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Abstrac t 

Reinforcement Learning methods address the prob-
le m face d b y a n agen t  w h o mus t  choos e action s i n 
an unknow n environmen t  s o a s t o maximiz e th e re -
ward s i t  receive s i n return .  T o date ,  th e availabl e 
technique s hav e relie d o n tempora l  discounting ,  a 
problemati c practic e o f  valuin g immediat e reward s 
mor e heavil y tha n futur e rewards ,  o r  els e hav e im -
pose d stron g restriction s o n th e environment .  Thi s 
pape r  sketche s a  ne w metho d whic h utilize s a  subjec -
tiv e evaluato r  o f  performanc e i n orde r  t o (1 )  choos e 
action s tha t  maximiz e undiscounte d reward s an d (2 ) 
d o s o a t  a  computationa l  advantag e wit h respec t  t o 
previou s discounte d techniques .  W e presen t  initia l 
experimenta l  result s tha t  attes t  t o a  substantia l  im -
provemen t  i n performance . 

I n t roduc t i o n 

In the Artificial Intelligence conununity, much attention 
has latel y bee n give n t o "situated "  model s o f  behavior , 
whic h focu s no t  o n th e explici t  menta l  representation s a n 
agen t  ha s o f  it s environmen t  bu t  o n th e interaction s be -
twee n th e agen t  an d th e environmen t  (Agre ,  1993 ;  Kael -
blin g &  Rosenschein ,  1990 ;  Maes ,  1993) .  I n thi s spirit , 
th e paradig m o f  Reinforcemen t  Learnin g addresse s th e 
proble m o f  h o w a n agen t  m a y lear n t o engag e i n produc -
tiv e interaction s o n th e basi s o f  tria l  an d error . 

I n Reinforcemen t  Learnin g (e.g. ,  Barto ,  Sutto n & 
Watkins ,  1989 )  a n agen t  mus t  lear n t o perfor m action s 
i n a n environmen t  s o a s t o maximize ,  ove r  th e lon g run , 
a measur e o f  reinforcemen t  whic h i t  receive s i n return . 
TTi e environmen t  i s formalize d a s a  se t  5  o f  states ,  ob -
servabl e an d distinguishabl e b y th e agent ,  an d a  se t  A  o f 
availabl e actions .  A t  eac h ste p i n tim e th e environmen t 
i s i n som e state ,  an d a n actio n mus t  b e chosen ;  thi s actio n 
has th e effec t  o f  changin g th e curren t  stat e an d producin g 
a scala r  reinforcemen t  value .  Th e reinforcemen t  value , 
or  reward ,  represent s th e exten t  t o whic h w e ca n conside r 
th e actio n t o hav e ha d immediat e desirabl e o r  undesirabl e 
consequence s fo r  th e agent . 

A polic y i s a  mappin g fro m S  t o A ,  suggestin g whic h 
actio n t o perfor m i n eac h state .  Th e goa l  o f  Reinforce -
ment  Learnin g method s i s t o arrive ,  b y performin g ac -
tion s an d observin g thei r  outcomes ,  a t  a  polic y whic h 
maximize s th e reward s accumulate d ove r  time .  T o d o 
this ,  on e mus t  hav e a  notio n o f  accumulate d rewards ,  an d 
fo r  almos t  al l  technique s develope d t o date ,  thi s notio n 
has bee n discounte d return .  Th e discounte d retur n o f  a 
polic y p  applie d i n a  stat e s  i s give n b y 

V W = ^  J^Yr ^ (1 ) 
t= 0 

wher e r f  i s th e rewar d tha t  wil l  b e receive d i  tim e step s 

afte r  th e learne r  begin s executin g polic y p  i n stat e s, '  an d 
7 i s  a  tempora l  discountin g constan t  ( 0 <  7  <  1) .  Thi s su m 
give s exponentiall y  decreasin g valu e t o reward s furthe r  i n 
th e future ,  wit h th e resul t  tha t  a n infinit e futur e o f  reward s 
may b e summarize d i n a  singl e finite  value .  Th e smalle r 
th e valu e o f  g a m m a,  th e greate r  th e relativ e importanc e 
give n t o proximat e rewards . 

Let  {a,p )  represen t  th e non-stationar y polic y whic h o n 
th e first  tim e ste p take s actio n a  an d tJiereafte r  follow s 
th e suggestion s o f  p .  Q-leaming ,  th e mos t  widel y use d 
and studie d Reinforcemen t  Learnin g technique ,  work s 
by maintainin g a  polic y p  an d a n approximatio n o f  th e 

value s Vy''''{s )  fo r  eac h state-actio n pai r  {s,a) .  Thes e 
represen t  th e answers ,  i n eac h stat e s  t o th e question , 
" H o w wel l  of f  woul d I  b e if ,  jus t  thi s once ,  I  di d actio n a 
instea d o f  m y policy' s action? "  Wheneve r  th e Q-learne r 
sees tha t  i n som e stat e s  i t  woul d b e bette r  of f  performin g 
some actio n othe r  tha n th e on e it s polic y suggests ,  i t 
change s it s polic y t o alway s choos e tha t  actio n i n s . 

Mor e concretely ,  Q-learnin g operate s b y maintainin g 
a functio n Q{s ,  a )  whic h initiall y  map s al l  value s t o zero , 
and i s  update d ever y tim e a n actio n i s  performed ,  a s 

follows .  Le t  I  < ^  y ,  fo r  0  <  ) 3 <  1 ,  denot e th e operatio n 
of  assignin g t o variabl e x  th e valu e P  • y +  { l  — ̂ )  x.l f 
actio n a  i s performe d i n stat e s ,  resultin g i n a n immediat e 
rewar d r,m m an d a  transitio n int o stat e s' ,  the n th e valu e 

'Supporte d b y a n IB M Graduat e Fellowship . 
'  I n stochasti c domains ,  r f  i s  a  rando m variable ,  s o w e mus t 

tak e th e expecte d valu e o f  th e sum . 
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Figur e 1 :  A  trivia l  domai n i n whic h discounte d an d undis -
counte d measure s ma y disagree .  State s ar e indicate d b y 
circles ,  action s ar e give n i n italics ,  thei r  associate d stat e 
transition s ar e give n b y arrows ,  an d thei r  immediat e re -
ward s ar e give n i n parentheses . 

of  Q  o n inpu t  (s ,  a )  i s modifie d b y performing : 

Q{s, a) ^ r,mm + 7 max Q{s', a'). (2 ) 

At  an y time ,  th e Q-value s induc e a  polic y p' '  whic h map s 
eac h stat e s  t o th e actio n a  maximizin g Q{s ,  a) . 

Whil e Q-learnin g itsel f  i s  a  beautifu l  idea ,  th e dis -
counte d measur e o f  retur n itrelie s o n prove s problematic . 
For  one ,  i t  m a y mak e behavior s wit h quic k bu t  mediocr e 
result s loo k mor e attractiv e tha n efficien t  behavior s reap -
in g long-ter m benefits .  I n th e simpl e exampl e o f  Figur e 1 , 
i t  i s clea r  tha t  attentio n t o long-ter m reward s shoul d dic -
tat e a  polic y whic h take s actio n A  i n stat e 1 .  Bu t  fo r 
any 7  <  |§ Y «  0.99 8 actio n B  actuall y yield s a  highe r 
discounte d return ! 

Moreover ,  eve n whe n discounte d retur n favor s behav -
ior s wit h adequat e farsightedness ,  i t  ca n hav e man y neg -
ativ e effect s o n th e Q-learnin g algorithm ,  includin g th e 
followin g (Schwartz ,  1993a) : 

Indifference. The discounted returns for sequences of 
action s beginnin g optimall y an d non-optimall y ca n loo k 
so simila r  tha t  i t  i s har d t o decid e whic h on e i s best ,  an d 
th e actua l  los s i n performanc e fo r  choosin g th e wron g 
one wil l  b e ver y larg e i n compariso n t o th e differenc e i n 
discounte d return . 

Ramping. When the rewards received by an agent are 
positiv e o n th e average—a s on e woul d hop e the y woul d 
be—discounte d return s ca n b e quit e large ,  an d th e pro -
ces s o f  convergin g t o thos e value s ca n b e extremel y slow , 
especiall y fo r  th e larg e value s o f  7  whic h ar e require d t o 
avoi d indifference .  Durin g thi s proces s o f  convergence , 
approximatio n erro r  obscure s th e difference s betwee n 
tru e discounte d return s o f  differen t  state s an d actions , 
sometime s prohibitin g informe d actio n choice s an d stat e 
evaluation s altogether . 

I n thi s pape r  w e presen t  a  techniqu e w e cal l  R-learnin g 
whic h doe s no t  rel y o n th e discounte d measur e o f  re -
turn ,  an d s o avoid s al l  o f  th e problem s associate d wit h 
it .  I t  resemble s Q-learnin g inasmuc h a s i t  measure s th e 
return—fo r  a  differen t  notio n o f  return—o f  state-actio n 
pairs ,  relativ e t o it s curren t  policy ,  an d i n an y stat e rec -
ommends tha t  actio n whic h maximize s return .  Th e ke y 

elemen t  introduce d i s a  policy-relativ e measur e o f  aver -
age reward ,  compile d o n th e fly,  whic h serve s a s a  stan -
dar d o f  comparison .  B y constructin g a  measur e o f  utilit y 
whic h depend s o n thi s average ,  w e arriv e a t  a n evaluato r 
of  state s an d action s whic h i s policy-relative ,  an d allow s 
loca l  improvement s t o policie s t o b e mad e mor e visible , 
improvin g performanc e i n a  numbe r  o f  ways . 

Thi s pape r  present s th e R-learnin g algorith m wit h a 
concer n fo r  it s  motivations ,  it s qualitativ e behavior ,  an d 
it s practica l  benefits .  Fo r  a  mor e detailed ,  mathematica l 
discussio n o f  R-learnin g an d othe r  relate d techniques , 
refe r  t o (Schwartz ,  1993b) . 

Average Reward 

I n lookin g fo r  a n undiscounte d measur e o f  polic y per -
formance ,  on e naturall y consider s Vf ,  th e infinit e undis -
counte d su m o f  futur e reward s (c.f .  Equatio n 1) .  I n 
specia l  cases ,  suc h a s tha t  i n whic h a n agen t  i s guaran -
tee d t o alway s receiv e reward s o f  zer o afte r  a  finite  perio d 
has passed ,  on e ma y i n fac t  us e thi s infinit e sum .  Bu t  i n 
th e genera l  case ,  a n agen t  m a y rea p positiv e o r  negativ e 
reward s indefinitely ,  causin g th e su m t o b e infinite .  Thi s 
preclude s it s us e i n polic y evaluation . 

As a n alternativ e measure ,  w e defin e th e lifetim e aver -
ag e rewar d o f  a  polic y p  starte d i n stat e s  a s 

d. / f̂ s  = li m 
n—i-o o 

E r = o r ? 
(3 ) 

wher e r f  i s th e rewar d receive d a t  tim e t  whe n th e agen t 
begin s i n stat e s  an d take s action s dictate d b y p . 

Thi s give s u s a n optimalit y criterio n fo r  policies :  le t  u s 
writ e tha t  p  ^ p q  wheneve r  />?>/> ? fo r  al l  state s s ,  an d 
cal l  a  polic y p  optima l  wheneve r  p  X ^  g  fo r  al l  policie s 
q.  W e procee d t o presen t  a  metho d fo r  finding  p-optima l 
policies. ^ 

For  th e remainde r  o f  th e pape r  w e m a k e th e followin g 
assumption :  tha t  an y polic y unde r  consideratio n ha s a 
singl e averag e rewar d p P independen t  o f  th e initia l  stat e 
$.  Thi s assumptio n i s tantamoun t  t o requirin g tha t  th e 
state s o f  th e environmen t  b e mutuall y reachable ,  an d tha t 
any polic y wil l  eventuall y brin g th e agen t  t o som e are a 
of  stat e spac e i n whic h th e polic y perform s best .  Thoug h 
intuitivel y plausible ,  th e assumptio n ma y fai l  t o hol d i n 
practice .  A  discussio n o f  th e cas e i n whic h policie s m a y 
partitio n th e stat e spac e int o region s o f  differin g averag e 
rewar d i s give n i n (Schwartz ,  1993b) . 

The notio n o f  lifetim e averag e rewar d equip s u s t o 
speak  o f  th e average-adjuste d reward ,  r  — pP ,  relativ e 
t o a  polic y p .  Thi s usefu l  measur e tell s  u s th e exten t  t o 
whic h a n actio n give s above -  o r  below-averag e immedi -
at e reward ,  relativ e t o th e infinit e sequenc e o f  expecte d 
reward s t o come . 

Havin g se t  th e stage ,  w e n o w presen t  a  Q-styl e learnin g 
algorith m whic h maximize s averag e reward . 

Î n fac t  th e metho d finds  policie s whic h maximiz e per -
formanc e i n a  stronge r  sense :  the y ar e T-optimal ,  a s define d 
i n (Schwartz ,  1993a) ,  an d T-optimalit y triviall y  implie s p -
optimality . 
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R - L e a r n i n g 

To arriv e a t  a  /j-optima l  polic y p ,  w e propos e th e follow -
in g iterativ e procedure : 

1.  Begi n wit h a  |S |  x  |y4 |  tabl e ofrea l  number s it(s ,  a) ,  al l  ini -
tialize d t o zero ,  an d a  real-valued  variabl e p ,  als o initialize d 
t o zero . 

2.  Repeat : 

2a.  Fro m th e curren t  stat e s ,  perfor m som e actio n o .  cho -
sen b y som e exploration/action-selectio n mechanis m (a n 
orthogona l  componen t  o f  th e system ,  jus t  a s i t  i s  fo r  Q -
leaming) .  Observ e th e immediat e reward  r,m m received 
and th e subsequen t  stat e a' . 

2b.  Updat e R  accordin g to : 

R{3,a)<^r„r,m-p-\-(fRi3' ) (4 ) 

wher e Ur{3' )  =  maXa-  R{a' ,  a' )  an d / 9 i s a  learnin g rat e 
paramete r 

2c.  I f  R{s,a )  =  </fi(s )  (Le. ,  i f  a  agree s wit h you r  curren t 
polic y p  ) ,  the n updat e p  accordin g to : 

P - r.^^ -I- Ur{s') - Ur{3) 

where Q is a learning rate parameter 

(5 ) 

We se e tha t  th e techniqu e i s th e sam e a s Q-Iearnin g wit h 
th e modification s that : 

•  I t  maintain s a n estimat e p  o f  averag e reward . 

•  I t  use s average-adjuste d reward s rathe r  tha n plai n re -
ward s i n it s update . 

•  I t  eliminate s 7 ,  th e tempora l  discountin g factor . 

Intuitively ,  R-leamin g work s fo r  th e followin g reason . 
Suppos e w e tak e a  Q-leamin g syste m an d simpl y remov e 
an average-rewar d ter m fro m al l  th e reward s i t  receives , 
befor e i t  see s them .  Thi s ensure s tha t  th e averag e valu e 
of  th e reward s i t  see s i s zero .  The n wha t  wil l  happe n 
t o it s Q-values ? I n case s wher e th e averag e rewar d re -
ceive d i s positive ,  th e Q-value s al l  ris e steadily ,  slowin g 
d o wn unti l  th e negativ e contributio n o f  multiplicatio n b y 
7 balance s ou t  th e positiv e contributio n o f  th e averag e 
reward s received .  Bu t  i n th e ne w cas e wher e th e averag e 
rewar d i s zero ,  th e Q-value s wil l  neithe r  ris e no r  fall ,  bu t 
remai n centere d aroun d zero .  Thi s bein g th e case ,  on e 
ca n eliminat e th e discoun t  facto r  7  fro m th e recurrence ; 
it s j ob—t o driv e Q-value s towar d zero—i s obviated .  Th e 
net  result :  b y orchestratin g matter s s o tha t  reward s aver -
age ou t  t o zero ,  on e doe s no t  nee d a  discountin g facto r  t o 
preven t  thei r  s u m fro m blowin g up . 

The Meaning of R-values 

R-value s serv e a s a  potentia l  functio n fo r  rewards .  The y 
provid e th e learne r  wit h a  measur e o f  whethe r  i t  i s  i n a 
goo d stat e o r  a  ba d state ,  suc h tha t  wheneve r  i t  take s a n 
actio n i t  m a y simpl y ad d th e chang e i n R-valu e t o th e 
(p-adjusted )  immediat e rewar d i t  get s t o se e whethe r  i t 
has mad e progres s towar d maximizin g averag e rewar d 
ove r  time .  I f  tha t  valu e i s zer o the n i t  ha s don e th e 
bes t  i t  though t  wa s possible ;  i f  i t  i s  belo w zer o i t  ha s 
don e wors e tha n tha t  (becaus e i t  ha s chose n wors e tha n i t 

coul d have ,  o r  becaus e o f  stochasti c rewards ,  o r  becaus e 
th e environmen t  ha s changed) ;  i f  th e valu e i s positiv e 
the n i t  ha s don e bette r  tha n i t  imagine d i t  could . 

Equivalently ,  w e ma y vie w th e quantit y r  +  A U r  a s a 
measur e o f  amortize d reward ,  whic h i s wha t  eac h actio n 
i s chose n t o maximize .  Th e recurrenc e relatio n (7 )  give n 
belo w tell s u s tha t  fo r  al l  optinui l  actions ,  th e expecte d 
valu e o f  th e amortize d rewar d isp ;  al l  non-optima l  action s 
wil l  fal l  shor t  o f  p .  I n thi s light ,  th e whol e tempora l 
credi t  assignmen t  proble m ma y b e see n a s th e tas k o f 
constructin g th e secondar y rewar d A U r  t o provid e thi s 
amortize d reward ,  whic h the n serve s a s a n immediat e 
rathe r  tha n cross-tempora l  quantit y t o b e maximize d b y 
actio n choice .  Onc e accurat e R-value s ar e available , 
th e proble m o f  delaye d reinforcemen t  learnin g ha s bee n 
reduce d t o th e muc h simple r  non-delaye d proble m o f 
selectin g action s t o maximiz e immediat e reward . 

The actua l  quantit y approximate d b y R{s ,  a )  ca n b e 
writte n i n a  close d form .  Jus t  a s Q{s ,  a )  approximate s 

th e evaluato r  Ky'' '  '{s) ,  s o to o R{s ,  a )  approximate s a n 

evaluato r  V̂ ""' '  \ s )  wher e V ^  i s define d a s 

v- M =  '7 ,E^ ' ( ' ^ -^ ) - (6 ) 
i= 0 

That  is ,  V ^  i s th e expecte d average-adjuste d retur n (c.f . 
Equatio n 1 )  fo r  vanishingl y littl e tempora l  discounting . 
The theor y o f  thi s valu e functio n wa s introduce d b y 
Howar d (1960 )  an d ha s bee n discusse d i n th e Dynami c 
Programmin g literatur e (̂.̂. ,  Puterman ,  1990) . 

O ne ma y deriv e th e followin g recurrenc e relatio n fo r 

V^is) = ris,p(s))-p + E[V^{s')]. (7) 

Fro m thi s recurrenc e on e ma y mak e sens e o f  th e updat e 
rule s bot h fo r  R{s ,  a )  an d (b y rearrangin g terms )  fo r  p . 

Advantages of R-Leaming 

R-learning Maximizes Total Reward 

R-learning ,  unlik e Q-learning ,  i s designe d t o maximiz e 
undiscounte d cumulativ e rewar d an d (hence )  averag e re -
ward ,  whic h ar e th e principa l  tw o measure s use d b y Re -
inforcemen t  Learnin g researcher s i n graph s o f  learnin g 
performanc e {e.g. ,  Kaelbling ,  1990 ;  Li n 1991 ;  Mahade -
van ,  1991 ;  Sutton ,  1990) .  Additionally ,  th e fac t  tha t  R -
learnin g doe s no t  us e an y 7  rid s th e researche r  o f  th e nee d 
t o tun e tha t  paramete r  fo r  eac h ne w domai n encountered . 

Agents Now Pay a Price for Wasted Time 

We hav e argue d elsewher e (1993a )  tha t  i n domain s wher e 
reward s ar e sparse ,  th e phenomeno n o f  indifferenc e al -
low s littl e incentiv e fo r  a  Q-learne r  t o prefe r  productiv e 
action s t o time-wastin g one s .  R-learnin g overcome s thi s 
by imposin g a  pric e o n al l  actions :  namel y p .  Thi s ha s th e 
effect ,  fo r  example ,  tha t  R-value s o f  action s tha t  wast e 
tim e vi a auto-transitio n loo k wors e tha n thos e o f  action s 
tha t  actuall y achiev e ends ,  b y a  differenc e o f  p .  Thi s i s 
fitting;  th e perceive d har m o f  achievin g nothin g i s exactl y 
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th e fac t  tha t  you'v e los t  ou t  o n amortize d futur e rewards , 
whic h i s t o sa y o n th e averag e rewar d p .  R-learnin g turn s 
tim e int o a  commodit y whos e valu e i s a  functio n o f  th e 
agent' s policy ,  an d b y rewardin g th e agen t  o n th e basi s o f 
( r  -  p )  instea d o f  r ,  i t  automaticall y punishe s th e agen t 
fo r  it s use . 

No More Double Standard for Setting Reward 

Value s 

I n orde r  t o overcom e indifference ,  som e researcher s hav e 
propose d settin g u p domain s s o a s t o giv e result-fre e ac -
tion s a  negativ e reward ,  makin g a  rewar d o f  zer o a n in -
dicatio n o f  goo d progres s {e.g. ,  Barto ,  Sutto n &  Watkins , 
1989) .  W e n o w understan d thi s techniqu e a s a n attemp t 
t o d o b y han d tha t  whic h R-learnin g doe s dynamically ,  i n 
maintainin g p .  Th e manua l  versio n ha s th e disadvantage s 
of  (1 )  violatin g ou r  intuition s tha t  neutra l  immediat e out -
comes shoul d correspon d t o zer o rewards ,  (2 )  requirin g 
extr a wor k o f  th e researcher ,  an d (3 )  requirin g advance d 
knowledg e no t  onl y o f  th e domai n bu t  o f  th e optima l 
polic y i n tha t  domain .  (Th e firs t  sor t  o f  knowledg e i s 
undesirabl e t o presuppose ,  sinc e w e ma y wel l  wan t  ou r 
learner s t o explor e unknow n environments ;  th e secon d 
sor t  presuppose s th e solutio n t o th e whol e proble m Rein -
forcemen t  Learnin g i s ou t  t o solve ,  an d mus t  clearl y b e 
rule d out) .  R-learnin g eliminate s al l  o f  thes e problems , 
allowin g u s t o assum e th e consistent ,  intuitiv e standar d 
of  reservin g th e rewar d valu e zer o fo r  action s withou t  an y 
immediat e teleologica l  consequences . 

R-Values Change Linearly 

R-value s hav e th e followin g property :  durin g stretche s 
of  tim e whe n th e agen t  i s performin g th e optima l  actio n 
and receivin g th e sam e rewards ,  th e R-value s chang e lin -
early .  I n comparison ,  th e g a m ma presen t  i n Q-value s 
makes increase s an d decrease s i n thos e value s exponen -
tial ,  growin g i n magnitud e wit h tempora l  proximit y t o 
rewards . 

Linearit y i s especiall y desirabl e i n th e cas e wher e S 
i s a  metri c spac e an d th e optima l  actio n cause s unifor m 
movement  alon g som e dimensio n o f  5 .  I n thi s cas e th e 
R-value s var y linearl y ove r  th e space ,  permittin g th e us e 
of  simpl e an d accurat e linea r  interpolatio n t o spee d u p 
learnin g an d eve n allo w learnin g ove r  continuou s stat e 
spaces . 

R-Learning Eliminates Ramping 

Rampin g occur s whe n th e averag e rewar d pe r  step ,  a n 
unbiase d estimato r  o f  whic h i s effectivel y adde d t o a 
Q-valu e ever y tim e th e Q-valu e i s updated ,  differ s con -
sistentl y fro m zero .  Bu t  i n R-learning ,  th e analogou s 
quantit y whic h i s bein g adde d i s rjm m — P  which ,  give n 
th e definitio n o f  p ,  ha s a n expecte d valu e o f  zero . 

Anothe r  wa y t o vie w th e situatio n i s this .  Wherea s 
th e averag e R-valuatio n fo r  an y polic y i s zero ,  th e aver -
age Q-valuatio n tend s towar d - ^  fo r  larg e 7  (Derman , 

1970) .  Thi s granted ,  Q-value s ar e likel y t o diffe r  greatl y 
fro m zero ,  an d thei r  relativ e difference s wil l  b e hidde n 

durin g th e lon g proces s i n whic h thei r  value s migrate — 
at  varyin g speeds—fro m zero .  Since ,  o n th e contrary , 
R-value s cente r  aroun d zero ,  ther e i s n o proble m wit h 
ramping .  Experimenta l  result s supportin g thi s observa -
tio n ar e give n below . 

R-Learning is More Responsive to Domain 

C h a n g e s 

A consequenc e o f  rampin g i s tha t  whe n th e environmen t 
change s t o mak e som e previousl y suboptima l  actio n op -
timal ,  i t  ma y tak e th e correspondin g action-valu e a  lon g 
tim e t o approac h it s ne w value .  Thi s transitio n perio d i s 
lengthene d additionall y b y th e fac t  tha t  sinc e th e Q-valu e 
of  th e suboptima l  actio n remain s unchange d a t  it s norma l 
hig h value ,  i t  stil l  appear s optima l  and ,  hence ,  th e ne w 
actio n wil l  b e execute d onl y occasionally . 

R-learnin g avoid s thi s proble m i n tw o ways .  First , 
sinc e R-value s li e clos e t o zer o an d d o no t  ramp ,  th e 
likelihoodo f  a n enormou s differenc e betwee n th e action -
value s fo r  th e tw o action s i s extremel y small .  Bu t  also ,  i n 
attemptin g th e ne w actio n th e learne r  update s p ,  an d th e 
increas e i n p  wil l  mak e th e R-value s fo r  th e action s alon g 
th e previousl y optima l  polic y decrease .  Thi s speed s th e 
proces s b y whic h th e newl y optima l  action s loo k bette r 
tha n th e old . 

Q-Learning is a Special Case of R-learning 

W h en w e tak e an y domai n an d modif y th e stat e transi -
tion s t o incorporate ,  fro m ever y state ,  a  ( 1 — 7 )  probabilit y 
of  death—tha t  is ,  o f  transitio n t o a n absorbin g stat e fro m 
whic h n o furthe r  rewar d i s ga ined—w e find  tha t  th e re -
sultin g updat e rul e prescribe d b y R-learnin g i s identica l  t o 
tha t  o f  Q-learnin g o n th e unmodifie d domai n (Schwartz , 
1993b) .  Tha t  i s t o say ,  on e ma y incomporat e a  finite  life -
tim e assumptio n explicitl y  int o R-learning ,  an d th e resul t 
i s Q-learning .  I n thi s sense ,  Q-learnin g i s a  specia l  cas e 
of  R-learning . 

Psychological Foundations 

Whil e R-learnin g i s propose d her e a s a n engineerin g tech -
niqu e an d no t  a  psychologica l  model ,  ther e see m t o b e 
some connection s t o b e draw n t o psychologica l  phenom -
ena.  Th e huma n nervou s syste m ha s a  genera l  capac -
it y fo r  habituatin g t o ambien t  condition s s o a s t o mak e 
change s t o th e curren t  stat e perceptuall y salient .  Thi s ca -
pacity ,  th e subjec t  o f  th e field  o f  Adaptation-LevelTheor y 
(Helson ,  1964) ,  i s precisel y th e intuitio n a t  wor k behin d 
R-values .  R-value s ar e inherentl y relativ e t o th e leve l  o f 
performanc e (th e averag e rewar d p )  o f  th e ver y polic y 
the y induce ,  s o a s t o mak e smal l  gain s easil y distinguish -
abl e fro m smal l  losses ,  bu t  wit h th e effec t  o f  obscurin g 
difference s o f  magnitud e amon g policie s whic h ar e al l 
improvements .  Mor e specifically ,  th e concep t  o f  time -
average d reinforcement—compute d similarl y t o /> ,  a s a 
referenc e leve l  relativ e t o whic h subsequen t  reinforce -
ment s ar e judged—appear s i n th e psychologica l  literatur e 
(e.g. ,  Bevan ,  1963 )  i n orde r  t o explai n anima l  condition -
in g effects .  I t  woul d seem ,  then ,  tha t  th e ide a underlyin g 
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Figur e 2 :  A  simpl e domai n wit h temporall y distan t  re -
ward s ( a 50-stat e versio n o f  Sutton' s (1984 )  "easy "  envi -
ronment) . 
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Figur e 3 :  Performanc e o f  R-Learnin g versu s Q-learnin g 
(norma l  rewards ) 
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Figur e 4 :  Performanc e o f  R-Learnin g versu s Q-learnin g 
(al l  reward s increase d b y 100 ) 
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Figure 5: A domain with two cycles, used to demonstrate 
th e effect s o f  ramping .  Actio n choic e i s irrelevan t  excep t 
i n stat e 0 . 

R-leaming ,  it s computationa l  benefit s aside ,  i s a  psycho -
logicall y plausibl e one . 

Experimental Results 

An initia l  experimen t  compare d Q-learnin g an d R -
leamin g i n th e simpl e domai n picture d i n Figur e 2  wit h 
th e additiona l  stochasti c elemen t  tha t  a  rando m variabl e 
(- 1 o r  1  wit h equa l  probability )  i s adde d t o al l  reinforce -
ments .  Figur e 3  show s th e results .  Th e i-axi s measure s 
number  o f  action s performed ,  whil e th e y-axi s measure s 
averag e rewar d pe r  1000-actio n interval .  (Th e result s 
ar e average d ove r  5 0 trials. )  Thi s i s usin g rando m ex -
ploratio n wit h fixed  probabilit y  0.0 5 o f  a  rando m actio n 
at  an y tim e step—no t  eve n an y metho d tha t  pay s atten -
tio n t o th e siz e o f  th e differenc e betwee n optima l  an d 
non-optima l  actio n value s (fo r  whic h indifferenc e woul d 
caus e additiona l  problems) . 

Figur e 4  show s a  compariso n o f  Q-learnin g an d R -
learnin g i n th e sam e domai n wit h al l  reward s increase d 
uniforml y b y 100 .  Notic e th e perio d o f  adaptatio n i n 
whic h R-learnin g stall s  whil e it s estimate d p  climb s fro m 
an initia l  valu e o f  zer o u p t o th e prope r  valu e o f  101 . 

Bot h run s us e 7  =  0.9 ,  l 3 =  0.2 ,  a  =  0.01 .  Becaus e 
of  th e exploratio n strategy ,  a n optima l  polic y wil l  hav e 
an averag e rewar d o f  0.95 .  Not e tha t  th e fixed  ( 3 i s 
responsibl e fo r  th e fac t  tha t  th e Q-value s neve r  converg e 
t o value s tha t  prescrib e th e optima l  policy . 

A secon d experiment ,  showin g th e benefit s o f  elimi -
natin g th e rampin g phenomenon ,  use s th e domai n show n 
i n Figur e 5 .  Figur e 6  show s th e averag e reward s o f  th e 
tw o method s ove r  time ,  average d ove r  10 0 runs .  Her e 
R-leamin g show s approximatel y a  seven-fol d speedu p 
ove r  Q-learning .  Th e reaso n fo r  th e poo r  performanc e b y 

Q-learnin g i s tha t  th e shorte r  cycl e allow s fo r  faste r  ramp -
ing ,  s o eve n thoug h i t  give s les s per-ste p payof f  tha n th e 
longe r  cycle ,  it' s Q-value s converg e mor e quickl y tha n 
th e longe r  one's ,  makin g i t  loo k mor e favorabl e durin g 
th e lon g proces s o f  convergence . 

These experiments use the same parameters as the pre-
viou s ones ,  excep t  tha t  her e 7  i s increase d t o 0.9 9 i n 
orde r  tha t  Q-learnin g ma y lear n th e polic y whic h maxi -
mize s averag e rewar d a t  all .  Fo r  large r  7 ,  th e effec t  i s 
eve n mor e dramatic :  W h e n 7  =  0.99 9 instea d o f  0.99 , 
th e speedu p b y R-Learnin g i s ove r  forty-fold . 

R-learning has also been tested in a domain that sim-
ulate s a  fetch-an d retriev e tas k fo r  a  simplifie d robot . 
The initia l  results ,  to o recen t  t o presen t  here ,  see m ver y 
promising . 
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Figur e 6 :  C o m p a r i s o n o f  learnin g m e c h a n i s m s o n a  do -
ma i n wit h t w o cycles .  Performanc e o f  Q-learnin g i s poo r 
compare d t o R-learnin g becaus e o f  ramping . 
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Conc lus io n 

We hav e presente d R-Learning ,  a  ne w Reinforcemen t 
Learnin g techniqu e fo r  maximizin g total ,  rathe r  tha n 
future-discounted ,  reward .  Th e ke y shif t  makin g thi s 
possibl e wa s th e introductio n o f  a  subjectiv e evaluato r  t o 
replac e Q{s ,  a)—subjectiv e i n th e sens e tha t  i t  measure s 
th e meri t  o f  state s an d action s relativ e t o th e long-ter m 
performanc e o f  th e curren t  policy .  Q-learnin g evaluate s 
stat e an d actio n meri t  b y th e sam e measur e wit h whic h 
i t  judge s polic y optimality ,  viz. ,  discounte d return .  W e 
introduc e averag e rewar d a s a n alternativ e (and ,  w e ar -
gue,  preferable )  measur e o f  performance ,  bu t  th e resul t 
i s  ironic :  th e analogou s Q-styl e method ,  whic h let s it s 

Q-value s represen t  p , '  instea d o f  V7'''' '  (s) ,  woul d b e 
a disma l  failure ;  al l  it s Q-value s woul d b e th e same !  S o 
instead ,  w e loo k t o anothe r  measure ,  whic h measure s jus t 
what  Q-value s d o (fo r  larg e 7) ,  bu t  wit h th e contributio n 
of  p  explicitl y  take n out .  Thi s valu e represent s no t  th e 
long-ter m rat e o f  reinforcement ,  bu t  th e smal l  constan t 
gain s tha t  ca n b e achieve d b y startin g i n on e stat e rathe r 
tha n other ,  o r  startin g wit h on e actio n rathe r  tha n another . 
Thes e purel y loca l  measure s ar e th e ke y t o evaluatin g 
whic h state s an d action s ar e best ,  an d henc e t o improvin g 
th e globa l  performanc e o f  th e policy . 

Thus R-learnin g accomplishe s th e tas k o f  globall y 
maximizin g averag e rewar d b y makin g polic y improve -
ment s tha t  achiev e smal l  loca l  gains .  Ever y tim e suc h 
a gai n occurs ,  averag e reward s ar e improved ,  an d th e 
subjectiv e evaluato r  change s i n response ,  makin g ne w 
improvement s visible .  W h e n ther e ar e n o mor e gain s vis -
ible ,  a n optima l  polic y ha s bee n achieved .  Th e metho d 
offer s quicke r  convergenc e i n man y case s tha n existin g 
techniques ,  an d i s th e firs t  techniqu e t o us e a n undis -
counte d optimalit y criterion . 

Unlik e th e discounte d methods ,  whos e mathemat -
ic s hav e bee n extensivel y explore d (e.g. ,  Watkin s & 
Dayan ,  1992) ,  th e convergenc e o f  R-learnin g ha s no t  bee n 
proven .  Bu t  relate d technique s suc h a s undiscounte d Pol -
ic y Improvemen t  (Howard ,  1960 )  ar e wel l  understood , 
and wor k towar d a  convergenc e proo f  i s  currentl y under -
way (Schwartz ,  1993b) . 

R-learnin g i s simpl e an d intuitive ,  bu t  i t  i s  no t  th e onl y 
optio n fo r  creatin g a  Q-styl e techniqu e fo r  maximizin g 
undiscounte d rewards .  Rather ,  i t  i s on e o f  a  clas s o f 
method s whic h dra w o n th e intuitio n o f  sensitivit y  t o loca l 
change ,  an d th e mathematic s o f  undiscounte d optimality . 
Othe r  possibl e approache s ar e discusse d i n (Schwartz , 
1993b) . 
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