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A b s t r a c t 

T h e C H I L D L I K E syste m i s  designe d t o leeir n abou t  ob -
jects ,  objec t  qualities ,  relationship s a m o n g objects ,  an d 
word s tha t  refe r  t o them .  Onc e sufficien t  visual-linguisti c 
association s hav e bee n established ,  the y ca n b e use d a s 
foundation s fo r  a )  furthe r  learnin g involvin g languag e 
alon e an d b )  reasonin g abou t  th e effec t  o f  differen t  ac -
tion s o n perceive d object s an d relations ,  an d internall y 
sense d nee d levels .  Here ,  w e addres s th e issu e o f  learn -
in g efficien t  rule s fo r  actio n selection .  A  triaJ-and-erro r 
(o r  reinforcement )  le£irnin g zdgorith m i s use d t o acquir e 
an d refin e action-relate d rules .  Learnin g take s plac e vi a 
generatio n o f  hypothese s t o guid e movemen t  throug h se -
quence s o f  states ,  a s wel l  a s modification s t o tw o entities : 
th e weigh t  associate d wit h eac h action ,  whic h encode s th e 
uncertaint y underlyin g th e action ,  an d th e potentia l  valu e 
(o r  vector )  o f  eac h stat e whic h encode s th e desirabilit y o f 
th e stat e wit h respec t  t o th e curren t  needs .  C H I L D L I K E 
i s described ,  an d issue s relatin g t o th e hamdlin g o f  uncer -
teunty ,  generalizatio n o f  rule s aai d th e rol e o f  a  short-ter m 
m e m o ry ar e als o briefl y addressed . 

Introduction 

Perceptio n i s crucia l  t o an y activit y b y intelligen t  agent s 
i n a n environment .  I n dynami c environments ,  perception -
mediate d reasonin g an d actin g ca n avoi d th e problem s o f 
plannin g tha t  goe s d o w n blin d alley s an d expend s massiv e 
effort s t o anticipat e situation s tha t  neve r  occur .  Perceiv -
in g th e stat e o f  th e worl d periodicall y cs m als o sav e th e 
embedded agen t  th e troubl e o f  keepin g precis e trac k o f 
it s move s t o infe r  it s positio n relativ e t o othe r  object s i n 
th e environmen t  a t  eac h step . 
On th e performanc e side ,  i t  i s  instructiv e t o not e tha t 
h u m a ns ar e abl e t o perceiv e an d recogniz e scene s con -
tainin g a  fe w object s withi n a  fe w hundre d milliseconds . 
Suc h rapi d perceptio n i s crucia l  t o adequatel y fas t  reac -
tio n i n a n environment .  (However ,  i t  i s  rarel y necessar y 
fo r  a  scen e t o b e full y recognize d befor e a m agen t  reacts . 
Certai n ke y feature s o r  salien t  object s i n a  scen e m a y trig -
ger  reaction s tha t  hav e bee n associate d wit h th e feature s 
or  object s b y prio r  learning. ) 
Rule s tha t  fau:ilitat e choosin g action s withou t  extensiv e 
deliberatio n ar e important ,  sinc e plannin g i s  tim e con -
sumin g an d it s utilit y  i s  limite d i n dynami c environments . 
At  th e sam e time ,  i t  i s  als o importan t  t o lear n th e effec t 
of  differen t  action s o r  operator s fro m experienc e (e.g. ,  se e 

[Drescher ,  1987] ,  [Maso n e t  ai ,  1989] ,  [Shen ,  1989]) .  Re -
activ e plannin g (e.g. ,  [Georgef T an d Lansky ,  1987] ,  [Firby , 
1987] )  o r  iterativ e plannin g [Kaelbling ,  1987 ]  ca n b e cas t 
i n a  memory-base d framewor k particularl y whe n othe r 
task s suc h a s perceptio n an d languag e ar e bein g inte -
grate d int o th e system .  (Integratin g visio n an d languag e 
i s gainin g considerabl e attentio n i n th e A I  an d cognitiv e 
scienc e c o m m u n i t y — e.e. ,  se e [Dyer ,  1991] ,  [Feldma n e i 
ai ,  1990] ,  [Okada ,  1991] ,  (Siskind ,  1991]. )  I n thi s pape r 
we describ e ho w rule s ca n b e learne d tha t  hel p th e syste m 
t o reac t  appropriatel y t o it s needs ,  an d ho w generaliza r 
tio n o f  thes e rule s i s aide d b y prio r  learnin g o f  visua l  an d 
linguisti c constructs . 
I n th e nex t  section ,  w e briefl y describ e th e integrate d 
syste m tha t  w e ar e developin g t o lear n fro m simpl e expe -
riences .  T h e subsequen t  section s focu s o n th e acquisitio n 
an d refinemen t  o f  hypothese s (structure s o f  rules )  tha t 
ai d th e syste m i n reactin g t o it s  interna l  needs .  Prio r 
visual-linguisti c association s ac t  a s powerfu l  biase s fo r 
th e acquisitio n an d refinemen t  o f  rule s tha t  relat e action s 
t o th e perceive d environmenta l  state s an d thei r  need -
satisfactio n potential .  Th e representatio n a s wel l  a s gen -
eralizatio n o f  rule s i s addressed . 

Backgroun d abou t  th e C H I L D L I K E 

Syste m 

The CHILDLIKE ^  syste m [Man i  an d Uhr ,  1991a,b ] 
[Mani ,  1992 ]  (i n preparation )  i s  a  computationa l 
information-processin g mode l  (implemente d i n C o m m on 
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 ac t  toward s satisfyin g it s inter -
nad need s (e.g. ,  hunger ,  thirst ,  sleep ,  curiosity) .  Thu s 
th e C H I L D L I K E syste m attempt s t o captur e th e entir e 
perceive-reason-act-lear n loop . 
Th e syste m i s  subjecte d t o a  serie s o f  simpl e "experi -
ences "  fro m whic h i t  attempt s t o learn .  A n experienc e 
consist s o f  severa l  differen t  type s o f  input — fo r  example , 
a visua l  pictoria l  scene ,  a  shor t  languag e utterance ,  a n 
abstracte d action ,  a n interna l  nee d level . 
O ne componen t  o f  th e syste m acquire s visual-linguisti c 
association s fro m experience .  Initially ,  tentativ e associa -
tion s ar e forme d betwee n word s an d visua l  features ,  an d 

'which stand* for Conceptual Hierarchies In Language Development 
and Learnin g I n a  Kiddi e Environment . 
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Figure 1: The Network Structure of Hypotheses 

groups of these, using learning rules for extrsu:tion, aggre-
gatio n an d generation .  Thes e association s ge t  strength -
ened wit h repeate d co-occurrences .  Suc h visual-linguisti c 
association s ar e refine d usin g de-generatio n an d general -
izatio n mechanisms .  Fo r  descriptions ,  se e [Man i  an d Uhr , 
1991b ]  an d [Mani ,  1992 ]  (i n preparation) .  Fo r  a n exampl e 
of  th e visual-linguisti c association s learne d b y th e syste m 
i n respons e t o input s suc h a s picture s o f  chair s an d tables , 
alon g wit h word s abou t  them ,  se e Figur e 1  (onl y a  cros s 
sectio n o f  th e memorie s i s  shown) .  T h e hatche d node s 
correspon d t o structure s learne d fro m th e linguisti c chan -
nel ;  th e other s t o visua l  feature s an d thei r  compounds . 
Onl y som e o f  th e highl y weighte d link s ar e shown .  T h e 
thre e number s aJongsid e a  visua l  featur e nod e represent , 
respectively ,  th e x  an d y  coordinate s o f  th e featur e (i n 
th e o6;eci-centere d coordinate s o f  it s  paren t  node )  an d 
it s relativ e size . 
Thi s pape r  concentrate s o n acquirin g knowledg e relatin g 
t o action s an d thei r  effects .  W e als o stres s h o w th e action -
relate d rule s ca n b e generalize d an d improve d usin g th e 
visual-linguisti c association s tha t  hav e bee n acquired ;  in -
tegratio n o f  thes e differen t  component s  i s achieve d b y uti -
lizin g a  memory-base d fr«miework .  Mutuall y grounde d 
representation s — tha t  consis t  of ,  fo r  example ,  th e visua l 
representatio n o f  a  fruit ,  th e wor d tha t  describe s i t  an d 
th e actio n tha t  ca n b e performe d o n i t  (eat )  t o satisf y 
a certai n interna l  nee d (hunger )  — hel p i n th e attemp t 
t o spa n th e wid e variet y o f  abilitie s tha t  encompas s ev -
eryda y task s an d reasoning .  T h e curren t  versio n o f  th e 
syste m i s a  startin g poin t  fo r  a  realisti c architectur e an d 
implementatio n tha t  integrate s vision ,  languag e an d ac -
tion . 

Representation of Rules About Actions 

Knowledg e fo r  reasonin g abou t  action s i s usuall y buil t 
int o a  syste m a  priori ,  rathe r  tha n learned .  I n contrast , 
CHILDLIK E attempt s t o lear n th e effec t  o f  variou s ac -
tion s (currently ,  primitiv e action s ar e buil t  in ,  bu t  no t 

Figur e 2 :  A n Exampl e Visua l  Scen e 

their effects). An action or an action sequence may im-
pac t  bot h th e externall y perceive d entitie s an d th e inter -
nall y sense d nee d levels .  Thus ,  eac h stat e tha t  th e syste m 
i s i n ca n b e describe d i n term s o f  ( a subse t  of )  th e per -
ceive d objects ,  qualitie s o f  objects ,  relation s amon g the m 
an d th e interna l  nee d levels . 
A suitabl e bia s  i s require d t o translat e th e perceive d stat e 
int o a m interna l  stat e i n th e pla n memories .  I n C H I L D -
L IKE ,  th e bia s use d i s prio r  learnin g fro m percept -
languag e interactions. ^  Thus ,  th e syste m translate s a  vi -
su d scen e int o objec t  name s an d relation s betwee n th e 
object s tha t  ar e know n t o th e system . 
C H I L D L I K E ca n lear n abou t  object s suc h a s table , 
pitcher ,  an d glass ;  spatia l  relation s suc h a s on ,  above , 
and in ;  an d othe r  relation s suc h a s and .  Suc h knowledg e 
i s acquire d b y bein g traine d o n instance s wit h languag e 
string s suc h a s brow n tabl e an d pitche r  o n tabl e 
alon g wit h thei r  correspondin g visua l  scenes .  Base d o n 
suc h knowledge ,  visuj J scene s (se e Figur e 2 )  presente d 
as array s representin g medium -  t o high-leve l  feature s ar e 
processe d b y th e syste m t o obtain ,  fo r  example : 

onCpitcher,table) 
onCglass,table ) 
in(air,glass ) 
in(juice.pitcher ) 
yello R juic e 

A hierarchica l  structur e [Uhr ,  1978 ;  1987 ]  i s  use d t o 
rapidl y impl y object s an d relations .  Need s ar e introduce d 
by encodin g th e sense d interna l  nee d level s alon g wit h 
th e entitie s perceive d fro m th e externa l  worl d int o eac h 
stat e i n th e long-ter m pla n memories .  Thes e memorie s 
ar e grap h structure s wherei n eac h lin k (o r  stat e transi -
tion )  connote s a n action .  Ever y actio n ha s a  weigh t  asso -
ciate d wit h it ,  encodin g th e certaint y o f  th e action .  Apar t 
fro m th e visuall y perceive d informatio n an d th e internall y 
sense d nee d levels ,  eac h stat e als o encode s it s potentia l 
t o satisf y eac h need .  Currently ,  fou r  interna l  need s ar e 
modeled :  hunger ,  thirst ,  res t  an d curiosity .  A  stat e m a y 
not  necessaril y  represen t  al l  th e perceivabl e information , 
bu t  simpl y th e feature s th e syste m i s currentl y attendin g 
to . 

^Not e tha t  othe r  candidate s ma y b e usefu l  biases .  Fo r  example ,  chil -
dre n us e perceptua l  knowledg e alon e befor e the y acquir e an y language . 
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la .  Perceiv e externa l  worl d an d for m a  condense d de*criptio n (  VD ) 
(biase d b y previousl y learne d visual-linguisti c  associations) . 

b.  Sens e interna l  need s (/ )  an d matc h th e curren t  situatio n (  V D 
plu s  / )  t o state s i n th e long-ter m actio n memories . 
I f  ther e i s a  matc h the n 

Use th e resultin g stat e S c fro m th e long-ter m memories . 
«l> e 

Creat e a  ne w stat e 5 o an d initializ e it . 
3a.  i f  curiosity-nee d doe s no t  dominat e the n 

Follo w action-arc s fro m (5c )  an d choos e actio n A ,  suc h tha t  i t 
maximize s th e weighte d potentit U w(A,)I(Sc )  P(S, )  -  rie(A, ) 
over  al l  th e feasibl e action-destinatio n pair s fro m S c {w(A, ) 
i s  th e certaint y tha t  actio n A ,  wil l  lea d t o stat e S, ,  /(5c )  i s 
th e numeri c nee d vecto r  a t  stat e 5c ,  P(Sj )  i s th e potentia l  o f 
stat e S, ,  e^A, )  i s th e energ y expende d i n o r  cos t  o f  executin g 
actio n A ,  an d >;  i s a  normalizin g factor. } 
Execut e actio n A, . 

els e 
Execut e a n actio n A ,  randoml y fro m th e actio n repertoir e o f  5 e 

b.  Perceiv e th e ne w stat e (5,) .  {Thi s  i s th e sam e a a Ste p 1  above. } 
I f  ther e exist s a  lin k betwee n 5 c an d 5 ^  labele d wit h A ,  the n 

Updat e it s frequency-base d weigh t  (als o updat e th e weight s o f 
othe r  link s labele d wit h A ,  fro m 5c) . 

els e 
For m a  ne w lin k an d initializ e it . 

c.  Propagat e th e potentiality/need-fulflllmen t  informatio n a t  5 n 
back t o th e previou s stat e 5c .  G o t o 2a . 

Figur e 3 :  Algorith m tha t  Create s an d Refine s th e Actio n 
Memorie s 

Actio n selectio n an d refinemen t  o f  th e pla n memorie s 
take s plac e usin g a  trial-suid-erro r  learnin g algorith m (th e 
curren t  versio n use d b y C H I L D L I K E i s show n i n Fig -
ur e 3) .  T h e algorith m assume s abstracte d action s suc h 
as Pic k u p apple ,  Pou r  int o glass ,  an d Drin k fro m 
glass .  (Futur e version s o f  th e syste m wil l  decompos e 
thes e awrtion s further ,  int o sub-action s an d th e visua l 
frame s tha t  bracke t  them. ) 
Rule s ar e acquire d implicitly ,  b y updatin g th e memorie s 
encodin g knowledg e abou t  au:tion s afte r  eac h experience . 
Initially ,  al \  au:tion 8 (i n th e se t  o f  possibl e action s asso -
ciate d wit h eac h state )  ar e equivalen t  fro m th e system' s 
poin t  o f  view ,  a s  i t  statt s ou t  wit h n o knowledg e abou t  th e 
effec t  o f  actions .  State s als o usuall y hav e initia l  potentia l 
value s o f  ze ro — exception s ax e need-fulfillin g state s whic h 
hav e appropriatel y hig h potentia l  value s (thes e ca n b e 
though t  o f  a s goe d state s o r  state s wher e a  reinforcemen t 
vecto r  i s sensed ,  changin g th e nee d levels) .  A s th e val -
ues correspondin g t o th e potentia j  o f  eac h stat e t o satisf y 
particula r  need s ge t  propagate d throug h th e learne d net -
work ,  an d a s th e effect s o f  action s ar e perceive d an d tab -
ulate d usin g a  weigh t  associate d wit h eac h actio n (not e 
tha t  a n actio n i s represente d a s a  lin k fro m on e percei> -
tua l  stat e t o another) ,  th e performanc e o f  th e syste m im -
proves .  T h e potentia l  P iS j )  o f  a  subsequen t  stat e S j  i s 
usuall y a  vector ,  sinc e ther e ar e multipl e needs ;  a  do t 
produc t  wit h th e nee d vecto r  /(5c )  o f  th e curren t  stat e 
Se i s use d t o reduc e i t  t o a  singl e valu e (se e Figur e 3) . 
Figur e 4  show s a  snapsho t  o f  th e actio n memorie s afte r  a 
fe w ten s o f  trial s  o f  on e experiment .  Not e tha t  th e syste m 
start s ou t  wit h a\ l  th e weight-lik e certaint y value s asso -
ciate d wit h action s se t  t o 0  an d th e value s o f  variable s 

ObJact * arrlMrat»r .  tabic ,  appl* .  banan a loaratar .  tabla . 
rnpartlaa i  ba j  abp U 
Kalatlana i  apyl a a n tabla , 
•unfa r  aa t  pMantlal ,  U S 
Thlrat'aa t  batantlal i  30 0 
baat  iat_filantlal i  SO 
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Figur e 4 :  A n Exampl e o f  th e Actio n Memorie s Acquire d 
by C H I L D L I K E 

(Se l  an d Se g denot e extraneoii s state s whic h ma y no t  b e 
explicitl y  represente d i n th e system' s memories. ) 

such as Hunger jat^otential (which stands for hunger 
satisfactio n potential )  fo r  state s lik e 5 1 se t  t o 0  (o r  a 
lo w initia l  value) .  W h e n hunge r  satisfactio n take s plac e 
at  a  stat e suc h a s stat e 55 ,  th e informatio n propagate s 
bac k (Ste p 2 c i n Figur e 3) ;  afte r  a  numbe r  o f  iterations , 
state s suc h a s 5 1 reflec t  thei r  tru e potential .  Currently , 
a simpl e averag e o f  th e node' s curren t  potentie d an d th e 
potentia l  o f  it s successo r  (whic h i s know n afte r  a n etctio n 
i s performed )  i s use d a s th e ne w valu e o f  th e potential . 
O ne advantag e o f  thi s i s tha t  a  predecesso r  node' s poten -
tia l  valu e move s toward s tha t  o f  th e successo r  i n a  smoot h 
trajectory ,  i f  ther e i s a  preferre d actio n a t  th e predecesso r 
nod e (whic h i s usuall y th e cas e afte r  a  fe w trials) . 

Not e tha t  a  learne d weigh t  suc h a s 0. 8 associate d wit h 
an actio n suc h a s Pic k u p appl e reflect s th e fac t  tha t 
fro m S 3 (wher e appl e o n tabl e i s  perceived) ,  whe n th e 
actio n Pic k u p appl e i s executed ,  4  time s ou t  o f  5  th e 
appl e ende d u p i n th e hauid .  Thi s simpl e approac h t o 
handlin g uncertaint y appear s t o wor k wel l  o n thes e simpl e 
examples . 

Notic e tha t  th e interna l  nee d stat e i s combine d wit h th e 
processe d visua l  stat e i n formin g a  rul e fo r  actin g (se e 
Figur e 3) .  Approximat e rathe r  tha n perfec t  matche s ar e 
usuall y employe d whil e utilizin g thes e learne d rules . 

C H I L D L I K E ' s action-selectio n abilitie s clearl y improv e 
wit h learning .  Tabl e 1  summarize s th e result s o f  2 0 exper -
iment s tha t  involve d actio n sequence s o f  th e sor t  show n 
i n Figur e 4 .  T h e shortes t  actio n sequenc e wa s o f  lengt h 
1 an d th e larges t  o f  lengt h 6 .  Eac h stat e ha d betwee n 1 
an d 8  possibl e actions ,  wit h a n averag e o f  abou t  4 .  Actua l 
nee d satisfaictio n occurred ,  typically ,  i n tw o states .  On e 
determinan t  o f  performanc e i s th e numbe r  o f  state s th e 
syste m m a y hav e t o loo k a t  i n th e cours e o f  nee d satis -
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Befor e 
Learnin g 

X^te r 
Learnin g 

< 1 2 
0.76-0.9 0 

> 30 0 

Number  o f  state *  examine d 13 0 
Probabilit y  o f  succe M 0.0-0.1 5 
Half-lif e (tim e unit» )  2 2 

Table 1: Performance of the Action Selection Algorithm 

faction. (This figure reflects a worst-case scenario. When 
a smal l  (5 )  percen t  o f  th e cases ,  wher e th e syste m kep t 
thrashin g aroun d withou t  an y need-fulfillment ,  wa s ex -
cluded ,  a n orde r  o f  magnitud e improvemen t  o n thi s mea ^ 
sur e wa s notice d i n almos t  al l  th e experiments. )  I t  i s  im -
portan t  t o realiz e tha t  b y choosin g wron g action s (suc h a s 
Thro H appl e o r  Toppl e p i tcher) ,  th e syste m m a y en d 
up destroyin g resource s whic h coul d hav e helpe d i n nee d 
satisfaction .  Thus ,  th e probabilit y  o f  succes s i n need -
fulfillmen t  i s anothe r  measur e o f  th e system' s abilitie s (fo r 
thes e probabilit y  vsJues ,  th e syste m wa s allowe d onl y a s 
many actio n step s a s perfec t  knowledg e woul d require) . 
Anothe r  usefu l  metri c i s  half-life :  th e tim e unit s take n t o 
expen d hal f  it s  initia J allocatio n o f  energt^ .  Learnin g i n 
thes e experiment s usuall y involve d betwee n 3 0 an d 10 0 
trial s (befor e performanc e levele d off) . 
Distinc t  memorie s ar e use d t o encod e th e action-relate d 
rule s an d thei r  components ;  however ,  the y ar e linke d t o 
memorie s contwnin g encoding s o f  relate d visua l  struc -
ture s an d words .  T h u s a  pre-conditio n representin g 
on(pitcher,table )  i n th e actio n memorie s a s par t  o f 
a rul e i s connecte d t o th e correspondin g visua l  structure s 
and throug h the m t o words . 

Discussion 

The algorith m show n i n Figur e 3  i s simila r  t o th e rein -
forcemen t  learnin g algorithm s tha t  hav e bee n propose d 
recentl y (e.g. ,  [Sutton ,  1990] ,  [Whitehea d an d Ballard , 
1990]) .  However ,  th e approac h outline d her e als o ha s a 
number  o f  significan t  differences .  First ,  w e attemp t  t o 
handl e uncertaint y i n th e worl d b y keepin g trac k o f  th e 
reliabilit y  o f  eac h actio n a s a  weigh t  associate d wit h eac h 
lin k tha t  represent s a n actio n i n th e actio n memories . 
Second ,  sinc e th e knowledg e encode d i n th e stat e i s base d 
on an d linke d t o othe r  acquire d knowledge ,  i t  i s easie r 
t o merg e differen t  state s i n a n effor t  t o kee p th e siz e o f 
th e memorie s reasonable .  Suc h generalizatio n i n th e pla n 
memorie s (base d o n prio r  visual-linguisti c associations ) 
i s on e o f  th e crucia l  mechanism s tha t  ste m th e combi -
natoria l  explosio n i n th e numbe r  o f  states .  W e ar e als o 
plannin g t o ad d a  short-ter m m e m o r y componen t  t o th e 
actio n memorie s t o handl e situation s wher e actio n selec -
tio n ma y als o depen d o n informatio n perceive d a t  earlie r 
times .  W e elaborat e o n som e o f  thes e issue s below . 

Generalization, and the Effect of Action 
W o r d s 

Rule s whic h encod e action s pertainin g t o specifi c  object s 
ar e initiall y  acquired ;  a s th e numbe r  o f  object s expe -
rience d b y th e syste m grows ,  mechanism s ar e neede d 
t o compsu; t  th e m e m o r y structures .  T h e generalizatio n 

^Energ y i « jus t  a  (impl e functio n o f  th e invers e o f  th e nee d levels . 

mechanism s embodie d i n C H I L D L I K E ar e designe d pre -
cisel y t o d o this .  T h e generalizatio n processe s implemen t 
specifi c  rule s fro m th e symboli c inductiv e learnin g real m 
suc h a s th e turnin g constant s int o variabl e rule .  M e clos -
in g interva l  rul e o r  th e climbin g generalizatio n tre e rul e 
[Michalski ,  1983] .  T h e generalizatio n tre e itsel f  i s  ofte n 
learne d vi a languag e input s suc h a s appl e i s f rui t  an d 
banan a i s f rui t  afte r  visua l  association s fo r  appl e an d 
baniui a ar e learned .  W h e n generalizin g rule s pertainin g 
t o aw:tions ,  th e visua l  an d linguisti c memorie s ca n b e ex -
ploited .  Fo r  example ,  generalizatio n m a y involv e mergin g 
state s an d action s tha t  refe r  t o apple ,  pea r  an d banana . 
F r o m these ,  usin g th e informatio n i n th e linguisti c m e m-
ories ,  th e syste m ca n creat e state s an d action s tha t  re -
fe r  t o fruit .  T h e weight s o n th e link s a s wel l  a s th e 
need-fulfillmen t  potential s associate d wit h eac h stat e ar e 
suitabl y averaged ;  an d furthe r  experience s attemp t  t o im -
prov e thes e values ,  i f  necessary .  A n importan t  capabilit y 
tha t  facilitate s suc h generalizatio n i s tha t  action s ca n b e 
spli t  int o thei r  components :  a  pur e actio n part ,  object s 
referre d t o b y th e action ,  an d s o on .  Not e tha t  action s de -
scribe d s o fa r  ar e represente d usin g Englis h word s fo r  clar -
ity ;  bu t  th e objec t  componen t  o f  th e actio n (e.g. ,  appl e 
i n a n actio n represente d b y Pic k u p apple )  i s actuall y 
an abstrac t  interna l  symbo l  tha t  i s  grounde d i n term s o f 
bot h th e visua l  representatio n an d th e languag e equiva -
lent ,  thu s permittin g th e kin d o f  generalizatio n describe d 
above .  Usin g suc h generalizatio n mechanisms ,  th e sys -
te m ca n for m rule s tha t  refe r  t o classe s o f  object s an d 
thei r  need-satisfyin g potentialities .  A n importan t  poin t 
t o not e i s tha t  thes e generalization s ar e no t  trivial ,  sinc e a 
languag e inpu t  suc h a s appl e i s f ru i t  i s  no t  readil y in -
terpretabl e wit h respec t  t o th e pla n memorie s (whic h typ -
icall y encod e visua l  feature s o r  pointer s t o t he m i n eac h 
state) .  However ,  th e previousl y acquire d visual-linguisti c 
association s enabl e goin g fro m linguisti c description s t o 
visua l  feature s (an d vic e versa) ;  thi s mutua l  groundin g 
seems t o ai d ea<; h componen t  o f  th e system .  State s ar e 
als o merge d base d o n othe r  factor s suc h a s visua l  simi-
larit y (e.g. ,  th e state s involve d m a y refe r  t o stoo l  an d 
chair ,  whic h shar e s o m e physica l  attributes) ,  c o m m o n 
need-fulfillmen t  (e.g. ,  th e state s fulfil l  th e res t  need )  an d 
implicatio n o f  th e s a m e actio n (e.g ,  th e state s shar e th e 
actio n Si t  o n . . . ) .  Generalizatio n keep s th e size s o f  th e 
acquire d memorie s d o w n t o realisti c levels .  A  sligh t  re -
ductio n i n performanc e abilitie s m a y sometime s b e m a n -
ifeste d du e t o generalization .  Fo r  example ,  a  critica l  ac -
tio n suc h a s Pee l  beman a doe s no t  hav e a  counterpar t  fo r 
appl e an d pear ,  a s experience d b y C H I L D L I K E .  S o afte r 
generalization ,  i t  wa s foun d tha t  th e Pee l  .. .  ste p wa s 
skippe d ove r  implicitl y  fo r  al l  fruits ,  includin g a  banana . 
Figur e 5  show s th e qualitativ e effec t  o f  generalizatio n o n 
C H I L D L I K E ' s actio n memories ;  result s o f  experiment s 
wit h a  fe w hundre d example s (o r  experiences )  ar e de -
scribe d i n [Mani ,  1992 ]  (i n preparation) . 

Another mechanism that encourages parsimonious rep-
resentation s i s th e us e o f  extraneou s states — complet e 
representation s o f  thes e state s ar e no t  stored ,  an d the y 
usuall y encod e th e result s o f  action s wit h lo w weight s (o r 
certainty )  attache d t o them .  I n Figur e 4 ,  tw o example s o f 
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Figur e 5 :  Effec t  o f  Generalizatio n o n Actio n Memorie s 

extraneous states (denoted Sel and Seg) are shown. Ex-

traneou s state s ca n b e merge d withou t  m u c h care ;  how -
ever ,  keepin g a  fe w extraneou s state s (a s oppose d t o th e 
extreme s o f  storin g jus t  one ,  o r  all )  ha s th e effec t  o f  pro -
vidin g wea k context s fo r  reasoning .  Prelimin«ir y exper -
iment s usin g extraneou s state s indicat e tha t  perceptua l 
aliasing *  m a y actuall y tur n ou t  t o b e beneficia l  i n certai n 
case s (fo r  a  discussio n o f  th e problem s usuall y cause d b y 
perceptua l  aliasing ,  se e [Whitehea d an d Ballard ,  1990]) . 
Anothe r  importan t  issu e tha t  i s unde r  examinatio n i s th e 
learnin g o f  link s betwee n action s an d simpl e linguisti c de -
scription s o f  them .  Teachin g th e syste m word s abou t  th e 
variou s action s i s importan t  fo r  tw o reasons .  First ,  th e 
memorie s acquire d b y C H I L D L I K E wil l  groun d action s 
i n term s o f  words .  I t  i s  hope d tha t  thi s wil l  obviat e th e 
buildin g i n o f  auctions .  A s note d earlier ,  i n th e curren t 
version ,  action s (bu t  no t  thei r  effects )  ar e encode d i n th e 
syste m a  priori .  Second ,  th e abilit y t o us e word s abou t 
action s provide s a n effectiv e wa y o f  communicatin g ac -
tion s t o b e executed .  Eve n w h e n C H I L D L I K E doe s no t 
hav e th e necessar y moto r  capability ,  a n actio n ca n b e ef -
fectivel y au:hieve d b y dictatin g i t  t o anothe r  agen t  tha t 
possesse s th e requisit e moto r  skills .  Suc h dictatio n ca n 
tak e plac e usin g th e m e d i u m o f  a  languag e tha t  wa s a<: -
quire d b y th e tw o agent s i n simila r  environments . 

Using a Short-term Memory Component 

The rol e o f  short-ter m memor y i n thes e task s i s obvious — 
e.g. ,  i f  th e syste m ha s t o execut e a  numbe r  o f  "eatin g 
steps "  eac h o f  whic h reduce s hunge r  gradually ,  i t  shoul d 
continu e an d finish  eatin g befor e attendin g t o othe r  press -
in g need s suc h a s slesp .  Also ,  i f  th e syste m notice s th e 
potentia l  o f  a  certai n stat e t o quenc h it s thirst ,  whil e 
attendin g t o th e mos t  pressin g hunge r  need ,  i t  migh t  b e 
usefu l  t o remembe r  th e stat e s o tha t  i t  ca n com e bac k t o i t 
afte r  attendin g t o th e hunge r  need .  Fo r  example ,  i n Fig -
ur e 4 ,  thi s translate s t o goin g fro m stat e S 5 t o stat e S i 
when a n actio n suc h a s Mov e t o refrigerato r  (fro m 
table )  i s  no t  highl y implied .  Not e tha t  thi s i s  no t  a n 

unrealisti c scenari o eve n afte r  th e appl e i s  eaten ,  sinc e 

C H I L D L I K E doe s a n approximat e matc h betwee n worl d 

state s an d learne d interna l  pla n states .  A  simpl e im -

plementatio n o f  short-ter m m e m o r y m a y consis t  o f  som e 

selecte d stat e informatio n (e.g. ,  tha t  stat e S J ha s a  hig h 

thirst-satisfyin g potential )  o r  tha t  a  particula r  actio n i s 
reliabl e (i.e. ,  ha s a  ver y hig h weigh t  associate d wit h it) . 
Storin g an d interpretin g suc h informatio n i n th e short -
ter m m e m o r y ca n b e achieve d b y modifyin g th e actio n 
selectio n algorith m (Ste p 8 a i n Figur e 3) .  Severa l  othe r 
approache s t o usin g short-ter m m e m o r y t o improv e over -
«J1 actio n selectio n ar e bein g tested .  O n e i s t o perfor m 
deepe r  searc h int o th e pla n memorie s (e.g. ,  t o se e whethe r 
th e targe t  stat e S I  abov e ca n b e reache d easil y fro m S 5 ) — 
th e rational e behin d thi s i s  tha t  th e curren t  situatio n 
m ay b e opportunisti c an d hence ,  no t  full y  reflecte d i n 
th e backed-u p value s o f  th e need-satisfyin g potentials . 

Other Issues 

O ne poin t  tha t  need s t o b e stresse d i s tha t  CHILDLIKE' s 
curiosit y nee d i s slightl y differen t  fro m it s othe r  need s 
(suc h a s thirst) .  T h e curiosit y nee d dominate s onl y 
when othe r  need s d o not ,  an d aid s i n explorin g percep -
tua l  state s (an d actions )  tha t  C H I L D L I K E m a y otherwis e 
ignore . 
Simpl e trial-and-erro r  learnin g appear s t o b e a  goo d 
mechanis m fo r  initia l  acquisitio n o f  knowledg e (remem -
ber  tha t  C H I L D L I K E start s ou t  wit h n o a  prior i  rules) . 
Once som e initia l  plannin g knowledg e ha s bee n acquired , 
a mor e deliberativ e algorith m coul d b e introduce d t o per -
for m actio n selection ,  sinc e th e syste m store s th e effec t 
of  action s (o r  a t  leas t  th e effec t  o f  reliabl e actions). *  Un -
der  suc h a  scenario ,  th e syste m m a y monito r  th e stat e 
of  th e worl d ever y n  steps ,  wher e n  i s a  paramete r  tha t 
encode s cautio n an d i s  dynamicadl y se t  a s a  functio n o f 
th e uncertaint y expecte d i n th e environmen t  an d th e re -
actio n speed s required ;  learnin g a n optima l  valu e fo r  thi s 
paramete r  i s a  goo d are a fo r  futur e explorations . 
Usin g extreictio n an d aggregatio n mechajiisms ,  simila r  t o 
thos e use d i n buildin g visua l  an d linguisti c structures ,  t o 
buil d macro-operator s o r  hierarchie s o f  action s i s anothe r 
issu e tha t  merit s furthe r  exploration . 

Conclusions 

A surve y o f  conventiona l  plannin g technique s (fo r  exam -
ple ,  se e [Alle n e i  ai ,  1990] )  reveal s tw o importan t  relate d 
issues .  T h e first  i s  tha t  plannin g i s a  har d problem ,  i f  onl y 
becaus e o f  th e potentiall y  larg e searc h spac e involved . 
T h e secon d i s  tha t  th e environmen t  th e agen t  face s of -
te n change s i n unpredictabl e ways ,  an d thi s uncertaint y 
greatl y lower s th e utilit y  o f  planning . 
A n attractiv e approac h i s t o lear n rule s fo r  bot h per -
ceptio n an d plannin g tha t  ca n b e quickl y accesse d an d 
applied ,  choosin g action s wit h ver y littl e (o r  no )  delib -
eration ,  an d constantl y checkin g thei r  effect s vi a per -
ception .  Thi s i s  exactl y th e desig n philosoph y behin d 

*th e phenomeno n manifeste d b y a  many-to-on e mappin g fro m worl d 
•tate s t o th e learner' s interna l  atates . 

' a purel y reactiv e plannin g syste m learn s th e mappin g fro m a  se t 
of  state s 5  t o a  se t  o f  action s A  (th e S  - '  A  mapping) ;  CHILDLIKE , 
however ,  learn s a  partia l  S  x A - *  S  mappin g i n additio n t o th e S  — A 
mapping . 

984 



CHILDLIKE ,  whic h doe s no t  pla n i n th e conventiona l 
sense .  CHILDLIK E attend s t o th e mos t  pressin g nee d 
at  an y point ,  keepin g i n short-ter m memor y othe r  press -
in g need s an d possibl e satisfier s o r  actions .  Moreover ,  i t 
perceive s th e worl d afte r  eac h ste p o r  action . 
The curren t  versio n o f  th e syste m use s a  high-leve l  vi -
sual  input ,  bu t  interestin g feature s ca n b e propagate d t o 
thi s laye r  usin g a  massivel y parallel ,  hierarchica l  struc -
tur e o f  processe s whic h start s wit h rea l  images .  Suc h a 
recognition-con e base d architectur e ha s bee n successfull y 
employe d fo r  rapi d recognitio n o f  large ,  digitize d TV -
frame-lik e image s [L i  an d Uhr ,  1987] .  Th e seria l  dept h o f 
such a  syste m i s logarithmi c i n th e siz e o f  th e sense d inpu t 
array ,  an d suc h a n architectur e appear s t o roughl y mirro r 
th e constraint s establishe d fro m neuroanatomica l  stud -
ie s o f  th e brai n (fo r  a  fulle r  discussion ,  se e [Uhr ,  1987]) . 
The CHILDLIK E syste m i s a n attemp t  t o buil d o n thi s 
parallel-hierarchica l  framewor k t o handl e languag e input s 
and furthe r  (a s describe d i n thi s paper )  t o buil d an d us e 
memory structure s tha t  encod e learne d rule s abou t  ac -
tion s an d needs ,  exploitin g th e bia s provide d b y similarl y 
learne d visual-linguisti c associations . 
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