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Abstrac t 

A connectionist architecture and learning algo-
rith m fo r  sequentia l  decisio n learnin g ar e pre -
sented .  Th e architectur e provide s representation s 
fo r  probabilitie s an d utilities .  Th e learnin g algo -
rith m provide s a  mechanis m t o lear n fro m long -
ter m rewards/utilitie s whil e observin g informatio n 
availabl e locall y i n time .  Th e mechanis m i s base d 
on gradien t  ascen t  o n th e curren t  estimat e o f  th e 
long-ter m rewar d i n th e weigh t  spjû e define d b y 
a "policy "  network .  Th e learnin g principl e ca n 
be see n a s a  generalizatio n o f  previou s method s 
propose d t o implemen t  "polic y iteration "  mecha -
nism s wit h connectionis t  networks .  Th e algorith m 
i s simulate d fo r  a n "agent "  movin g i n a n environ -
ment  describe d a s a  simpl e one-dimensiona l  ran -
dom walk .  Result s sho w th e agen t  discover s opti -
mal  movin g strategie s i n simpl e caise s an d learn s 
how t o avoi d short-ter m suboptima l  reward s i n or -
der  t o maximiz e long-ter m reward s i n mor e com -
ple x cases . 

Introduction 

Learnin g from  L o n g - T e r m R e w a r d s 

I f  w e imagin e a n agen t  (machine ,  anima l  o r  human ) 
makin g decision s an d actin g i n a n environment ,  ho w 
can long-ter m payoff s receive d fro m th e environmen t 
influenc e presen t  decisions ? Simila r  question s hav e 
been raise d i n differen t  disciplines ,  includin g huma n 
and anima l  psychology ,  machin e learning ,  engineering , 
robotic s an d economic s (e.g. ,  Bellman ,  1957 ;  Sutto n 
& Barto ,  1987 ;  Samuel ,  1959 ;  Slovic ,  Lichtenstei n & 
Fishoff ,  1988 ;  Watking ,  1989) .  A  numbe r  o f  mathe -
matica l  an d numerica l  tool s i n th e decisio n science s 
have bee n propose d t o answe r  thes e questions .  I n par -
ticular ,  th e theor y o f  dynami c pTogranmuD g (Bellman , 
1957)  wa s specificall y develope d a s a n optimizatio n 
metho d t o solv e sequentia l  decisio n problems . 

Recently ,  Barto ,  Sutton ,  an d Watkin s (I n Press )  in -
tegrate d method s fro m dynami c programmin g an d pa -
ramete r  estimatio n method s t o construc t  a  framewor k 

•als o wit h Net-ID ,  Inc. ,  Menl o Park ,  CA . 

fo r  sequentia l  decisio n learning .  I n th e sam e spirit ,  thi s 
paper  integrate s th e classica l  decisio n theor y frame -
wor k wit h learnin g principle s fro m connectionis t  theo -
ries .  Wherea s Bart o e t  al .  mainl y suggeste d connec -
tionis t  network s coul d b e use d a s parametri c model s 
t o comput e a n evaluatio n function ,  thi s pape r  mainl y 
propose s th e us e o f  connectionis t  network s t o comput e 
actio n policies .  First ,  "connectionis t  representations " 
fo r  probabilitie s an d utilitie s i n stati c environment s 
ar e presented .  Th e framewor k i s the n extende d t o 
dynami c environment s an d compare d t o previou s for -
malism s (e.g. ,  Sutto n 1990) .  Simulation s o f  a  simpl e 
rando m wal k the n sho w ho w a n agen t  ca n maximiz e 
th e long-ter m expecte d utilit y  compute d ove r  th e de -
cisio n period . 

A Connectionist Framework for Decision 

M a k i n g 

The connectionis t  decisio n makin g framewor k sug -
geste d i n Chauvi n (1991 )  introduce s "connectionis t 
representations "  o f  probabilitie s an d utiUties .  T h e fi-
nal  layer s o f  a  connectionis t  networ k ar e compose d o f 
set s o f  e-units ,  p-unit s an d u-units .  T h e e-unit s ar e ex -
ponentia l  unit s wit h activation s e, -  =  e^* *  wher e « j  i s 
th e inpu t  t o th e e-unit s an d / 3 a  sensitivit y parameter . 
Th e p-unit s comput e probabilitie s usin g th e Boltzma n 
distribution : 

,ps . 
Vi  = 

E7^"E,e^' > 
(1 ) 

Utilitie s (considere d bl s monotoni c function s o f  re -
wards )  ar e represente d a s "utilit y  weights "  u, j  fro m 
th e p-unit s t o th e linea r  u-units .  Thi s se t  o f  weight s 
ca n b e give n a  priori ,  observe d fro m th e environment , 
or  estimate d durin g learning .  T h e se t  o f  u-unit s the n 
compute s a n expecte d utility : 

Ui  =  Ylu i jV j (2 ) 

wher e i  i s a n inde x take n ove r  a  give n se t  o f  categories . 
I n thi s framework ,  learnin g consist s i n maximizin g 

th e expecte d utilit y  compute d b y th e u-units .  Back -
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propagatio n principle s ca n b e use d t o comput e th e gra -
dien t  o f  expecte d utilit y  wit h respec t  t o th e input s t o 
th e e-units : 

^  =  iSnjim j  -  U, )  (3 ) 

where t represents a target category given an input 
pattern .  Not e ther e i s n o "error "  i n thi s formula -
tion :  Th e algorith m directl y maximize s a n expecte d 
utihty .  Als o not e tha t  th e p-unit s comput e "decisio n 
behefs "  it j  representin g a  decisio n behavio r  rathe r  tha n 
estimate d probabilitie s o f  futur e environmenta l  events . 
Thes e probabihtie s represen t  ho w th e networ k shoul d 
classif y inpu t  pattern s t o maximiz e expecte d utilities . 
Wit h simpl e environments ,  i t  i s  possibl e t o sho w th e 
algorith m converge s t o optima l  behavior .  I n particu -
lar ,  Bayesia n optimalit y (pur e decisions )  i s obtaine d 
when th e environmen t  i s stochastic .  I t  i s  als o possi -
bl e t o sho w that ,  usin g th e Widrow-Hof T procedure , 
th e networ k parameter s (decisio n an d utilit y  weights ) 
can b e adapte d "on-line "  afte r  eac h observatio n o f  th e 
environmenta l  respons e (Chauvin ,  1991) . 

Sequential Decision Learning 

M a r k o v i a n Decisio n Hypo these s 

Markovia n decisio n problem s ar e define d i n term s o f  a 
finit e se t  o f  state s X  an d stat e transitio n probabilitie s 
Pzy.  A t  eac h tim e ste p k ,  a n agen t  make s a  decisio n a 
among a  se t  o f  permissibl e action s A ^  functio n o f  th e 
curren t  stat e x .  Dependin g o n th e chose n action ,  th e 
environmen t  wil l  switc h fro m stat e x  t o y  G  Y{x,a ) 
wit h probabilit y  Pxy(a) .  Th e se t  o f  permissibl e action s 
fo r  eac h stat e x  ca n b e characterize d b y a  probabilit y 
distributio n o f  action s ir̂ a calle d a  polic y P .  Fo r  eac h 
stat e transition ,  th e agen t  receive s a  reward/utilit y  (o r 

incur s a  cost )  «x y • 
The goa l  o f  th e agen t  i s t o maiximiz e th e long-ter m 

expecte d utilit y  V/ "  fro m stat e x(0 )  =  i : 

V/ '  =  E''[Y,7'^A^(0 )  =  i ] (4 ) 
t= o 

wher e « « =  u,,, ,  i s  th e utilit y  receive d a t  tim e t  b y 
movin g from  stat e x j  t o y « an d wher e 7  i s a  discoun t 
factor .  Th e ter m V/ '  i s calle d th e evaluatio n functio n 
of  stat e i  give n th e polic y P .  Fo r  th e res t  o f  thi s paper , 
we assum e tha t  th e environmen t  ha s absorbin g state s 
wit h 0  utilitie s an d se t  7  t o 1 . 

I n th e mos t  genera J case ,  th e learnin g environmen t  i s 
suppose d t o b e stochastic :  0  <  Pxy(o )  <  1 -  Fo r  inter -
estin g optimize d functions ,  th e agent' s optima l  polic y 
can b e show n t o b e deterministic :  ttx o G  {0,1} .  Dy -
nami c programmin g approache s t o sequentia l  decisio n 
problem s generaU y conside r  a  prior i  tha t  th e agent' s 
action s hav e t o b e deterministi c an d provid e mechan -
ims t o maximiz e V  ove r  a  se t  o f  finit e policies .  Bart o e t 
al .  (I n Press )  an d other s conside r  case s wher e n o mode l 
of  th e environmen t  i s know n a  priori .  Usin g paramete r 
axlaptatio n methods ,  the y assum e th e agent' s action s 

can b e stochasti c an d ca n b e continuousl y adapte d a s 
th e agen t  le&rn s abou t  it s environment . 

I n thi s paper ,  th e stochasticit y o f  th e agen t  i s as -
sumed a  prior i  an d i s a n essentia l  propert y o f  th e learn -
in g method .  Th e environmen t  itsel f  i s  fo r  no w consid -
ere d a s deterministic :  Ther e i s a  one-toon e mappin g 
betwee n zurtion s a  an d resultin g state s y .  W e wil l  se e 
tha t  th e prio r  assumptio n o f  agen t  stochasticit y allow s 
us t o deriv e a n interestin g gradien t  ascen t  metho d o n 
th e curren t  estimatio n o f  th e evaluatio n functio n i n a 
"poUcy "  network . 

Proposed Formalism 

We no w exten d th e "static "  connectionis t  representa -
tion s fo r  probabilitie s an d utilitie s t o dynami c environ -
ment s b y introducin g tim e an d delaye d rewards .  Th e 
agent' s tota l  expecte d utilit y  i s  no w a  functio n o f  th e 
decisio n behavio r  ove r  th e complet e decisio n period . 
Suppos e th e agen t  i s i n stat e x ,  fo r  a  give n polic y P , 
th e immediat e expecte d utilit y  ca n b e writte n as : 

f/i '  =  5Z«x«» x (5 ) 

wher e th e actio n probabilitie s Vx a characteriz e th e pol -
ic y P .  Fro m th e curren t  stat e x ,  suppos e th e agen t  ca n 
reac h a  stat e y  b y takin g actio n a  e  A ,  th e long-ter m 
expecte d utilit y  fro m stat e x  ca n the n b e writte n as : 

(6 ) 

For  a  fixe d polic y P ,  tha t  i s  fo r  a  fixe d se t  o f  actio n 
probabilitie s iTca ,  w e coul d comput e Vj *  b y "backin g 
up"  th e stat e evaluatio n functio n on e ste p fro m Vj' . 

Suppos e tha t  a t  stag e k ,  onl y a n estimatio n Vj'{k ) 

of  Vj *  i s  available ,  w e ca n the n comput e th e estimatio n 

Vfi k  -I -  1 )  o f  V f  using : 

Vfi k +  l )  =  Y^[u. „  +  Vj'(k)]n , 

al v 
(7 ) 

Thi s proces s i s simila r  t o va7u e iteratio n i n dynami c 
programming .  Fo r  a  give n polic y P ,  wit h a  smal l  num -
ber  o f  assumption s abou t  th e environmen t  an d abou t 
th e orde r  o f  computations ,  valu e iteratio n wil l  converg e 
t o th e valu e V ^  fo r  eac h stat e x . 

Equation s 7  ca n b e writte n as : 

v/(ib-i-i)=x;M*)'r x (8 ) 

wit h Vxa{k )  =  Ux a +  K/'(^) -  Thi s equatio n ha s th e 

same for m a s Equatio n 2 .  (Note ,  however ,  tha t  th e 
indice s hav e differen t  interpretations. )  Th e se t  o f  ac -
tio n probabilitie s tt̂ o ca n b e compute d usin g a  se t  o f 
e-unit s an d p-unit s an d fro m a  give n connectionis t  rep -
resentatio n o f  eac h stat e x .  Th e resultin g networ k ca n 
the n b e calle d th e polic y network .  A t  eac h tim e ste p k , 
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th e estimat e o f  th e long-ter m expecte d utilit y  V /  ca n 
be estimate d wit h on e linea r  u-uni t  wher e th e utilit y 

weight s Uy -  o f  Equatio n 2  no w becom e Vx a =  Uxa-^Vj' . 
Our  goa l  i s  t o find  th e optima l  polic y P *  whic h max -

imize s th e lon g ter m expecte d utilit y  V f  =  V g : 

V:  =  M a x , , ,  j ; (« , ,  +  V;) t , (9 ) 

The ide a i s the n t o maximiz e Vj *  b y gradien t  ascen t 
on th e curren t  estimat e o f  th e evaluatio n fiinctio n wit h 
respec t  t o th e parameter s o f  th e polic y network .  Fro m 
Equation s 3  an d 8 ,  fo r  eac h tim e step ,  w e ca n obtai n 

th e gradien t  o f  Vf {k )  wit h respec t  t o th e input s S a o f 
th e exponentia l  e-units .  Simplifyin g th e notatio n fo r 
clarity ,  w e obtain : 

= lSirrai^,a + Vj'-Vf) (10) 

We can now imagine various methods to organize 
th e computation s o f  th e evaluatio n functio n an d o f  th e 
correspondin g policy .  A  possibl e on-lin e metho d i s th e 
following .  A t  eac h tim e step ,  a n actio n a  i s chose n i n 
functio n o f  th e curren t  actio n probabilit y  distributio n 
implemente d b y th e polic y network .  Fro m th e result -

in g stat e y ,  th e curren t  estimatio n Vj'{k )  an d th e stat e 

transition s utilitie s Ux a ar e use d t o comput e V^(A; )  us -
in g Equatio n 7 .  Th e weight s o f  th e polic y networ k ar e 
the n change d b y gradien t  ascen t  o n th e curren t  esti -
mate o f  th e evaluatio n function .  Equatio n 1 0 com -
pute s thi s gradien t  wit h respec t  t o th e input s o f  th e 
e-units .  Back-propagatio n technique s ca n b e use d t o 
propagat e thi s gradien t  furthe r  i n th e polic y networ k 
as a  functio n o f  th e chose n architecture . 

Wit h thi s organization ,  th e polic y i s adapte d od -
line ,  i n functio n o f  th e estimatio n o f  th e stat e eval -
uatio n functio n a t  eac h tim e step .  Furthermore ,  th e 
stat e evaluatio n updatin g schedul e i s itsel f  a  functio n 
of  th e curren t  policy .  Exploitatio n b y gradien t  ascen t 
i s  therefor e simultaneou s wit h exploration ,  determine d 
by th e se t  o f  actio n probabilities .  Th e balanc e o f  ex -
ploitatio n an d exploratio n m a y b e obtaine d b y tunin g 
th e variou s mode l  parameter s an d b y modification s o f 
th e organization s o f  th e computations . 

Variou s connectionis t  networ k architecture s ca n b e 
used t o comput e th e actio n probabilitie s Vx a fro m th e 
set  o f  possibl e states .  Th e simples t  networ k consist s i n 
havin g on e uni t  pe r  stat e an d direc t  connection s be -
twee n state s an d e-units .  Suc h a  networ k architectur e 
can b e calle d "exhaustive "  sinc e ther e i s on e parame -
te r  pe r  state-actio n pair .  Suc h a n exhaustiv e networ k 
i s use d i n th e simulation s belo w an d i s show n i n Fig -
ur e 2 .  Fo r  a n exhaustiv e network ,  th e weight  updat e 
obtaine d b y gradien t  ascen t  ca n b e derive d fro m Equa -
tio n 10 : 

wher e a  i s a  learnin g rate .  O f  course ,  i t  migh t  b e mor e 
interestin g t o provid e stat e representation s an d net -
wor k architecture s whic h ar e specificall y adapte d t o 
th e environmen t  an d t o th e application .  I n particu -
lar ,  layer s o f  hidde n unit s migh t  b e use d t o discove r 
compac t  interna l  stat e representation s tha t  woul d b e 
generate d b y th e learnin g algorithm . 

Decision Learning and Parameter 

E s t i m a t i o n 

Equation 7 can be seen as a standard backward dy-
nami c programmin g technique .  I t  i s  als o relate d 
t o wha t  Sutto n (1988 )  call s th e Tempora l  Differenc e 
method .  Bart o e t  al .  (I n Press )  poin t  ou t  th e relation -
ship s betwee n Tempora l  Differenc e method s an d dy -
nami c programmin g i n mor e comple x situations .  The y 
als o sugges t  ho w a n evaluatio n functio n V  coul d b e 
estimate d usin g connectionis t  networks .  B y contrast , 
i n th e framewor k propose d above ,  V  i s actuall y a  ta -
bl e look-u p wherea s th e poUc y P  i s implemente d wit h 
a connectionis t  network .  O f  course ,  w e ca n imagin e 
combination s o f  evaluatio n network s an d polic y net -
work s an d variou s technique s t o integrat e th e connec -
tionis t  computation s o f  th e evaluatio n function s an d 
correspondin g policies . 

Barto ,  Braidtk e an d Sing h (1991 )  us e a  variet y o f  al -
gorithm s t o estimat e evaluatio n functions ,  als o inspire d 
fro m dynami c programmin g procedures .  I n thei r  ex -
amples ,  policie s ar e implemente d usin g a  Boltzma n dis -
tribution : 

Pxa = 
gV,(fc)/ T 

E.gyeV- .W/ ^ 
(12 ) 

A W a,  =  a l̂Traiu^ a +  V y "  V / ) (11 ) 

wher e T  act s a s a  "computational "  temperature .  I n 
thei r  simulations ,  th e temperatur e i s anneale d a s a 
functio n o f  th e learnin g performance .  Th e agent' s 
behavio r  become s deterministi c ove r  th e complet e se t 
of  state s simultaneousl y a s th e temperatur e decreases . 
I n th e firamework  propose d above ,  th e leve l  o f  deter -
minis m depend s o n th e weight s o f  th e polic y network . 
Thes e weight s ar e update d b y gradien t  ascen t  o n th e 
curren t  estimatio n o f  th e tota l  expecte d utility .  I f  fro m 
a give n stat e a: ,  th e curren t  estimate s ar e identica l  fo r 
al l  permissibl e state s y ,  th e gradien t  i s  nul l  an d action s 
remai n equall y rando m fo r  tha t  state .  I f  fo r  a  give n 
state ,  th e long-ter m expecte d utilitie s ar e wel l  differen -
tiate d ove r  th e se t  o f  admissibl e actions ,  th e gradien t 
descen t  approac h wil l  mak e th e behavior' s agen t  de -
terministi c fo r  tha t  particula r  state .  Th e agen t  shoul d 
lear n ho w an d wher e i t  shoul d tak e deterministi c de -
cisions ,  o r  whethe r  i t  shoul d kee p explorin g o r  not ,  a s 
a functio n o f  th e valu e o f  thi s gradient .  I f  reachin g a 
goal  provide s a  hig h rewar d fo r  th e agent ,  th e agent' s 
behavio r  wil l  quickl y becom e deterministi c whe n get -
tin g clos e t o th e goal .  Th e "amount "  o f  determinis m 
wil l  the n "mov e backward "  fro m th e goal . 

Sutto n (1990 )  als o suggest s a  Boltzma n distributio n 
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Figur e 1 :  Environmen t  use d i n th e simulations .  Th e 
startin g stat e i s D .  T h e goa l  o f  th e agen t  i s t o reac h 
G. 

for  aictio n probabilities : 

Pr o = 
,tv. « 

E . 
(13 ) 

€A' 

Furthermore ,  afte r  e2u; h actio n take n b y th e agent ,  th e 
distributio n parameter s ar e chaoige d accordin g to : 

Ati;ar( < +  1 )  =  a(Ux a +  V̂ y -  V^ ) (14 ) 

Not e th e similaritie s betwee n Equatio n 1 4 an d Equa -
tio n 11 .  T h e differenc e i n th e tw o weigh t  updat e equa -
tion s reside s i n th e actio n probabilit y  iTxa -  Bu t  i n 
Sutton ,  action s ar e chose n accordin g t o th e multino -
mia l  probabilit y  distributio n parametrize d b y th e p^a -
Therefore ,  i f  w e imagin e th e evaluatio n functio n i s up -
date d onl y afte r  a  larg e numbe r  o f  action s hav e bee n 
sample d accordin g t o thi s probabilit y  distribution ,  th e 

weigh t  updat e become s A w a r  =  ot'fxai.'̂ x a +  ^ y ~  ^x ) 
wher e /, „  represent s a  frequenc y o f  action s an d i s a n 
unbiase d estimat e o f  th e "propensity "  o f  actio n Vxa -
Therefore ,  Sutton' s weigh t  updat e equatio n ca n b e 
see n a s a  stochasti c for m o f  a  gradien t  ascen t  o n th e 
estimatio n o f  th e evaluatio n functio n i n a n exhaustiv e 
network . 

Simulations 

Random Walk Environment 

The environment used in the simulations is inspired 
fro m th e rando m wal k proces s introduce d b y Sutto n 
(1988) .  I t  consist s o f  seve n possibl e states ,  a s s h o w n 
i n Figur e 1 .  T h e agent' s initia l  positio n i s stat e D .  I n 
eac h state ,  th e agen t  hat s t o m a k e a  decisio n abou t  th e 
directio n o f  th e followin g m o v e ,  lef t  o r  right .  W h e n 
th e agen t  moves ,  i t  migh t  receiv e a  payof f  whic h de -
pend s o n th e curren t  stat e an d o n th e mov in g decision . 
Thes e payoff s m a y b e negativ e (e.g. ,  the y m a y repre -
sen t  a n a m o u n t  o f  energ y bein g spen t  fo r  th e m o v e )  o r 
positiv e (e.g. ,  the y m a y represen t  a  receive d a m o u n t  o f 
food) .  Thes e payoff s m a y the n b e represente d i n a  two -
dimensiona l  utilit y  matrix .  W h e n th e agen t  reache s th e 
absorbin g state s A  o r  G ,  i t  i s pu t  bac k t o th e initia l 
stat e D .  T h e goa l  o f  th e agen t  i s t o max imiz e th e tota l 
utilit y  receive d f ro m th e initia l  stat e t o th e goa l  stat e 
G.  I n th e simulation s below ,  w e loo k a t  th e agent' s 
learnin g behavio r  a s a  functio n o f  give n arbitrar y util -
it y  matrices . 

u-uni t 

p-unit s 

G-unit s 

p(left|state ) p(right|state ) 

Figur e 2 :  Polic y network .  T h e architectur e i s "exhaus -
tive" :  ther e i s on e paramete r  pe r  state-actio n pair . 

Polic y Networ k Architectur e 

The polic y networ k architectur e i s exhaustiv e (Figur e 
2)  an d ca n b e see n a s compose d o f  tw o subnetworks . 
The firs t  subnetwor k compute s mov e decisio n probabil -
itie s iTx i  =  p(left\8tate )  an d w^ r  =  p(right\state )  fro m 
eac h possibl e state ,  wher e state s ar e represente d b y 
singl e binar y inpu t  units .  Th e secon d decisio n subnet -
wor k compute s long-ter m expecte d utilit y  fro m deci -
sio n probabilitie s an d utilities .  Durin g learning ,  th e de -
cisio n weight s betwee n state s an d e-unit s ar e change d 
by gradien t  ascen t  o n th e long-ter m expecte d utiUt y us -
in g th e algorith m describe d above .  I n thi s framework , 
we suppos e th e agen t  store s presen t  an d estimate d fu -
tur e utilitie s i n memory .  Althoug h a n evaluatio n net -
wor k coul d comput e thes e utilitie s ai s neede d (Bart o e t 
al. ,  I n Press) ,  w e simpl y assum e fo r  no w tha t  learn -
in g operate s throug h utilitie s perfectl y retrieve d fro m 
memory b y th e agent . 

Results 

Case 1 :  Learnin g from  Long-Ter m 
Reward s 

T h e approac h i s  firs t  illustrate d wit h th e utilit y m a -
tri x s h o w n i n Tabl e 1 .  A  simulatio n ru n i s  define d 
as a  n e w se t  o f  initia l  decisio n weights ,  representin g a 
n e w agent .  A  simulatio n tria l  i s  define d a s a  sequenc e 
of  m o v e s fro m th e initia l  stat e D  t o th e goa l  G .  Th e 
networ k performanc e ca n the n b e judge d b y th e num -
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Stat e 
Lef t  mov e 
Righ t  mov e 

B C  b  E  F 
0 0  0  0  0 
0 0  0  0  1 0 

Tabl e 1 :  Cost/utiht y matri x fo r  cas e 1 . 

6 7  8  9  1 1 
Tria l  Number 

Figur e 3 :  Averag e numbe r  o f  move s t o reac h th e goa l 
as a  functio n o f  tria l  numbe r  i n case s 1,2 ,  an d 3 . 

ber  o f  move s (average d ove r  a  give n numbe r  o f  runs ) 
i t  take s fo r  th e agen t  t o reac h th e absorbin g stat e G 
as a  functio n o f  tria l  number .  I f  th e agen t  firs t  reache s 
absorbin g stat e A ,  i t  i s  pu t  bac k t o th e initia l  stat e D , 
incrementin g th e mov e counte r  b y 1 .  Figur e 3  show s 
th e agent' s performanc e u p t o 1 5 trial s average d ove r 
50 runs .  Simulation s sho w th e agen t  alway s reache s 
optima l  performanc e ( 3 step s t o th e righ t  from  stat e 
D t o G) .  Absolut e performanc e characteristic s obvi -
ousl y depen d o n th e learnin g parameter s (suc h a s th e 
learnin g rate) . 

As th e networ k learn s ho w t o estimat e th e correc t 
long-ter m expecte d utilities ,  i t  als o learn s ho w t o es -
timat e optima l  decisio n probabilities .  Thi s proces s 
work s "backwar d i n time" .  A t  first ,  th e agen t  reache s 
goal  G  fro m initia l  stat e D  b y chance .  I n doin g so , 
i t  observe s curren t  payoffs ,  update s futur e utiUt y esti -
mation ,  an d adjust s it s behavio r  throug h th e learnin g 
mechanism .  Eventually ,  th e agent' s behavio r  i n stat e 
F the n converge s t o optima l  behavior .  Th e tota l  ex -
pecte d utilit y  subsequentl y converge s t o th e optima l 
valu e Vp .  Whe n i n stat e E ,  th e agen t  reache s stat e F 
by chance ;  th e long-ter m utilitie s an d polic y wil l  the n 
be adapte d usin g th e estimation s obtaine d fo r  stat e F . 
The learnin g mechanis m back-propagate s th e gradien t 
of  long-ter m expecte d utilit y  throug h update d utilit y 
weight s t o modif y th e decisio n weights .  Th e utilit y  re -

Stat e 
Lef t  mov e 
Righ t  mov e 

B C  D  E  F 
-2 - 2 - 2 - 2 - 2 
-2 - 2 - 2 - 2 1 0 

Tabl e 2 :  Cost/utilit y  matri x fo r  cas e 2 . 

Stat e 
Lef t  mov e 
Righ t  mov e 

B C  D E  F 
-1 - 1 + \  - 1 - 1 
-1 - 1 - 1 - 1 1 0 

Tabl e 3 :  Cost/utilit y  matri x fo r  cas e 3 . 

ceive d fro m stat e F  t o G  wil l  mak e th e agent' s behavio r 
more deterministi c i n stat e F ,  the n backwar d fro m F 
t o D .  I n som e sense ,  bot h evaluatio n functio n an d pol -
icy' s determinis m ar e "backe d up "  fro m th e goa l  t o th e 
initia l  state . 

Of  course ,  th e agent' s behavio r  resultin g fro m th e 
implementatio n o f  thi s proces s migh t  no t  b e a s sequen -
tia l  a s i t  sounds .  A s explaine d above ,  evaluatio n an d 
policie s ar e change d a s a  functio n o f  th e curren t  stat e 
and o f  th e curren t  decisio n move ,  whic h ar e stochasti c 
and depen d o n th e organizatio n o f  th e computations . 
Similarl y t o on-lin e polic y iteratio n methods ,  th e agen t 
does no t  wai t  t o reac h th e goa l  t o updat e actio n prob -
abilities .  Th e agen t  jus t  look s on e ste p ahea d t o adjus t 
it s  "propensities "  o f  actio n fo r  th e curren t  state .  Fo r 
th e give n utilit y  matrix ,  becaus e th e agen t  eventuall y 
visit s th e goa l  an d becaus e n o othe r  rewar d ma y mod -
if y th e adaptatio n o f  behavior ,  i t  shoul d alway s reac h 
optima l  behavior . 

Case 2: Learning from Long-Term 
R e w a r d s wit h M o v i n g Cost s 

I n th e secon d se t  o f  simulations ,  th e agen t  obtain s a 
-1-1 0 utilit y  whe n i t  reache s th e absorbin g goa l  G  an d a 
- 2 utilit y  whe n movin g fro m an y stat e t o a  neighborin g 
state .  Th e correspondin g utilit y  matri x i s  show n i n Ta -
bl e 2 .  Figur e 3  show s th e agent' s learnin g performanc e 
up t o 1 5 trial s average d ove r  5 0 runs .  Wit h thi s ne w 
utilit y  matrix ,  th e agen t  reache s optima l  performanc e 
faste r  tha n wit h th e utilit y  matri x use d i n cas e 1 .  Thi s 
resul t  migh t  no t  b e intuitiv e sinc e th e stat e expecte d 
utilitie s hav e no w becom e smalle r  i n reaso n o f  th e - 2 
cost s "spent "  betwee n ste p moves .  Th e reaso n fo r  thi s 
resul t  i s  eictuall y tha t  ther e i s no w a  differentia l  ex -
pecte d utilit y  betwee n goin g lef t  an d goin g right .  Fo r 
example ,  th e optima l  long-ter m expecte d utilitie s V ^ 
and V p fro m state s E  an d F  ar e respectivel y 8  an d 
10.  Thi s differentia l  expecte d utiht y create s a  differ -
entia l  utilit y  gradien t  betwee n eac h move ,  forcin g th e 
agent  t o becom e deterministi c earlie r  an d t o lear n mor e 
rapidl y ho w t o mov e i n th e correc t  direction . 

Case 3: Avoiding Suboptimal Immediate 

Reward s 
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One o f  th e motivation s fo r  studyin g sequentia l  decisio n 
makin g an d fo r  usin g dynami c programmin g method -
ologie s i s t o avoi d suboptima l  short-ter m decision s 
whic h ma y preven t  futur e optima l  decisions .  Th e util -
it y  matri x show n i n Tabl e 3  illustrate s thi s situation . 
I n thi s case ,  th e agen t  get s a n immediat e rewar d b y 
movin g lef t  fro m th e initia l  state .  However ,  th e lat e 
rewar d from  stat e F  t o G  shoul d forc e th e agen t  t o 
ignor e th e immediat e rewar d o n th e left ,  t o mov e righ t 
and t o receiv e th e lat e rewar d a t  th e goal .  Whe n th e 
agent  learn s abou t  th e environment ,  i t  wil l  probabl y 
be attracte d t o th e immediat e rewar d a t  first.  Bu t  b y 
exploration ,  th e agen t  shoul d lear n abou t  th e delaye d 
rewar d an d shoul d adjus t  it s  behavio r  ove r  tim e t o ig -
nor e th e earl y reward .  Th e short-ter m rewar d fro m D 
t o C  shoul d simpl y dela y learnin g o f  th e optima l  strat -
egy.  Figur e 3  show s th e networ k learnin g performanc e 
fo r  cas e 3 .  Th e learnin g curv e reflect s th e predicte d 
behavior .  A t  first,  i t  take s mor e step s t o reac h th e 
goal  becaus e th e short-ter m reww d lead s th e agen t  i n 
th e wron g direction .  Durin g earl y learnmg ,  th e agen t 
actuall y learn s ho w t o mov e t o th e left .  However ,  af -
te r  sufficien t  learning ,  fo r  th e give n utilit y  matrix ,  th e 
agent  alway s learn s ho w t o avoi d short-ter m reward s 
and t o mov e directl y t o th e goal .  I n general ,  th e ex -
act  behavio r  learne d b y th e agen t  wil l  depen d o n th e 
balanc e betwee n exploratio n an d exploitation ,  whic h 
i n tur n wil l  depen d o n th e mode l  parameter s an d o n 
th e organizatio n o f  th e computations . 

Conclusion 

A sequentia l  decisio n learnin g formalis m i s propose d 
whic h integrate s element s o f  standar d decisio n the -
or y wit h connectionis t  principles .  I n statistice d pat -
ter n recognition ,  standjur d procedure s ma y first  esti -
mat e mode l  parameter s t o estimat e clas s probabilities . 
Cost s ma y the n b e invoke d t o comput e minima l  ris k 
classification .  I n dynami c environments ,  dynami c pro -
grammin g techniques ,  suc h a s polic y iteratio n ma y gen -
erate d successiv e evaluat e decisio n strategie s an d long -
ter m expecte d reward s unti l  optima l  decisio n behavio r 
i s  obtained .  Th e presen t  approac h directl y update s th e 
parameter s o f  a  polic y networ k b y gradien t  aiscen t  o f 
th e curren t  estimat e o f  th e long-ter m expecte d utility . 
The formaUs m ma y b e see n a s a  generalizatio n o f  som e 
of  th e polic y adaptatio n method s propose d b y Sutto n 
(1990 )  an d Bart o e t  al .  (1991) . 

The learnin g procedur e wa s simulate d an d teste d i n 
a simpl e environment .  I n variou s cases ,  th e proce -
dur e wa s actuall y show n t o generat e interestin g an d 
intelUgen t  lookin g learnin g dynamics .  Ther e ar e man y 
ways th e propose d formalis m coul d no w b e integrate d 
wit h othe r  dynami c programmin g concept s o r  com -
bine d wit h othe r  paramete r  estimatio n methods .  O f 
course ,  i t  remain s t o b e see n i f  thes e learnin g princi -
ple s ma y b e powerfu l  enoug h t o generat e intelligen t 
decisio n behavio r  i n mor e comple x environmen/ts .  Bu t 
th e formalis m ca n b e see n a s a  generalizatio n o f  previ -

ousl y propose d mechanism s an d th e gradien t  ascen t 
approac h appear s t o b e conceptuall y satisfyin g an d 
promising . 
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