  maps ,  an d pat h planning . 

We believ e tha t  Acor n addresse s a  critica l  tas k fo r 
an intelligen t  learnin g system :  acquirin g symboli c rela -
tiona l  knowledg e fro m numeri c imag e data .  Certainly , 
our  curren t  syste m include s man y limitations ,  bu t  w e 
hope tha t  i t  i s  a  goo d star t  towar d a  general-purpos e 
learnin g syste m fo r  spatia l  relations . 
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