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I n t r o d u c t i o n 

Reinforcemen t  learnin g (RL )  ha s been  successfull y ap -
plie d t o a  variet y o f  domains ,  an d ha s recentl y bee n 
attempte d o n situate d agent s suc h a s mobil e robots . 
Whil e simulatio n result s ar e encouraging ,  wor k o n phys -
ica l  robot s ha s bee n slo w t o repeate d tha t  success .  Th e 

key challenge s o f  situate d domain s include :  1 )  modelin g 
a combinatio n o f  discret e an d continuou s stat e space s 
base d o n multimoda l  perceptua l  inputs ;  2 )  modelin g 

real-worl d event s tha t  m a y neithe r  b e cause d directl y 
by th e agent s no r  perceive d b y it ,  bu t  subsequentl y af -
fec t  it s  behavior ;  3 )  th e numbe r  o f  learnin g trial s rea -
sonabl y availabl e t o a n agen t  an d th e non-unifor m ex -
ploratio n o f  th e learnin g spac e mandate d b y th e agent' s 
externa l  environment ;  4 )  dealin g wit h multipl e concur -
ren t  an d sequentia l  goals ;  5 )  modelin g a  combinatio n o f 
discret e an d continuous ,  immediat e an d delayed ,  multi -

modal  feedbac k tha t  m a y b e availabl e t o th e agent . 

Designing Reward Functions 

Rathe r  than  encod e knowledg e explicitly ,  R L method s 
hid e i t  i n th e reinforcemen t  functio n whic h ofte n employ s 
some a d ho c embeddin g o f  th e domai n semantics .  On e 
mor e direc t  wa y t o utiliz e implici t  domai n knowledg e i s 
t o conver t  rewar d function s int o erro r  signals ,  aki n t o 
thos e use d i n learnin g control .  Immediat e reinforcemen t 
i n R L i s a  wea k versio n o f  erro r  signals ,  usin g onl y th e 
sig n o f  th e erro r  bu t  no t  th e magnitude .  Intermitten t 
reinforcemen t  ca n b e use d similarly ,  b y weightin g th e 
rewar d accordin g t o th e accomplishe d progress . 

We sugges t  tha t  suc h reinforcemen t  ca n b e introduce d 
1)  b y reinforcin g multipl e goals ,  an d 2 )  b y usin g progres s 

estimators .  Sinc e situate d agent s hav e multipl e goals , 
i t  i s  straightforwar d t o reinforc e eac h on e individually , 
wit h a  heterogeneou s reinforcemen t  function ,  rathe r  than 
t o attemp t  t o collaps e the m int o a  monolithi c goa l  func -
tion .  However ,  multipl e goal s ar e no t  sufficien t  fo r  speed -
in g u p situate d learnin g i f  eac h o f  the m involve s a  com -
ple x sequenc e o f  actions .  Suc h time-delaye d goal s ar e 
aide d b y progres s metric s alon g th e way ,  i n additio n t o 
reinforcemen t  upo n achievement .  W e propos e progres s 
estimators ,  function s whic h provid e positiv e o r  negativ e 
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Figur e 1 :  R 2 robot s use d t o lear n foraging . 

reinforcemen t  base d o n immediat e measurabl e progres s 
relativ e t o specifi c  goals .  Thes e "partia l  interna l  crit -
ics "  serv e a  numbe r  o f  importan t  function s i n nois y 
worlds :  the y decreas e th e learner' s sensitivit y t o inter -
mitten t  errors ,  the y encourag e exploratio n an d minimiz e 

thrashing ,  an d the y decreas e th e probabilit y o f  fortu -
itou s reward s fo r  inappropriat e behavio r  tha t  happened , 
by chance ,  t o achiev e th e desire d goal .  Fo r  a  detaile d 
discussio n pleas e se e Matari c  (1994) . 

m 

Figur e 2 :  Genghis-I I  six-legge d robot s use d t o lear n box -
pushing . 

E x p e r i m e n t a l  D e s i g n 

Bot h o f  ou r  learnin g experiment s wer e conducte d o n full y 
autonomou s mobil e robot s on-boar d power ,  sensing ,  an d 
computation .  Th e firs t  se t  o f  experiment s wa s don e 
wit h 4  I S Robotic s R 2 robot s equippe d wit h b u m p an d 
infra-re d sensor s fo r  detectin g collision s an d contacts , 
radi o transceiver s fo r  positioning ,  communication ,  an d 
dat a gathering ,  an d situate d o n a  differentiall y  steerabl e 
wheele d bas e equippe d wit h a  grippe r  (Figur e 1) .  Th e 
secon d se t  o f  experiment s wa s don e o n 2  I S Robotic s 
Genghi s I I  robots ,  equippe d wit h tw o whiske r  contac t 
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sensors ,  a n arra y o f  5  pyro-electri c senso r  fo r  detectin g 
th e locatio n o f  th e goa l  (th e light) ,  an d usin g six-legge d 

alternatin g tripo d gat e fo r  propulsio n (Figur e 2) .  Al l  o f 
th e robot s wer e programme d i n th e Behavio r  Languag e 
and wer e controlle d b y collection s o f  parallel ,  concur -

rentl y activ e behavior s tha t  gathe r  sensor y information , 
driv e eifectors ,  monito r  progress ,  an d contribut e rein -

forcement . 

The Learning Tasks 

The firs t  learnin g tas k consiste d o f  findin g a  mappin g 
betwee n condition s an d behavior s int o a n efficien t  polic y 
fo r  grou p foraging .  Foragin g wa s chose n becaus e i t  i s  a 

nontrivia l  an d biologicall y inspire d task ,  an d becaus e ou r 
previou s grou p behavio r  wor k (Matari c 1992 )  provide d 
th e basi s behavio r  repertoir e fro m whic h t o lear n behav -
io r  selection ,  consistin g o f  avoiding ,  dispersing ,  search -
ing ,  homing ,  an d resting .  Utilit y  behavior s fo r  grasp -
in g an d droppin g wer e hard-wire d a s wer e thei r  condi -
tions .  B y considerin g onl y th e spac e o f  condition s nec -
essar y an d sufficien t  fo r  triggerin g th e abov e behaviors , 
th e agents '  learnin g spac e wa s reduce d t o th e powe r  se t 
of  th e followin g stat e variables :  have-puck? ,  at-home? , 
near-intruder? ,  an d night-time? .  Th e reduce d foragin g 
tas k should ,  i n theory ,  b e easil y learnable .  I n practice , 
however ,  quic k an d unifor m exploratio n i s no t  possibl e 
i n th e nois y multi-agen t  domain . 

The secon d learnin g tas k consiste d o f  finding  a  polic y 
fo r  eac h o f  th e robot s t o cooperativel y pus h a  lon g bo x 
t o th e goal .  Unlik e th e foragin g task ,  box-pushin g re -
quire d carefu l  coordinatio n betwee n th e agents ,  i n tur n 
requirin g eithe r  accurat e sensing ,  o r  communication ,  o r 
both .  Th e tas k i s designe d s o tha t  a  single-agen t  so -
lution ,  du e t o th e siz e an d shap e o f  th e box ,  i s muc h 
les s efficien t  tha n a n effectiv e two-agen t  solution ,  but 
th e two-agen t  solutio n require s intricat e cooperatio n o r 
th e bo x i s pushe d i n th e wron g directio n o r  ou t  o f  reac h 
of  on e o f  th e robots .  Th e tas k wa s decompose d int o 
basi c behaviors :  pushing ,  pausing ,  turning .  Th e tas k 
require d tha t  eac h agen t  lear n no t  onl y it s ow n strat -
egy fo r  keepin g th e bo x withi n reac h an d movin g towar d 
th e goal ,  bu t  als o th e righ t  behavior s i n respons e t o th e 
othe r  agent ,  a s sense d throug h th e stat e o f  th e bo x an d 
as communicate d betwee n th e agents .  Th e detail s o f  th e 
experiment s an d th e dat a ar e describe d i n Simsaria n k 
Matari c  (1995) . 

Learning Results 

The reinforcemen t  learnin g algorithm s w e use d s u m m e d 
al l  o f  th e multimoda l  reinforcemen t  ove r  time .  Behav -
ior s wer e switche d base d o n externa l  events ,  a s wel l  a s 
input s fro m interna l  progres s estimators .  Reinforcemen t 
was base d o n a  collectio n o f  interna l  function s tha t  mon -
itore d externa l  event s an d interna l  progres s estimators . 
Learnin g wa s continuou s an d incrementa l  ove r  th e life -
tim e o f  th e agent . 

Figur e 3 :  Th e performanc e o f  th e thre e reinforcemen t 
strategie s o n learnin g t o forage .  Th e x-axi s show s th e 
thre e reinforcemen t  strategies .  Th e y-axi s map s th e per -
cen t  o f  th e correc t  polic y th e agent s learned ,  average d 
ove r  twent y trials . 

Bot h learnin g experiment s wer e evaluate d first  b y 

comparin g th e syste m performanc e t o th e contro l  hard -
wire d behavio r  fo r  foragin g an d fo r  box-pushing .  Second , 
th e foragin g learnin g performanc e wa s als o compare d t o 
tw o alternativ e approaches ,  on e usin g onl y multimoda l 
reinforcemen t  but  n o progres s estimators ,  an d th e othe r 
usin g traditiona l  Q-learnin g wit h positiv e reinforcemen t 
when a  puc k wa s droppe d i n th e h o m e regio n (Figur e 3) . 

Summary 
Th e goa l  o f  thi s wor k ha s bee n t o brin g t o ligh t  som e o f 
th e important  propertie s o f  situate d domains ,  an d thei r 
impac t  o n th e existin g reinforcemen t  learnin g strategies . 
We hav e argue d tha t  th e nois y an d inconsisten t  proper -
tie s o f  comple x world s requir e th e us e o f  domai n knowl -
edge .  W e propose d a  principle d approac h t o embeddin g 
suc h knowledg e int o th e reinforcemen t  base d o n uti -
lizin g heterogeneou s rewar d function s an d goal-specifi c 
progres s estimators .  W e believ e tha t  thes e strategie s 
tak e advantag e o f  th e informatio n readil y availabl e t o 
situate d agents ,  mak e learnin g possibl e i n comple x dy -
nami c worlds ,  an d accelerat e i t  i n an y domain . 
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