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Abstrac t 

Intelligen t  agent s interactin g wit h thei r  environment s 
combin e informatio n fro m severa l  sens e modalitie s an d 
indulg e i n task s tha t  hav e component s o f  perception ,  rea -
soning ,  learnin g an d planning .  Traditiona l  A I  system s 
focu s o n a  singl e component .  Thi s pape r  highlight s th e 
importanc e o f  th e integrate d perceive-reason-act-lear n 
loop ,  an d describe s a  syste m designe d t o captur e thi s 
loop .  A s a  firs t  step ,  i t  learn s abou t  simpl e objects ,  thei r 
qualities ,  an d th e word s tha t  n a m e an d describ e them . 
T h e visual-linguisti c association s forme d serv e a s a  bia s 
i n acquirin g furthe r  knowledg e abou t  actions ,  whic h i n 
tur n aid s th e syste m i n satisfyin g it s interna l  need s (e.g. , 
hunger ,  thirst ,  sleep ,  curiosity) .  Learnin g mechanism s 
tha t  extract ,  aggregate ,  generate ,  de-generat e an d gen -
eraliz e buil d a  hierarchica l  networ k (tha t  serve s a s inter -
nal  model s o f  th e environment )  wit h whic h th e syste m 
perceive s an d reasons . 

Introduction 

Intelligent agents (embedded in an environment) rou-
tinel y sens e informatio n throug h on e o r  mor e sensor y 
channels ,  engag e i n variou s kind s o f  perceptua l  reasonin g 
i n th e proces s o f  recognizin g a  stimulu s o r  a  patter n o f 
stimuli ,  an d respond ,  actin g appropriately .  Agent s als o 
exhibi t  th e capabilit y  t o lear n fro m repeate d interaction s 
wit h externa l  stimuli .  Thi s continuin g perceive-reason -
act-learn-perceive-.. .  loo p i s almos t  certainl y centra l  t o 
intelligence ,  a s evidence d b y th e behavio r  o f  animals ,  in -
cludin g humans .  System s tha t  full y  captur e thi s loo p wil l 
e.xhibi t  th e essenc e o f  mundan e everyda y reasoning . 

The acquisitio n o f  knowledg e abou t  th e environmen t 
startin g wit h visual-linguisti c learnin g ha s begu n t o gai n 
attentio n amon g researcher s (e.g. ,  se e Neno v &  Dyer , 
1988 ;  Webe r  &  Stolcke ,  1990) .  Feldma n e t  al .  (1990 ) 
hav e dubbe d thi s a  touchston e tas k fo r  cognitiv e science . 

Thi s pape r  discusse s a  syste m tha t  w e hav e designe d 
and ar e implementin g fo r  capturin g th e perceive-reason -
act-lear n loop .  First ,  th e syste m learn s t o recogniz e an d 
name simpl e objects ,  an d thei r  part s an d qualities .  I t  ca n 
the n learn ,  fro m string s o f  thes e perceptuall y grounde d 
words ,  abou t  classes ,  relations ,  an d actions . 

Sectio n 2  describe s th e system' s architectur e an d goal s 
(als o se e Man i  &  Uhr ,  1991) .  Sectio n 3  examine s th e 

learnin g mechanism s employe d an d Sectio n 4  give s de -
tail s o f  th e acquisitio n o f  interna l  model s o f  th e environ -
ment . 

The Architecture of CHILDLIKE 

The CHILDLIKE ^  syste m i s a  computationa l 
information-processin g mode l  (implemente d i n Common 
Lisp )  designe d t o lear n abou t  objects ,  thei r  qualities ,  an d 
th e word s tha t  n a m e an d describ e them ;  and ,  further , 
t o us e thi s knowledg e t o satisf y it s  interna l  need s (e.g. , 
hunger ,  thirst ,  sleep ,  curiosity) . 

T h e syste m i s inpu t  sequence s o f  simpl e "experiences " 
f ro m whic h i t  attempt s t o learn .  A n experienc e contain s 
severa l  differen t  c o m p o n e n t s — fo r  example ,  a  visua l  pic -
toria l  scene ,  a  shor t  languag e utterance ,  a n abstracte d 
action . 

T h e visua l  inpu t  i s  a  snapsho t  a t  a  singl e m o m e n t  o f 
time .  I t  consist s o f  a  4-by- 4 o r  8-by- 8 imag e — typicall y 
on e tha t  a  low -  o r  intermediate-leve l  compute r  visio n sys -
te m migh t  outpu t  — tha t  encode s informatio n suc h a s 
edges ,  o r  color s an d textures ,  o r  simpl e shapes .  Thes e ar e 
pre-processe d a s needed ,  usin g a  networ k o f  convolution -
lik e mask-matching-plus-thresholdin g operations ,  t o ob -
tai n primitiv e feature s suc h a s lon g vertica l  o r  horizonta l 
lines ,  th e textur e i n a  larg e segmen t  o f  th e image ,  o r  th e 
colo r  o f  thes e significan t  regions . 

T h e languag e inpu t  consist s o f  shor t  (typicall y 2- 5 
word s i n th e curren t  implementation )  Englis h languag e 
string s (althoug h an y languag e coul d b e use d withou t 
changin g an y aspec t  o f  th e system) .  A n exampl e se -
quenc e o f  input s t o th e syste m i s show n i n Figur e 1 . 

Visua l  Input : 

a) 
b) 
c) 

Pictur e o f  a n apple ] 
Pictur e o f  a  banana ] 
Pictur e o f  a n appl e an d 
a banan a sid e b y side ] 
Pictur e o f  a  table ] 
Pictur e o f  a n appl e 
on a  table ] 

Figur e 1 :  A 

Languag e Input : 

re d appl e 
banan a 

appl e an d banan a 
brow n tabl e 

appl e o n tabl e 

s i m p l e i npu t  s e q u e n c e 

'Thi s researc h wa s supporte d i n par t  b y a  Grant-in-Ai d o f 
researc h fro m Sigm a Xi . 

'  whic h stand s fo r  Conceptua l  Hierarchie s I n Languag e De -
velopmen t  an d Learnin g I n a  Kiddi e Environment . 
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Each visua l  inpu t  t o th e syste m i s a  snapsho t  o f  th e en -
vironmen t  i n time .  Usin g suc h simpl e ordere d sequence s 
of  inputs ,  th e syste m i s taugh t  ho w t o associat e name s 
of  object s wit h thei r  shape ,  siz e an d othe r  features ,  an d 
furthe r  t o associat e relationa l  word s wit h visua l  feature s 
tha t  impl y them .  Onc e th e syste m i s abl e t o groun d lan -
guage symbol s i n term s o f  informatio n perceive d throug h 
th e visua l  channel ,  i t  ca n b e furthe r  traine d b y verba l  in -
put  alone .  Thu s th e syste m bootstrap s itself ,  b y firs t 
groundin g word s i n perceptua l  information ,  t o th e poin t 
wher e i t  ca n lear n fro m thes e grounde d word s only . 

CHILDLIKE' s parallel-hierarchica l  structur e wa s cho -
sen becaus e i t  i s  general ;  successiv e compoundin g ca n 
produc e an y possibl e se t  o f  functions ,  startin g fro m a  uni -
versa l  se t  o f  primitives .  I t  als o ha s th e potentia l  o f  grea t 
spee d an d efficiency .  An d i t  i s  a  widel y use d structur e 
fo :  perceptua l  recognitio n o f  object s i n 2-dimensiona l  im -
ages (Hanso n &  Riseman ,  1978 ;  L i  t  Uhr ,  1987 ;  Tan -
iniot o <k Klinger ,  1980 ;  Uhr ,  1987) ,  parsin g tree s fo r 
1-dimensiona l  languag e string s (Chomsky ,  1986 ;  Osher -
son &  Lasnik ,  1990) ,  an d th e hierarchica l  buildin g u p 
of  logica l  function s tha t  accep t  th e combination s o f  0 -
dimensiona l  term s handle d b y concep t  formatio n an d 
similarity-base d learnin g system s (Hunt ,  1962 ;  Michal -
ski ,  1983 ;  Mitchell ,  1982 ;  Quinlan ,  1986) .  I t  appear s tha t 
th e multilayer ,  convergin g "recognitio n cone "  structur e 
of  micro-modula r  processe s bein g develope d fo r  percep -
tua l  recognitio n task s (Uhr ,  1978 ;  1987 )  ca n als o b e use d 
fo r  buildin g linguisti c structure s an d visual-linguisti c as -
sociations .  Buildin g o n thes e visual-linguisti c associa -
tions ,  th e syste m ca n furthe r  acquir e memor y structure s 
tha t  encod e th e effect s o f  action s an d reaso n abou t  need -
fulfillment . 

Learning Mechanisms in CHILDLIKE 

CHILDLIKE' s learnin g mechanism s extrac t  an d incor -
P'  'rat e informatio n learne d vi a interaction s wit h th e en -
vironment .  Thes e learnin g mechanism s ca n b e groupe d 
ir  t o th e followin g majo r  types :  extraction ,  aggregation , 
generation ,  de-generatio n an d generalization .  Extractio n 
i s involve d wit h th e proces s o f  carvin g ou t  potentiall y 
usefu l  piece s o f  informatio n fro m th e visua l  an d verba l 
inpu t  fields.  Aggregatio n put s togethe r  pieces .  Gener -
atio n create s ne w link s tha t  encode ,  contain ,  an d appl y 
thi s ne w information . 

Extractio n take s plac e b y imposin g window s o n th e 
inpu t  array(s )  containin g perceptua l  information .  Thi s 
embodie s a  local-receptiv e field  heuristi c tha t  favor s ex -
tractin g connected ,  compac t  feature s fro m whic h node s 
tha t  detec t  thes e feature s ar e generated .  Evidenc e tha t 
brains '  neuron s predominantl y interac t  wit h nea r  neigh -
bors ,  an d empirica l  evidenc e tha t  suc h loca l  receptiv e 
fields  ar e superio r  t o rando m receptiv e fields  fo r  visua l 
task s i n th e recognitio n con e framewor k (Honava r  an d 
Uhr ,  1989 )  suppor t  th e choic e o f  thi s heuristic .  Thi s lo -
calit y heuristi c i s use d t o aggregat e compoun d feature s 
at  subsequen t  level s also . 

The networ k o f  node s create d a s a  resul t  o f  extraction , 
â ,gregatio n an d generatio n serve s a s a n interna l  repre -

sentatio n o f  th e environment .  Eac h nod e encode s som e 
featur e o r  microfeatur e (e.g. ,  on e le g o f  a  chair ,  th e wor d 
"leg") ,  o r  som e compoun d featur e o r  clas s (e.g. ,  fou r  legs , 
th e phras e "four-legge d chair, "  furniture) . 

De-generatio n an d generalizatio n mechanism s simplif y 
and spee d u p processing ,  an d comba t  potentia l  combina -
toria l  explosions . 

De-generatio n involve s th e discardin g o f  node s an d 
link s tha t  appea r  t o encod e useles s o r  wron g informa -
tion .  Th e valu e o f  a  lin k i s assesse d (e.g. ,  b y it s associ -
ate d weight ,  o r  processe s tha t  estimat e ho w usefu l  i t  ha s 
been) ,  an d th e networ k prune d accordingly . 

Generalizatio n ma y involv e removin g certai n link s 
(thi s correspond s t o th e droppin g conditio n rul e o f 
Michalski ,  1983 ,  i n symboli c similarity-base d learning) , 
replacin g link s t o a  numbe r  o f  node s representin g explici t 
entitie s wit h a  lin k t o a  singl e nod e whic h ma y stan d 
fo r  an y o f  thes e entitie s {turnin g constant s int o variable s 
rule) ,  replacin g link s t o node s ri k a t  leve l  i  wit h a  lin k 
t o a  nod e n  a t  leve l  t  -| -  1  suc h tha t  a  majorit y o f  nj t  ar e 
linke d t o nod e n  (climbin g generalizatio n tre e rule) ,  o r 
replacin g a  sub-networ k wit h a  nod e tha t  stand s fo r  th e 
sub-networ k (constructiv e generalizatio n rule) . 

The orde r  o f  th e trainin g sequence s als o play s a  sig -
nifican t  rol e i n knowledg e acquisition .  A t  eac h step , 
experience s ar e judiciousl y chose n t o slowl y buil d o n 
prio r  learning .  Fo r  example ,  trainin g sequence s aime d 
at  teachin g relation s suc h a s "on, "  "above "  an d "and " 
shoul d contai n visua l  informatio n portrayin g thes e re -
lation s betwee n already-learne d objects ,  alon g wit h th e 
associate d languag e string .  A n exampl e o f  suc h grade d 
trainin g ca n b e foun d i n Figur e 1 .  I t  shoul d b e note d 
tha t  a  numbe r  o f  trainin g sequence s o f  th e sor t  show n 
i n Figur e 1  ma y b e require d befor e th e relation s ar e ef -
fectivel y learned .  Trainin g sequence s ma y als o forc e th e 
learne r  t o focu s o n a  particula r  aspec t  o f  th e inpu t  b y 
varyin g al l  othe r  aspect s o f  th e inpu t  (se e below) . 

Acquiring Internal Models of the 

Environmen t 

Reasonin g abou t  th e worl d i s greatl y facilitate d b y hav -
in g a n interna l  mode l  o f  tha t  world .  Th e CHILDLIK E 
system' s interna l  mode l  consist s o f  subnetwork s encodin g 
association s amon g visua l  features ,  words ,  actions ,  need s 
and compoun d feature s derive d fro m them . 

Learning Words About Objects 

CHILDLIK E learn s abou t  simpl e object s b y "seeing " 
the m throug h th e visua l  channe l  an d simultaneousl y 
"hearing "  a  linguisti c descriptio n o f  th e objec t  throug h 
th e languag e channel .  Often ,  th e objec t  i s  no t  name d i n 
isolatio n bu t  i s name d alon g wit h word s describin g othe r 
propertie s (e.g.,"gree n apple" )  o f  th e objec t  o r  th e scene . 
Throug h repeate d extraction s fro m th e sensor y channel s 
and generatio n o f  associations ,  CHILDLIK E learn s th e 
wor d tha t  correspond s t o a  particula r  objec t  i n th e visua l 
field.  I t  conjecture s tha t  othe r  word s (whic h d o no t  ap -
pear  t o correspon d t o whol e objects )  ma y refe r  t o part s 

807 



B E H A V I NG P H A S E : 
1.  Inpu t  on e o f  th e array s (visua l  o r  linguistic) . 
2.  Extrac t  primitiv e features ,  aggregat e the m int o compoun d features ,  fin d th e best-matc h fo r  th e entitie s i n thi s 

channe l  an d fin d correspondin g entitie s i n th e othe r  channe l 
{Mor e formally ,  th e extraction s an d aggregation s ca n b e expresse d a s 
( P stand s fo r  a  primitiv e featur e an d C  fo r  a  compoun d feature) : 
Leve l  0  C y =  Aj(Pi,5 ) 
Leve l  1  :  C) ,  =  A\{Ci ,  S )  an d s o o n fo r  subsequen t  levels . 
Here ,  t  range s ove r  a  local ,  connecte d window ,  S  i s a n associate d strengt h o r  weigh t  vecto r  (whic h get s modifle d base d o n error s 
made) ,  an d A j ,  Aic ,  etc. ,  ar e aggregatio n functions .  Matchin g i s performe d b y aggregatin g evidenc e hierarchicall y an d 
collectin g entitie s implie d a t  eac h level. } 

LEARNING PHASE: 
1,  Inpu t  visua l  an d linguisti c array s ( V an d L  respectively) . 
2a.Extrac t  primitiv e feature s an d aggregat e the m int o compoun d feature s hierarchicall y 

b.Matc h know n entitie s acros s th e visua l  an d linguisti c channel s (cal l  th e matche d part s v  an d I  respectively) . 
c.Generat e al l  possibl e links ,  subjec t  t o a  resourc e constraint ,  betwee n nove l  feature s (correspondin g t o ( V — v )  an d ( L — /) )  acros s th e 

visua l  an d linguisti c channels ,  plu s q  ( a changeabl e parameter )  link s involvin g alread y know n entitie s (correspondin g t o v  an d / ) . 
3.  I f  normal-trainin g 

Change lin k weight s usin g a  Hebbian-lik e learnin g mechanism . 
{Mor e precisely ,  th e learnin g mechanis m ca n b e expresse d a s W„eu,(Nl ,  7V2 )  =  Woi d +  t)/(Afl ,  N 2 ) 

wher e JV l  i s a  (primitiv e o r  compound )  visua l  featur e an d N 2 i s a  linguisti c feature .  f {N l ,N2 )  i s non-zer o onl y i f  th e 
feature s N l  an d JV 2 ar e bot h presen t  i n th e curren t  inpu t  instance ;  currentl y a  normalize d frequenc y coun t  i s  used. } 

els e (attention-focusin g training ) 
Modif y weight s explicitl y  usin g a  hig h learnin g rate . 

4.  Adjus t  lin k weights ,  delet e node s an d links ,  an d for m compac t  structure s o r  subnet s usin g de-generatio n an d generalization . 
{De-generatio n heuristic s an d generalizatio n mechanism s ar e describe d i n th e text. } 

Figure 2: The algorithm for learning about objects, object qualities and words that refer to them 

ol  objects ,  thei r  qualities ,  o r  eve n relationship s a m o n g 
objects . 

Learning Words About Parts and Qualities 

o f  Object s 

An explici t  featur e i n th e visua l  field  ma y correspon d 
t o certai n qualitie s o f  th e objec t  (suc h a s colo r  o r  tex -
ture )  o r  ma y constitut e a  sub-par t  o f  th e object .  Word s 
abou t  thes e feature s ofte n occu r  i n th e languag e field  o f 
th e input .  Association s betwee n word s an d thei r  corre -
spondin g feature s ar e generate d b y th e initia l  experience , 
and thei r  weight s strengthene d (o r  weakened )  b y subse -
quen t  ones .  Qualitie s an d part s o f  object s wil l  ofte n als o 
ten d t o b e highl y correlate d wit h (henc e wil l  b e linke d 
to )  th e name s o f  th e object ;  fo r  example ,  th e colo r  "yel -
low "  fro m th e visua l  field  — i n additio n t o bein g linke d 
ti  th e wor d "yellow "  wit h a  stron g weigh t  — ma y als o b e 
linke d t o th e wor d "banana "  an d t o th e word s fo r  othe r 
ytUo w object s wit h moderat e weights .  Bu t  t o th e exten t 
t l  a t  th e syste m i s inpu t  experience s wher e a n object' s 
name i s alway s present ,  an d th e name s o f  qualitie s an d 
part s ar e presen t  fo r  othe r  object s a s well ,  i t  wil l  lear n 
th e informatio n neede d t o assig n name s correctly . 

The associatio n betwee n somethin g lik e th e colo r  "yel -
low "  an d th e wor d "yellow "  ca n b e furthe r  strengthene d 
by a  proces s calle d attention-focusin g training .  Thi s in -
volve s makin g th e syste m concentrat e o n a  particula r 

sub-concep t  vi a a  trainin g sequenc e o r  se t  o f  example s 
tha t  focuse s o n th e particula r  sub-concept .  Fo r  example , 
t o forc e th e learne r  t o for m a  reliabl e associatio n betwee n 
th e colo r  "yellow "  an d th e wor d "yellow, "  on e o f  th e fol -
lowin g strategie s ca n b e used :  A )  a  yello w objec t  i s inpu t 
throug h th e visua l  channe l  an d explici t  feedbac k (whic h 
i s speciall y marked ,  o r  inpu t  throug h a  specifi c  explicit -
feedbac k channel )  refer s t o th e wor d "yellow "  o n th e lan -
guag e channel .  Suc h speciall y marke d trainin g instance s 
ar e processe d i n a  specia l  way ,  resultin g i n th e require d 
link' s weigh t  bein g strengthene d rapidl y (usin g a  highe r 
learnin g rate) .  Not e tha t  althoug h a d hoc ,  thi s  i s simpl y 
a fas t  alternativ e t o repeatin g a  larg e numbe r  o f  trainin g 
example s suc h a s thos e describe d next .  B )  a  numbe r  o f 
yello w objects ,  wit h othe r  attribute s (suc h a s shap e an d 
texture )  entirel y unrelate d t o thos e o f  th e object s experi -
ence d s o far ,  ar e inpu t  throug h th e visua l  channe l  alon g 
wit h th e wor d "yellow "  o n th e languag e channel .  Thi s 
help s i n strengthenin g th e require d associatio n withou t 
adversel y affectin g othe r  useful ,  previousl y learne d asso -
ciations .  An y ne w association s tha t  ar e forme d (embed -
din g th e irrelevan t  features )  ge t  de-generate d eventuall y 
becaus e the y ar e no t  reinforced ,  an d henc e fal l  belo w a 
dynamically-adjuste d threshold. ^ 

^Threshol d adjustment s ar e don e whe n i t  i s eviden t  tha t 
th e syste m ha s mad e a n erro r  (e.g. ,  th e visua l  nod e fo r  a  ba -
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L e a r n i n g Spat ia l  R e l a t i o n s 

Relation s a m o n g objec t  part s o r  betwee n object s ar e 
much harde r  t o lear n i f  th e notio n o f  a  relatio n (an d 
it s arity )  i s  no t  buil t  int o th e system .  I n C H I L D L I K E 
(whic h i s  designe d t o lear n a s m u c h a s possible ,  rathe r 
tha n us e built-i n knowledge) ,  priorit y i s  give n t o asso -
ciatin g word s fro m th e languag e channe l  wit h explici t 
feature s o r  object s i n th e visua l  channel .  W h e r e a  wor d 
and a  sub-objec t  hav e alread y bee n learne d an d linke d 
together ,  the y ar e considere d t o b e accounte d for .  Eac h 
of  th e additiona l  word s i s  tentativel y linke d t o eac h o f 
th e additiona l  sub-objects .  T h e arit y o f  th e relatio n i s 
tentativel y assume d t o b e th e numbe r  o f  structure s i n th e 

visua l  imag e alread y linke d t o word s tha t  ar e present . 
W h en a n exampl e suc h a s 

Visual input: 
Pictur e o f  yello w banan a an d brow n table ,  wit h th e cente r  o f  th e 
banan a havin g a  y-coordinat e 2  unit s ( a uni t  i s a  certai n numbe r 
of  row s dependin g o n th e resolutio n o f  th e inpu t  image )  highe r 
tha n tha t  o f  th e tabl e (th e x-coordinate s o f  th e 2  object s ar e th e 
same o r  diffe r  b y les s tha n 0. 1 unit ,  a  paramete r  whic h coul d b e 
a functio n o f  thing s suc h a s object-size) . 

Languag e input : 
banan a o n tabl e 

is presented for learning the relation "on," the system 
finds  th e bes t  m a t c h (th e highes t  leve l  structur e implie d 
acros s th e visua l  a n d languag e input )  fo r  eac h c o m p o -
nent ,  a n d hypothesize s " o n "  t o b e th e qualit y o f  o n e ob -
jec t  an d als o t o b e a  relatio n b e t w e e n th e t w o constituen t 
structure s i n th e visua l  i m a g e tha t  h a d m a t c h i n g wo rds . 
Subsequen t  trainin g usin g e x a m p l e s suc h a s 

Visual input: 
Pictur e o f  re d appl e an d whit e table ,  wit h th e cente r  o f  th e appl e 
havin g a  y-coordinat e 1  uni t  highe r  tha n tha t  o f  th e tabl e (sam e 
x-coordinates) . 

Languag e input : 
appl e o n tabl e 

rtinforces the latter hypothesis. 
Finally ,  rule s lik e th e followin g o n e ar e acquire d a s a 

rtsul t  o f  th e trainin g reg im e explaine d a b o v e (th e rul e 
i s a  hierarchica l  s u b n e t w o r k withi n th e sys tem ;  w e h a v e 
re-expresse d th e rul e her e i n a  m o r e symbol i c f o rma t  fo r 
clarity) . 

on(L,M )  <—• 
L(y-po s =  Y  +  (0.2) ,  x-po s =  X  ±  delta ,  colo r  =  • ) 
M(y-po s =  Y ,  x-po s =  X ,  colo r  =  * ) 

When necessary, spatial relations are also taught the 
syste m i n a  m o r e explici t  w a y ,  usin g th e attention -
focusin g trainin g m e c h a n i s m describe d above .  Severa l 
experience s ar e inpu t  tha t  contai n th e s a m e objects ,  bu t 

(plcoh«r,tabl« ) 

Io n 1  -

oris /  ancodln g rul« s fo r  roactlng\ . 

on(L,M )  < 
L(yj)O i  -  »  •  ( 

x_poi  -  X  +-^l t 
colo r 

M(y_po« • Y 
jpo .  -  X 

colo r  • 

pitche r 

hud l a 
c_f«tur« l  ,̂ ^  hMndl 9 

M«nori« a ancodln g vlaua l  atruetura a Hanoria a ancodln g llngvlatl c atruetura a 

nan a bein g activ e alon g wit h th e nod e fo r  th e wor d "apple") . 

Figur e 3 :  A n overvie w o f  th e m e m o r y structure s 
acquire d b y C H I L D L I K E 

at different locations. Since other properties (such as 
colo r  an d texture )  d o no t  chang e whe n a n objec t  moves , 
th e syste m learn s t o associat e th e (relative )  positiona l 
informatio n wit h relationa l  words . 

Thi s wil l  handl e scene s whos e description s are ,  fo r  ex -
ample ,  "glas s o n three-legge d stool, "  a s wel l  a s scene s in -
volvin g non-spatia l  relations ,  fo r  exampl e one s describe d 
by "appl e an d yello w banana. " 

Learning About Actions and 

Need-fulfillmen t 

Reasonin g abou t  action s an d thei r  effect s i s a n importan t 
aspec t  o f  intelligen t  behavior .  I n CHILDLIKE ,  sequence s 
of  visua l  frame s ar e use d t o lear n abou t  th e effec t  o f  ac -
tions .  Fro m tw o visua l  frames ,  an d a n intervenin g action , 
th e syste m learn s t o associat e a n actio n (sa y  ̂ 1 )  wit h 
th e descriptio n o f  th e tw o frame s (base d o n a  tempora l 
proximit y heuristic) .  Need s ar e sense d internall y (i n th e 
same wa y tha t  visua l  an d linguisti c feature s ar e sense d 
externally )  an d actio n sequence s tha t  chang e nee d level s 
favorabl y (indicativ e o f  need-fulfillment )  ar e learne d an d 
store d fo r  futur e use . 

Discussion and Conclusions 

We hav e successfull y experimente d wit h th e curren t  ver -
sio n o f  CHILDLIK E usin g 5-1 0 objec t  classe s (suc h a s 
fruit ,  foo d an d furniture )  wit h 5-1 0 distinc t  object s i n 
each clas s ( a larg e numbe r  o f  instance s o f  eac h objec t  ar e 
possibl e sinc e object s ca n var y i n positio n an d als o i n 
thei r  feature s an d featur e values) .  W e ar e i n th e proces s 
of  testin g th e learnin g abilitie s o f  th e syste m o n large r 
set s o f  objects .  Ou r  preliminar y exploration s appea r  t o 
indicat e tha t  th e underlyin g approac h i s sound ;  th e sys -
te m shoul d no t  exhibi t  brittlenes s a s th e numbe r  o f  ob -
ject s an d thei r  propertie s grows . 

A snapsho t  o f  th e memorie s acquire d b y CHILDLIK E 
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i s  show n i n Figur e 3 .  Distinc t  memorie s ar e use d t o 
encod e th e actions-relate d rule s an d thei r  components ; 
thes e ar e linke d t o memorie s containin g encoding s o f  re -
late d visua l  structure s an d words .  Thu s a  pre-conditio n 
lik e "on(pitcher,table) "  ca n occu r  i n th e actio n memorie s 
as par t  o f  a  rule ,  an d i s connecte d t o th e correspond -
in g visua l  structure s an d throug h the m t o words .  (Onl y 
th e highl y weighte d linkage s ar e show n i n Figur e 3 ;  link s 
wit h smal l  weight s exist ,  fo r  example ,  betwee n th e vi -
sual  structur e fo r  "pitcher "  an d th e wor d "table "  sinc e 
the y co-occu r  i n th e sam e trainin g instance .  Link s whos e 
w dght s fal l  belo w a  dynamicall y adjustabl e threshol d ar e 
periodicall y remove d fro m th e memor y structures. )  Th e 
dotte d lin e i n Figur e 3  represent s a n exampl e o f  th e kin d 
of  link s tha t  woul d b e forme d afte r  word s abou t  action s 
ar e als o learned . 

An importan t  featur e o f  th e syste m i s it s abilit y  t o 
lear n an d reaso n usin g languag e inpu t  alon e (suc h a s 
"appl e i s fruit, "  "banan a i s fruit, "  an d "frui t  i s  sweet") . 
Once a  fe w word s an d wha t  the y refe r  t o hav e bee n 
learned ,  ne w concept s ca n b e learne d usin g thes e word s 
alone .  Thi s i s salien t  i n huma n learning ,  an d ca n greatl y 
spee d u p learning . 

I t  shoul d b e note d tha t  th e performanc e o f  th e sys -
te m i s no t  tie d t o specifi c  objec t  classes ,  specifi c wbrd s 
abou t  them ,  o r  specifi c  needs .  Th e sam e progra m ca n b e 
used wit h differen t  objects ,  object-classes ,  needs ,  or/an d 
word s fro m a  differen t  language . 

I n CHILDLIKE ,  th e effect s o f  action s ar e learne d fro m 
experience .  Th e representatio n i n CHILDLIKE' s actio n 
ir_?morie s i s aki n t o tha t  use d b y plannin g system s (start -
ii_ g wit h STRIPS ,  Fike s k  Nilsson ,  1971) .  Thi s acquire d 
ki  owledge ,  whic h i s alread y i n a  convenien t  represen -
tation ,  ca n b e use d b y a  powerfu l  plannin g modul e t o 
enhanc e CHILDLIKE' s reasonin g capabilities . 

We hav e describe d a  syste m tha t  attempt s t o captur e 
th e perceive-reason-act-lear n loo p whic h i s centra l  t o in -
telligence ,  a s evidence d b y anima l  an d huma n behavior . 
A perception—mediate d approac h enable s efficien t  acqui -
sitio n o f  concept s tha t  ar e descriptiv e a s oppose d t o thos e 
tha t  simpl y classif y an d discriminate .  Th e multi-leve l 
descriptio n o f  objects ,  includin g part s an d qualitie s an d 
word s abou t  them ,  facilitate s differen t  kind s o f  reason -
ing .  Word s an d smal l  sentence s abou t  th e visua l  scen e 
ar e grounde d i n term s o f  visua l  entities ,  an d vic e versa . 
The syste m ca n als o lear n t o reaso n abou t  simpl e actio n 
sequence s tha t  ca n potentiall y  satisf y needs .  Al l  o f  thi s 
learnin g an d reasonin g i s performe d usin g micro-modula r 
structure s an d general-purpos e mechanism s suc h a s ex -
traction ,  aggregation ,  generation ,  de-generatio n an d gen -
e.  ilization . 

We ar e extendin g CH ILDL IK E i n severa l  ways .  Thes e 
includ e usin g a  mor e sophisticate d inheritanc e paradigm , 
rt  finin g th e wa y action s ar e handled ,  an d th e inclusio n 
of  a  deliberatio n modul e t o arriv e a t  approximat e plan s 
fo r  fulfillin g needs .  Lastly ,  w e not e tha t  th e curren t  func -
tionalit y o f  th e syste m i s ver y goo d considerin g ho w lit -
tl e informatio n i s buil t  i n t o th e syste m a  priori ;  al l  th e 
rule s employe d i n recognizin g object s an d thei r  parts ,  i n 

groundin g word s i n object s an d relations ,  an d i n reason -
in g ar e learne d fro m experiences ,  startin g wit h th e mos t 
simpl e ones . 
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