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Bel l  Communicat ion s Researc h 

Whenever we have in mind something that we wish to bring about in the environment, we must 

find  a n appropriat e sequenc e o f  action s tha t  wil l  resul t  i n th e desire d state .  Fo r  example ,  i f  w e decid e t o 

move fro m on e plac e t o another ,  w e nee d t o find  a n appropriat e pat h betwee n th e tw o place s an d a n 

appropriat e sequenc e o f  actions .  Likewise ,  whe n w e reac h fo r  a n objec t  w e mus t  fin d a n ar m 

configuratio n suc h tha t  th e arm' s ti p touche s th e objec t  a s wel l  a s a  se t  o f  muscl e contraction s tha t  wil l 

resul t  i n tha t  configuration .  Thes e ar e problem s w e encounte r  an d solv e wit h eas e hundred s o f  time s 

ever y day .  Wha t  i s th e mechanis m tha t  enable s u s t o ma p fro m th e representatio n o f  a  goa l  t o th e 

representatio n o f  th e actio n pla n fo r  realizin g tha t  goal ,  an d ho w ca n suc h capabilit y  b e learne d fro m 

experience ? 

Much wor k ha s focusse d o n executio n o f  actions ,  namely ,  ho w a  representatio n o f  actio n i s 

converte d int o th e righ t  sequenc e o f  action s (fo r  example ,  Rumelhar t  &  Norman ,  1982 ;  Mackay ,  1982 ; 

Rosenbaum,  Hindorf f  &  Muiu-o ,  1987) .  No t  muc h wor k ha s bee n don e t o understan d plannin g o f  actions , 

namely ,  ho w t o find  a n appropriat e actio n sequenc e t o achiev e a n environmenta l  state .  Work s i n thi s 

domai n hav e tende d t o requir e hand-wirin g o f  tas k specifi c  structure s int o th e syste m an d thu s ar e no t 

readil y applicabl e t o mor e genera l  situation s (fo r  example ,  Hinto n &  Smolensk y 1984 ;  Anzai ,  1984) . 

Recent  developmen t  o f  learnin g algorithm s fo r  Paralle l  Distribute d Processin g (PDP )  network s 

(Rumelhar t  &  McClelland ,  1986) ,  especiall y th e back-propagatio n (BP )  algorith m (Rumelhart ,  Hinton ,  & 

Williams ,  1986) ,  enable s a  networ k t o lear n tas k specifi c  structure s base d o n genera l  principles .  Ther e 

hav e bee n extention s o f  th e B P algorith m t o sequentia l  actio n executio n (Jorda n 1986 ;  Miyat a 1987 ) 

whic h hav e show n tha t  th e network s exhibi t  a  numbe r  o f  characteristic s observe d i n huma n action s 

(Miyat a 1988) .  However ,  a s discusse d below ,  plarmin g o f  action s require s mor e tha n learnin g a  singl e 

input/outpu t  mapping ,  whic h th e B P algorith m i s designe d t o do . 

THE COMPUTATIONAL REQLIREMENTS 

Figur e 1  illustrate s th e computationa l  requirement s o f  th e situation s tha t  ar e considere d i n thi s 

paper .  T h e proces s start s f ro m Ed̂ s.r̂ d ,  a  representatio n o f  s o m e desire d environmenta l  state .  T h e syste m 

generate s a  representatio n o f  a n actio n plan ,  Api^n ,  wh ic h i s  the n execute d {A) .  O n e requiremen t  i s  tha t 

ther e i s n o teache r  tha t  give s th e syste m th e desire d actions .  T h e feedbac k provide d t o th e syste m fo r 
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M c t l o n 
Figur e 1 .  Th e computationa l  requirements  fo r  th e frame -

work :  (1 )  Feedbac k fo r  learnin g i s th e environmenta l  stat e a s 

th e result  o f  a n actio n plan ;  (2 )  A  goa l  onl y partiall y  speci -
fies  th e desire d environmenta l  state .  Thes e requirement s ar e 
not  easil y handle d b y th e smgl e mappin g learnin g scheme . 

feedbac k 
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learning is the environmental state as the result of executing the actions, Ef^jhack (the environment as the 

teache r  requirement) .  Anothe r  requiremen t  i s tha t  Ejt,irr d ma y b e onl y partiall y  specifie d b y a  goa l  o f  th e 

task .  Fo r  example ,  i n a  shi p navigatio n task ,  th e desire d trajector y i s usuall y onl y partiall y  constraine d 

by ,  sa y a  gat e o r  a  channe l  (th e goa l  a s partia l  specificatio n o f  environmen t  requirement) .  State d mor e 

precisely ,  a  singl e goa l  specifie s onl y som e o f  th e dimension s necessar y t o represen t  al l  possibl e goals . 

Peopl e see m t o b e abl e t o lear n an d pla n action s i n situation s define d b y thes e requirement s (se e Anzai , 

1984) . 

A c o m m o n learnin g schem e i s t o characteriz e a  tas k a s a  mappin g fro m on e representationa l  spac e 

t o another ,  an d t o trai n a  networ k b y presentin g pair s o f  vector s fro m th e inpu t  an d th e outpu t  space .  On e 

difficult y wit h applyin g thi s schem e t o actio n plannin g i s tha t  ih e feedbac k provide d t o th e learne r  fro m 

th e environmen t  doe s no t  necessaril y  specif y wha t  action s (outputs )  th e learne r  shoul d hav e produced . 

Anothe r  difficult y i s  that ,  i n orde r  t o generat e a n output ,  th e inpu t  t o a  mappin g mus t  alway s b e specifie d 

completely .  Thi s conflict s wit h th e goa l  a s partia l  specificatio n o f  environmen t  requirement .  Thi s pape r 

present s on e approac h t o thes e problem s an d propose s a  framewor k i n whic h th e task-specifi c  structur e i s 

learne d a s multipl e mapping s an d plarmin g i s accomplishe d vi a interactio n o f  thes e mapping s tha t 

incorporate s a  constrain t  satisfactio n process . 

THE EAE NETWORK 

The basic structure of the network, called the EAE (Environment-Action-Environment) network, is 

s h o w n i n Figur e 2-(A) .  Ther e i s a  se t  o f  units ,  calle d th e E-units ,  fo r  representin g a n environmenta l  state , 

an d anothe r  set ,  calle d th e A-units ,  fo r  representin g a n actio n plan .  Ther e ar e tw o mapping s i n th e 

network :  £ - > A mapp in g i s th e m a p p i n g fro m th e E-unit s t o th e A-units ;  an d A - ^ E mapp in g i s th e 

m a p p i n g f ro m th e A-unit s t o th e E-units .  E a c h mapp in g i s implemente d throug h a  laye r  o f  hidde n units . 

Figur e 2 .  (A )  Th e basi c stmctur e 

of  th e E A E network .  E-unit s 
represent  a n environmenta l  stat e 

and A-unit s a n actio n plan .  TTi e 

E — >A mappin g map s fro m th e 
E-unit s t o th e A-units ,  an d th e 

A —^ E mappin g fro m th e A-unit s 
t o th e E-units ,  eac h throug h a  se t 

of  hidde n units .  (C )  TTi e networ k 

was applie d t o a  shi p steerin g task . 

The shi p move s a t  a  constan t 
spee d alon g th e Y-axi s o f  a  2 -

dimensiona l  spac e an d th e net -

wor k control s th e acceleratio n o f 
th e shi p alon g th e X-axis .  (B )  Th e 

tw o matrice s o f  square s sho w a n 

activatio n patter n i n th e E-unit s 

representating  a  trajector y o f  th e 
shi p an d a n activatio n patter n i n 

th e A-unil s representin g a n actio n 
plan . 
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The EAE network has been applied lo a task of navigating a ship in a 2-dimensional space (Figure 

2-(C)) ,  simila r  t o a n experimenta l  tas k use d b y Anza i  (1984) .  T h e shi p m o v e s a t  a  constan t  spee d alon g 

th e Y-axis ,  an d th e network' s actio n control s th e acceleratio n alon g th e X-axis .  T h e E-unit s represen t  a 

trajector y o f  th e ship ,  an d th e A-unit s a  sequenc e o f  action s fo r  controllin g th e ship .  A  tria l  consist s o f  1 0 

tim e steps .  A  trajector y fo r  a  trial ,  s h o w n o n th e right ,  i s  represente d a s th e activatio n patter n i n th e (110 ) 

E-unit s s h o w n a s a n 10x1 1 matri x o f  square s (Firug e 2-(B)) .  Eac h r o w o f  1 1 unit s represent s th e X -

positio n o f  th e shi p a t  a  poin t  i n tim e b y a  coars e coding .  T h e patter n i n th e (20 )  A-units ,  s h o w n a s a n 

10x 2 matrix ,  represent s a n actio n pla n fo r  a  trial .  A  pai r  o f  unit s i n eac h ro w represent s th e contro l  valu e 

at  a  poin t  i n time .  Tli e ship' s acceleratio n t o th e right  i s  proportiona l  t o th e activatio n o f  th e right  uni t 

minu s th e activatio n o f  th e lef t  unit .  I n addition ,  ther e i s a  se t  o f  unit s (no t  s h o w n i n th e figure )  fo r 

representin g th e context ,  i.e. ,  th e ship' s initia l  positio n an d velocity .  Thes e unit s ar e full y  cormecte d t o 

bot h hidde n layers . 

T h e networ k learn s b y executin g m a n y quasi-rando m action s an d observin g wha t  trajectorie s ar e 

generated .  T h e E—>. A mapp in g receive s th e trajector y a s th e inpu t  an d use s th e actio n a s th e target .  (I n 

othe r  words ,  i t  learn s th e knowledg e o f  th e for m "t o ge t  thi s trajector y d o thi s action". )  T h e A - ^ E 

mappin g learn s usin g th e sam e action/trajector y pair ,  bu t  th e actio n a s th e input ,  an d th e trajector y a s th e 

target .  ("I f  I  d o thi s actio n the n thi s trajector y results." )  Bot h mapping s ar e learne d onl y b y interactin g 

wit h th e environment . 

Afte r  th e mapping s i n th e networ k wer e traine d t o s o m e criterion ,  th e networ k w a s give n variou s 

kind s o f  goal s an d i t  w a s abl e t o find  a n appropriat e actio n pla n fo r  eac h o f  th e goals .  T h e plannin g 

proces s start s fro m a  specificatio n o f  a  goal .  A  goa l  i n thi s tas k i s s o m e par t  o f  th e trajector y tha t  th e shi p 

must  follow ,  suc h a s a  gat e o r  a  charmel .  Figur e 3  illustrate s a n exampl e goa l  whic h i s a  channe l  tha t  th e 

shi p mus t  b e steere d into .  Thi s goa l  i s  specifie d b y th e activatio n patter n s h o w n i n th e middle ,  i n whic h 

th e unit s representin g a  par t  o f  th e trajector y ar e give n activatio n value s representin g th e goal .  T h e 

activatio n o f  othe r  E-unit s ar e no t  constraine d b y th e goal ,  an d ar e give n s o m e defaul t  initia l  value ,  i n thi s 

case ,  al l  zeros .  W h e n give n suc h a  goal ,  th e networ k trie s t o fill  i n th e unspecifie d par t  o f  th e trajector y a s 

wel l  a s a n actio n sequenc e tha t  wil l  resul t  i n tha t  trajectory .  T h e plaimin g proces s i s  achieve d b y th e 

followin g step s (se e Figur e 4 ) : 

1 A goal is set by clamping some E-units and zero activation in other units. 

2 F r o m thi s pattern ,  th e E - ^ A mapp in g generate s a n actio n pla n i n th e A-units .  I f  a  complet e 

trajector y i s specifie d i n th e E-units ,  thi s mapp in g ca n generat e a n appropriat e actio n pla n t o achiev e 

th e trajectory .  Howeve r ,  becaus e th e trajector y i s  onl y partiall y  specified ,  th e generate d pla n i s 

unlikel y t o b e appropriate . 
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EAE 
networ k 
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A-unlc s •••• • 
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Figur e 3 .  A  goa l  i s  give n b y specifyin g ac -
tivatio n value s o f  som e E-unit s representing 
partia l  trajectory ,  an d th e networ k trie s t o 
find  activatio n pattern s i n th e othe r  E-unil s 
representing  th e rest  o f  th e trajectory ,  a. s 
wel l  a s a n activatio n patter n i n th e A-unit s 
representing  a n actio n pla n fo r  achievin g th e 
trajectory . 
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Figur e 4 .  Afte r  th e goa l  i s  specifie d i n 

th e E-units ,  th e networ k map s bac k an d 

fort h betwee n th e E-unit s an d A-unit s 
unti l  th e pattern s settl e int o a  stabl e 

state . 
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3 T h e A  - ^ E mapp in g generates ,  fro m th e actio n plan ,  a  predicte d trajector y a s th e resul t  o f  executin g 

th e plan . 

4 Thi s predicte d trajector y m a y no t  satisf y th e constrain t  o f  th e goal .  So ,  th e E-unit s representin g th e 

goa l  ar e give n th e origina l  value s again . 

5 T h e step s 2 ,  3 ,  an d 4  ar e repeate d unti l  th e pattern s settl e int o a  stabl e state . 

Figure 5 shows the series of patterns in the network during the process of planning after 1, 3, and 5 

cycles .  T h e leftmos t  co lum n (E )  show s th e pattern s i n th e E-units ,  afte r  eac h tim e th e goa l  i s  set .  T h e 

secon d co lum n (A )  show s th e pattern s i n th e A-units .  T h e thir d co lum n (Action )  show s th e actua l  contro l 

value s represente d b y thes e patterns .  T h e rightmos t  co lum n (Trajectory )  show s wha t  th e trajectorie s 

wou l d hav e looke d like ,  i f  th e action s wer e actuall y executed .  A s ca n b e seen ,  th e networ k w a s abl e t o 

graduall y improv e th e actio n plan .  I n thi s example ,  th e pattern s wer e stabl e afte r  5  cycles.  Thi s i s on e o f 

Actio n 

Figur e 5 .  Th e activatio n panem s i n th e E-unit s (E ) 

and th e A-unit s (A )  durin g th e proces s o f  planning , 
afte r  1 .  3 ,  an d 5  cycles .  Thes e pattern s represen t  th e 

trajectorie s an d action s show n (Trajectory ,  an c Ac -

tion) .  Th e proces s start s fro m th e representatio n o f 

th e goa l  i n th e E-unit s (botto m left )  an d th e pattern s i n 
th e E-unit s an d i n th e A-unit s ar e iterativel y mappe d 

t o eac h othe r  unti l  the y ar e stabl e (cycl e 5) . 
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the most difficult cases, because a slight adjustment in the final direction of the ship requires a large 

chang e i n th e initia l  portio n o f  th e trajectory .  Figur e 6  show s th e trajectorie s foun d b y th e networ k fo r  9 

differen t  goal s an d 3  differen t  initia l  conditions . 

ANALYSIS 

Next, I present an analysis of the planning procedure and show that, under a number of 

assumptions ,  th e proces s i s expecte d t o find  a n appropriat e actio n plan .  First ,  I  m a k e fou r  assumptions . 

I n figxire  7 ,  E-spac e i s th e spac e o f  al l  th e possibl e activatio n pattern s tha t  ca n occu r  i n th e E-units .  A -

spac e i s th e spac e o f  al l  th e possibl e activatio n pattern s tha t  ca n occu r  i n th e A-units .  T h e first 

assumptio n i s tha t  al l  point s i n A-spac e ar e possible ,  i.e. ,  the y correspon d t o actua l  physica l  actions .  Thi s 

i s reasonabl e becaus e thes e pattern s caus e th e physica l  actions .  T h e secon d assumptio n i s tha t  onl y s o m e 

point s i n E-spac e represen t  possibl e physica l  environmenta l  states .  Thi s i s  reasonabl e becaus e s o m e 

physica l  state s canno t  b e achieve d b y an y action .  Furthermore ,  s o m e pattern s m a y no t  correspon d t o an y 

physica l  state .  T h e thir d assumptio n i s  tha t  th e syste m learn s th e tw o mapping s perfectly .  T h e fourt h 

assumptio n i s tha t  thes e mapping s generaliz e t o n e w pattern s base d o n similaritie s t o th e learne d patterns . 

Goals 

H 

Righ t 
Figur e 6 .  Th e trajectorie s foun d b y th e net -
woi k fo r  9  differen t  goal s (A ,  B .  .. .  I )  an d 3 

Straigh t  differen t  initia l  condition s (Right .  Straight , 
Left) . 
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Figur e 7 .  Th e fou r  assumption s fo r  th e plannin g pro -
cess :  (1 )  Al l  point s i n A-spac e represent  som e physica l 
actions :  (2 )  No t  ai l  point s i n E-spac e represen t  physi -
cal  states ;  (3 )  Perfec t  E — ^A an d A — ^ E mappings : 
(4 )  Generalizatio n base d o n similarity . 
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Such property has been demonstrated in many PDP networks (e.g., Cottrell, Munro, & Zipser, 1987; 

Chauvin .  1987) . 

Under  thes e assumptions ,  th e plannin g proces s ca n b e analyze d a s follows .  (Se e Figur e 8. )  I n E -

space ,  th e E p region s ar e th e point s tha t  represen t  possibl e physica l  states .  Fo r  an y particula r  goal ,  s o m e 

dimension s o f  E-spac e ar e constraine d b y th e goal .  Thes e dimensions ,  represente d b y th e horizonta l  axi s 

i n th e figure ,  correspon d t o th e E-unit s tha t  ar e give n specifi c  value s b y th e goal .  T h e othe r  dimension s 

ar e no t  constraine d b y th e goal .  Thus ,  th e goa l  define s a  hyperplan e i n th e space ,  calle d th e E c plane , 

whic h i s  parpendicula r  t o al l  th e constraine d dimensions .  Th e tas k o f  th e plannin g i s t o find  a  possibl e 

state ,  a  stat e tha t  ca n b e achieve d b y som e action ,  tha t  als o satisfie s th e constrain t  o f  th e goal .  Suc h a 

stat e i s represente d b y a  poin t  i n a n E ^  regio n tha t  i s als o o n th e E c plane . 

T h e E A E networ k searche s fo r  suc h a  poin t  b y mappin g bac k an d fort h betwee n th e tw o spaces . 

T h e networ k start s fro m e^^) ,  a  poin t  i n th e E c plan e wit h zer o activatio n value s fo r  th e unconstraine d 

dimensions .  Thi s poin t  i s  mappe d b y E-^ A mappin g t o a  poin t  i n A-space ,  a(0) ,  an d the n mappe d bac k b y 

/4—>£•  mapp in g t o a  poin t  i n E-space ,  êi;') .  Thi s poin t  mus t  fal l  withi n a n E p regio n becaus e al l  point s i n 

A-spac e ar e possibl e an d mus t  b e mappe d t o a  poin t  representin g a  possibl e state .  Thi s poin t  m a y n o 

longe r  o n th e E c plane ,  an d s o th e goa l  constrain t  i s  impose d agai n b y projectin g ont o th e E c plane .  Thi s 

correspond s t o clampin g o f  som e E-unit s t o th e goal .  Usin g thi s poin t  a s th e n e w startin g point ,  th e 

proces s i s repeated .  I f  i t  find s a  solutio n afte r  s o m e iteration ,  th e poin t  n o longe r  move s becaus e a  poin t 

i n th e E p region s i s  m a p p e d t o itself .  F ro m th e assumptio n tha t  th e mapping s generaliz e base d o n 

similarit y betwee n patterns ,  o r  i n thi s cas e similaritie s define d a s th e distanc e betwee n points ,  i t  ca n b e 

s h o w n that ,  th e distanc e betwee n th e point s o n th e E c plan e (e^o) ,  eP^ ,  eS- \  •  •  • )  an d th e point s i n th e E p 

region s (̂ î) ,  ep),.. )  wil l  kee p decreasing .  Thus ,  th e networ k wil l  eithe r  fin d a  solutio n o r  fal l  int o a  loca l 

m i n i m u m ,  dependin g o n th e shap e o f  th e E p region s i n relatio n t o th e E c plane . 

Figur e 8 .  A n analysi s o f  th e plannin g process . 

A solutio n i s a  poin t  i n E-spac e tha t  bot h i s  pos -
sibl e (i n a n E p region)  an d satisfie s th e goa l  (o n 

th e E c plane) .  Th e networ k searche s fo r  suc h a 
poin t  b y mappin g bac k an d fort h t>etwee n E -
spac e an d A-space . 
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MI  Y A T A 

SUMMARY AND EXTENSION 

The EAE network gives one explanation of how learning and planning of actions can be 

accomplished ,  usin g onl y feedbac k fro m th e environmen t  an d w h e n th e desire d stat e o f  th e environmen t 

i s onl y partiall y  specified .  Obviously ,  i n orde r  t o evaluat e th e framewor k i t  i s  necessar y t o tes t  o n m a n y 

differen t  task s an d als o t o compar e th e performanc e o f  th e networ k mor e closel y t o tha t  o f  humans .  T h e 

advantag e o f  th e E A E framewor k i s tha t  i t  doe s no t  nee d an y domai n specifi c  structure ,  excep t  a  desig n o f 

representatio n o f  th e environmen t  an d o f  th e actions ,  an d thu s i t  i s  readil y applicabl e an d testabl e i n othe r 

domains .  Furthermore ,  th e framewor k ca n b e extende d i n severa l  interestin g ways .  First ,  i t  i s  obviou s 

tha t  peopl e ca n modif y a  plaime d sequenc e o f  action s base d o n feedbac k fro m th e environment ,  especiall y 

when th e actio n i s slow .  Th e syste m coul d us e feedbac k fro m th e environmen t  during  th e executio n o f  a n 

actio n pla n t o adjus t  it s  predictio n o f  futur e state s an d th e actio n plan .  Thi s woul d allo w accurat e 

performanc e withou t  perfec t  predictio n an d therefor e withou t  perfec t  learnin g o f  th e mappings .  Second , 

th e framewor k provide s a  possibl e wa y t o mode l  automatizatio n o f  a  skil l  w h e n action s an d 

environmenta l  context s ar e sufficientl y correlate d (Shiffri n &  Schneider ,  1977) .  I n suc h situations ,  th e 

syste m coul d estabUs h a  mappin g fro m th e context s t o actions ,  whic h coul d spee d up ,  o r  possibl y 

eliminat e th e nee d for ,  th e proces s o f  generatin g prediction s an d comparin g wit h explici t  repesentation s 

of  goals . 
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