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Abstrac t 

Social agents, both human and computational, inhabiting a 
worl d containin g multipl e activ e agents ,  nee d t o coordinat e 
thei r  activities .  Thi s i s becaus e agent s shar e resources ,  an d 
withou t  prope r  coordinatio n o r  "rule s o f  th e road" ,  everybod y 
wil l  b e interferin g wit h th e plan s o f  others .  A s such ,  w e nee d 
coordinatio n scheme s tha t  allo w agent s t o effectivel y achiev e 
loca l  goal s withou t  adversel y affectin g th e problem-solvin g ca -
pabilitie s o f  othe r  agents .  Researcher s i n th e field  o f  Distribute d 
Artificia l  Intelligenc e (DAI )  hav e develope d a  variet y o f  co -
ordinatio n scheme s unde r  differen t  assumption s abou t  agen t 
capabilitie s an d relationships .  Wherea s som e o f  thes e researc h 
hav e bee n motivate d b y huma n cognitiv e biases ,  other s hav e 
approache d i t  a s a n engineerin g proble m o f  designin g th e mos t 
effectiv e coordinatio n architectur e o r  protocol .  W e propos e 
reinforcemen t  learnin g a s a  coordinatio n mechanis m tha t  im -
pose s littl e cognitiv e burde n o n agents .  Mor e interestingly ,  w e 
sho w tha t  a  unifor m learnin g mechanis m suffice s a s a  coordina -
tio n mechanis m i n bot h cooperativ e an d adversaria l  situations . 
Usin g a n exampl e block-pushin g proble m domain ,  w e demon -
strat e tha t  agent s ca n us e reinforcemen t  learnin g algorithms , 
withou t  explici t  informatio n sharing ,  t o develo p effectiv e poli -
cie s t o coordinat e theu -  action s bot h wit h agent s actin g i n uniso n 
and wit h agent s actin g i n opposition . 

Introduction 

One of the primary goals of artificial intelligence researchers is 
t o develo p autonomou s agent s tha t  ar e knowledgabl e an d cog -
nizan t  enoug h t o carr y ou t  a t  leas t  routin e activitie s performe d 
by humans .  T o b e usefu l  i n a  real-world ,  however ,  agent s 
must  als o inhabi t  a  share d environment ,  an d henc e mus t  in -
terac t  wit h othe r  agent s i n th e cours e o f  thei r  problem-solvin g 
activities .  Agen t  interaction s m a y b e mutuall y beneficia l  o r 
harmful .  Beneficia l  interaction s occu r  whe n tw o o r  mor e 
agent s ca n combin e thei r  resource s an d expertis e t o achiev e 
goal s non e o f  the m wa s individuall y capaJjl e o f  achieving . 
Harmfu l  interaction s occu r  w h e n th e direc t  o r  indirec t  side -
effec t  o f  a  goa l  achievemen t  o r  actio n o f  on e agen t  make s 
i t  impossibl e o r  mor e difficul t  fo r  on e mor e othe r  agent s t o 
achiev e thei r  o w n goals . 

A numbe r  o f  coordinatio n scheme s hav e bee n propose d i n 
D AI  literature ,  usin g whic h multipl e agent s ca n identif y an d 
exploi t  opportunitie s fo r  beneficia l  interactions ,  an d eliminat e 
or  restric t  harmfu l  interactions .  S o m e o f  thes e approache s 
hav e bee n motivate d b y th e w a y human s argue ,  negotiate , 
or  influenc e other s throug h speec h an d actio n (Malone ,  1987 ; 
Cohen &  Perrault ,  1979 ;  Sycara-Cyranski ,  1985) .  A  larg e ma -
jorit y o f  D A I  approache s t o designin g coordinatio n schemes . 

however ,  hav e focusse d o n developin g artificia l  structure s 
(protocols ,  architectures ,  conventions ,  etc. )  fo r  efficien t  prob -
le m solvin g withou t  consideratio n o f  h u m a n cognitiv e con -
straint s (Bon d &  Gasser ,  1988) .  A  limitatio n o f  th e propose d 
approache s i s th e fac t  tha t  the y depen d criticall y o n th e re -
lationshi p betwee n participatin g agents .  I n particular ,  thes e 
coordinatio n scheme s rel y heavil y o n informatio n sharin g o r 
exchang e betwee n agents ,  th e natur e o f  whic h i s largel y de -
penden t  o n whethe r  agent s ar e mutuall y cooperativ e o r  adver -
sarial . 

Our  propose d approac h t o coordinatio n involve s simulta -
neou s learnin g b y multipl e agent s workin g o n mutuall y in -
teractin g problems .  T h e particula r  learnin g schem e tha t  w e 
hav e use d i s k n o w n a s reinforcemen t  learning ,  wher e agent s 
ar e require d t o develo p policie s t o m a p sensation s t o ac -
tion s tha t  optimiz e environmenta l  reward .  I n contras t  wit h 
othe r  wor k o n multi-agen t  learnin g (Tan ,  1993 ;  Weiss ,  1993) , 
we d o no t  requir e tha t  agent s exchang e o r  shar e informatio n 
wit h others .  I n additio n t o demonstratin g tha t  effectiv e co -
ordinatio n knowledg e ca n b e induce d withou t  explici t  o r  im -
plici t  information-sharing ,  ou r  wor k provide s a  coordinatio n 
schem e tha t  bot h cooperativ e an d adversaria l  agent s ca n us e 
withou t  modification .  Th e advantag e o f  suc h robus t  coordina -
tio n schem e i s tha t  agent s d o no t  hav e t o rel y o n assumption s 
abou t  othe r  agent s (ca n I  believ e th e othe r  agents? )  o r  abou t 
share d informatio n (ha s th e informatio n bee n corrupted ? i s i t 
out-of-date?) . 

I n thi s pape r  w e us e a  bloc k pushin g domai n t o illustrat e 
reinforcemen t  learnin g i n bot h adversar y an d non-adversar y 
problem s (Nilsson ,  1971) .  Th e bloc k pushin g problem s ar e 
well-define d (Reitman ,  1965 )  i n tha t  th e proble m component s 
(startin g state ,  goa l  state ,  availabl e actions )  ar e completel y 
specified .  Thi s domai n is ,  however ,  semanticall y impover -
ishe d rathe r  tha n bein g semanticall y ric h (Bhaska r  &  Simon , 
1977 )  (wher e agent s posses s an d us e dee p domai n knowl -
edge) .  Thi s i s becaus e th e focu s o f  ou r  researc h i s mor e o n 
acquisitio n o f  coordinatio n knowledg e an d les s o n effectiv e 
us e o f  prio r  knowledge . 

Reinforcement learning 

In reinforcement learning problems (Barto, Sutton, & 
Watkins ,  1989 ;  Holland ,  1986 ;  Sutton ,  1984 ;  Whitehea d & 
Ballard ,  1990) ,  reactiv e an d ad^tiv e agent s ar e give n a  de -
scriptio n o f  th e curren t  stat e an d hav e t o choos e th e nex t 
actio n fro m a  se t  o f  possibl e action s s o a s t o maximiz e a 
scala r  reinforcemen t  o r  feedbac k receive d afte r  eac h action . 
Th e learner' s environmen t  ca n b e modele d b y a  discret e time . 
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Figure 1: The block pushing problem, reward function, and the X/Motif interface for experimentation. 

finite  state ,  Marko v decisio n proces s tha t  ca n b e represente d 
by a  4-tupl e (5 ,  A,P,r )  wher e P : 5 x 5 x > 1 h h . [ 0 ,  1 ]  give s 
th e probabilit y  o f  movin g from  stat e s \  t o S 2 o n performin g 
actio n a ,  an d r  :  5  x  >11- -  Sf t  i s  a  scala r  rewar d function .  Eac h 
agent  maintain s a  policy ,  tt ,  tha t  map s th e curren t  stat e int o th e 
desirabl e action(s )  t o b e performe d i n tha t  state .  Th e expecte d 
valu e o f  a  discounte d su m o f  futur e reward s o f  a  polic y t t  a t  a 

stat e X  i s give n b y l̂ , '  =  SJI^tl o T*'"",*} -  wher e r j  <  i s th e 
rando m variabl e correspondin g t o th e rewar d receive d b y th e 
learnin g agen t  i  tim e step s afte r  i f  start s usin g th e polic y t t  i n 
stat e s ,  an d 7  i s a  discoun t  rat e ( 0 <  7  <  1) . 

Variou s reinforcemen t  learnin g strategie s hav e bee n pro -
pose d usin g whic h agent s ca n develo p a  polic y t o maximiz e 
reward s accumulate d ove r  time .  Fo r  ou r  experiments ,  w e 
use th e Q-leamin g (Watkins ,  1989 )  algorith m whic h i s de -
signe d t o find  a  polic y tt *  tha t  maximize s V ^  (s )  fo r  al l  state s 
s 6  S .  Th e decisio n polic y i s represente d b y a  function , 
Q :  5  X  v 4 1- + Sft ,  whic h estimate s long-ter m discounte d re -
ward s fo r  eac h state-actio n pair .  Th e Q  value s ar e define d a s 
(5'(s ,  a )  — V^'^^s) ,  wher e a ;  t t  denote s th e even t  sequenc e 
of  choosin g actio n a  a t  th e curren t  state ,  followe d b y choosin g 
action s base d o n polic y ir .  Th e action ,  a ,  t o perfor m i n a  stat e 

s i s chose n suc h tha t  i t  i s  expecte d t o maximiz e th e reward , 

V^' (s) = maxQ'' (s, a) for all .s e S. 

If an action a in state s produces a reinforcement of R and 
a transitio n t o stat e s' ,  the n th e correspondin g Q  valu e i s 
modifie d a s follows : 

Q{s,a )  ̂  { I  - 0 )  Q(s,a )  +  a  ( R +  j  me^xQis',a')) .  (1 ) 
a'e A 

The abov e updat e rul e i s simila r  t o Holland' s bucket-brigad e 
(Holland ,  1986 )  an d Sutton' s temporal-differenc e (Sutton , 
1984 )  learnin g scheme . 

Block pushing problem 

To explor e th e ̂plicatio n o f  reinforcemen t  learnin g i n multi -
agen t  environments ,  w e designe d a  proble m i n whic h tw o 
agents ,  a  1  an d 02 ,  ar e independentl y assigne d t o mov e a  block , 
6,  from a  startin g position ,  S ,  t o som e goa l  position ,  (7 ,  follow -
in g a  path ,  P ,  i n Euclidea n space .  Th e agent s ar e no t  awar e 
of  th e capabilitie s o f  eac h othe r  (actuall y ma y no t  eve n b e 
awar e o f  th e presenc e o f  th e othe r  agent )  an d ye t  mus t  choos e 
thei r  action s individuall y suc h tha t  th e join t  tas k i s completed . 

Agent s a i  an d 0 2 individuall y exer t  force s F i  jui d F 2 respec -
tivel y o n th e object ,  an d th e combinatio n o f  thes e force s move s 
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th e object .  Th e agent s ar e assume d t o b e alway s i n contac t 
wit h th e block .  Th e agent s hav e n o knowledg e o f  th e syste m 
physics ,  bu t  ca n perceiv e thei r  curren t  distanc e fro m th e de -
sire d pat h t o tak e t o th e goa l  state .  Thei r  action s ar e restricte d 

as follows ;  agen t  j  exert s a  forc e /\ ,  wher e 0  <  |F, |  <  Fmax < 
on th e objec t  a t  a n angl e 0, .  wher e 0  <  6  <  tt .  Th e ne t 
resultan t  forc e o n th e bloc k i s foun d b y vecto r  additio n o f 

individua l  forces :  F  =  F i  +  F^ .  Th e physica l  worl d i s as -
sumed t o b e continuous ,  an d w e calculat e th e ne w positio n o f 
th e bloc k b y assumin g uni t  displacemen t  pe r  uni t  forc e alon g 
th e directio n o f  th e resultan t  force .  Th e ne w bloc k locatio n 
i s use d t o provide/eedfeaci t  t o th e agent .  I f  (r ,  y )  i s  th e ne w 
bloc k location ,  Pri(y )  i s th e x-coordinat e o f  th e desire d pat h 
P fo r  agen t  i  fo r  th e sam e y  coordinate .  A x =  \ x -  Pe,(j/) |  i s 
th e distanc e alon g th e x  dimensio n betwee n th e bloc k an d th e 
desire d pat h fo r  agen t  t ,  the n K  * a ~ ^ ' '  i s th e feedbac k give n 
t o agen t  i  fo r  it s las t  action .  I n th e rewar d functio n (se e Fig -
ur e 1 )  A '  i s a  multiplicativ e constan t  (w e hav e use d K  =  50) , 
and a  >  1  (w e hav e use d a  =  1.15) .  Thi s feedbac k functio n 
was chose n t o transfor m th e actua l  minimizatio n proble m int o 
a maximizatio n proble m suitabl e fo r  Q-leaming . 

The field  o f  pla y i s restricte d t o a  rectangl e wit h endpoint s 
[0,0 ]  an d [100,100] .  A  tria l  consist s o f  th e agent s startin g 
fro m th e initia l  positio n S  an d applyin g force s unti l  eithe r  th e 
goa l  positio n G  i s reache d o r  th e bloc k leave s th e field  o f  play . 
Th e agent s ar e require d t o learn ,  throug h repeate d trials ,  t o 
pus h th e bloc k alon g th e desire d pat h t o th e goal .  Althoug h 
we hav e use d onl y tw o agent s i n ou r  experiments ,  th e solutio n 
methodolog y ca n b e applie d withou t  modificatio n t o problem s 
wit h arbitrar y numbe r  o f  agents .  Th e proble m require s th e so -
lutio n o f  multipl e K-arme d bandi t  problem s (Holland ,  1975) , 
wher e eac h o f  th e problem s correspon d t o choosin g on e o f  th e 
K possibl e action s a t  a  stat e wit h m a x i m u m expecte d feed -
back .  Actuall y th e proble m i s harde r  becaus e th e underlyin g 
probabilit y  distribution s fo r  actio n feedback s ar e no t  know n a 
prior i  (w e d o no t  k n o w th e mean s an d standar d deviation s fo r 
th e feedbacks )  an d ar e determine d b y th e evolvin g policie s 
of  bot h agents ,  an d hence ,  ar e dynamicall y changin g (rathe r 
tha n bein g static ,  a s usuall y assume d i n th e K-arme d bandi t 
problem) .  Figur e 1  present s a  simpl e pictoria l  representatio n 
of  th e proble m w e hav e describe d above . 

Experimental setup 

We n o w describ e som e desig n consideration s fo r  implement -
in g th e Q-leamin g procedur e fo r  ou r  experiments .  T o imple -
ment  th e polic y i r  w e chos e t o us e a n interna l  discret e represen -
tatio n fo r  th e externa l  continuou s space .  Th e force ,  angle ,  an d 
th e spac e dimension s wer e al l  uniforml y discretized .  W h e n a 
particula r  discret e forc e o r  actio n i s selecte d b y th e agent ,  th e 
middl e valu e o f  th e associate d continuou s rang e i s use d a s th e 
actua l  forc e o r  angl e tha t  i s applie d o n th e block . 

An experimenta l  ru n consist s o f  a  numbe r  o f  trial s dur -
in g whic h th e syste m parameter s (/3 ,  7 ,  an d K )  a s wel l  a s 
th e learnin g proble m (discretizations ,  agen t  choices )  i s hel d 
constant .  Th e stoppin g criteri a fo r  a  ru n i s tha t  an y on e o f 
th e followin g thre e condition s i s satisfied :  th e agent s succee d 
i n pushin g th e bloc k t o th e goa l  i n A ^  consecutiv e trial s (w e 
hav e use d T V =  10) ,  differenc e betwee n agen t  polic y matrice s 
on successiv e trial s i s les s tha n e  fo r  A ^  successiv e trials ,  a 
m a x i m u m numbe r  o f  trial s (w e hav e use d 1500 )  hav e bee n 

executed . 

Th e norma l  procedur e i n Q-leamin g literatur e i s  t o initializ e 
Q value s t o b e zero .  Thi s i s suitabl e fo r  mos t  task s wher e non -
zer o feedbac k i s infrequen t  (ofte n a t  th e en d o f  a  trial )  an d 
henc e ther e i s enoug h opportunit y t o explor e al l  th e actions . 
Becaus e a  non-zer o feedbac k i s receive d afte r  ever y actio n i n 
our  problem ,  w e foun d tha t  agent s woul d follow ,  fo r  a n entir e 
m n,  th e pat h the y tak e i n th e first  trial .  Thi s i s becaus e the y 
star t  eac h tria l  a t  th e sam e state ,  an d th e onl y non-zer o Q -
valu e fo r  tha t  stat e i s fo r  th e actio n tha t  wa s chose n a t  th e star t 
trial .  Simila r  reasonin g hold s fo r  al l  th e othe r  action s chose n 
i n th e trial .  A  possibl e fix  i s t o choos e a  fractio n o f  th e action s 
by rando m choice ,  o r  t o us e a  probabilit y  distributio n ove r 
th e Q-value s t o choos e action s stochastically .  Thes e options , 
however ,  lea d t o ver y slo w convergence .  Instead ,  w e chos e 
t o initializ e th e Q-value s t o a  larg e positiv e numbe r  (large r 
tha n an y Q-valu e tha t  ca n b e achieve d b y th e regula r  updat e 
procedures) . 

The followin g analysi s help s i n th e choic e o f  a  sufficientl y 
larg e initia l  Q-valu e suc h tha t  complet e exploratio n o f  avail -
abl e actio n option s tak e place .  W e wil l  calculat e th e steady -
stat e Q-value s fo r  th e bes t  actio n choices .  Fo r  this ,  w e us e 
Equatio n 1 ,  an d th e fac t  tha t  i f  th e agent s lear n t o pus h th e 
bloc k alon g th e desire d path ,  th e rewar d tha t  the y wil l  receiv e 
fo r  th e bes t  actio n choice s a t  eac h ste p i s equa l  t o th e maxi -
m um possibl e valu e o f  K  (sinc e A i  i s  zer o i f  th e actua l  an d 
th e desire d path s ar e th e same) .  Th e steady-stat e value s fo r 
th e Q-value s (Q„)correspondin g t o optima l  actio n choice s 
ca n b e calculate d fro m th e equation : 

Q,,=il-l3)Qss+(3{K + 'rQ„). 

Solving for Q,, in this equation yields a value of -j^. In 

orde r  fo r  th e agent s t o explor e al l  action s afte r  th e Q-value s 
ar e initialize d a t  5/ ,  w e requir e tha t  an y ne w Q  valu e b e les s 
tha n S j .  Fro m simila r  consideration s a s abov e w e ca n sho w 
tha t  thi s wil l  b e th e cas e i f  5 /  >  j ^ .  I n ou r  experiment s w e 

fix  th e m a x i m u m rewar d K  a t  50,5 /  a t  100 ,  an d 7  a t  0.1 .  Fo r 
th e experiment s i n thi s p^wr ,  unles s otherwis e mentioned ,  w e 
hav e use d / ? =  0.2 ,  an d allowe d eac h agen t  t o var y bot h th e 
magnitud e an d angl e o f  th e forc e the y appl y o n th e block . 

Th e averag e numbe r  o f  trial s  t o convergenc e a s th e primar y 
metri c fo r  evaluatin g th e performanc e o f  th e system .  Thi s 
valu e doe s not ,  however ,  provid e an y informatio n abou t  ho w 
agent s improv e thei r  coordinatio n knowledg e ove r  repeate d 
trials .  Th e latte r  i s  obtaine d b y plotting ,  fo r  differen t  trials ,  th e 
averag e distanc e o f  th e actua l  pat h followe d fro m th e desire d 
path .  Result s presente d i n thi s pape r  hav e bee n average d ove r 
100 mns . 

We hav e develope d a  X/Moti f  interfac e (se e Figur e 1 ) 
throug h whic h w e ca n visualiz e an d contro l  th e experiments . 
The windo w display s th e desire d path ,  a s wel l  a s th e curren t 
pat h alon g whic h th e bloc k i s bein g pushed .  Th e interfac e 
allow s u s t o ste p throug h trials ,  ran  on e tria l  a t  a  time ,  paus e 
anywher e i n th e middl e o f  a  run ,  "play "  th e ru n a t  variou s 
speeds ,  an d monito r  th e developmen t  o f  th e polic y matrice s 
of  th e agents .  B y clickin g anywher e o n th e field  o f  pla y w e 
ca n se e th e curren t  bes t  actio n choic e fo r  eac h agen t  corre -
spondin g t o tha t  position . 

802 



Tabl e 1 :  Trial s fo r  agen t  A  t o reac h it s goa l  actin g agains t 
agen t  B  tryin g t o reac h it s o w n goa l  (max imu m force s applie d 
by agent s A  an d B  ar e F ^  an d F b respectively) . 

400 

Figur e 2 :  Percentag e o f  run s i n whic h th e bloc k reache s th e 
goal  o n differen t  trial s (average d ove r  1{X )  runs) . 

Exper iment s i n cooperativ e d o m a i n 

We used a typical problem to evaluate the effects of changing 
agen t  capabilitie s whe n the y ar e workin g o n a  c o m m o n goal . 
Thi s proble m wa s chose n wit h startin g positio n a t  (40,0 )  an d 
goal  positio n a t  (60,100) ,  wit h th e straigh t  lin e betwee n th e 
tw o point s bein g th e desire d pat h (se e Figur e 1) . 

We ra n 1(K )  run s wit h differen t  rando m seed s an d foun d tha t 
agent s quickl y learne d t o coordinat e thei r  action s suc h tha t  th e 
bloc k i s pushe d alon g th e optima l  path .  Figur e 2  show s th e 
percentag e o f  run s i n whic h th e bloc k wa s pushe d t o th e goa l 
locatio n o n differen t  tria l  numbers .  I n onl y a  smal l  numbe r 
of  run s coul d th e agent s pus h th e bloc k t o th e goa l  o n th e 
first  fe w trials .  Afte r  abou t  15 0 trials ,  th e initia l  explorator y 
phas e seem s t o b e over ,  an d th e agent s coul d pus h th e bloc k 
t o th e goa l  wit h mor e consistency .  B y abou t  40 0 trial s th e 
agent s wer e successfu l  i n consistentl y pushin g th e bloc k t o 
th e goa l  o n al l  runs .  O n close r  investigatio n w e foun d tha t  th e 
tw o agent s hav e learn t  complimentar y policies .  Tha t  is ,  the y 
ar e no t  pushin g a t  th e sam e angle ;  rather ,  th e individua l  forc e 
vector s ar e suc h tha t  th e resultan t  forc e vecto r  lie s alon g th e 
optima l  path . 

We performe d anothe r  se t  o f  experiment s wher e on e agen t 
was a  d u m m y ,  an d th e othe r  agen t  wa s th e sol e activ e agen t 
pushin g th e block .  A n interestin g observatio n abou t  thi s se t 
of  experiment s i s th e following :  w e foun d tha t  whe n bot h 
agent s cooperate d t o pus h th e block ,  the y converge d o n th e 
optima l  pat h i n les s numbe r  o f  trial s tha n whe n onl y on e agen t 
was pushin g (th e othe r  agen t  wa s a  d u m m y i n thi s case) .  O n 
examinin g th e polic y matrice s afte r  convergence ,  w e foun d 
tha t  whe n bot h agent s wer e operating ,  les s numbe r  o f  polic y 
matri x value s differe d fro m thei r  initia l  settin g tha n whe n 
onl y on e agen t  wa s pushin g th e block .  Thi s implie s tha t  join t 
actio n i s constrainin g th e bloc k t o a  regio n i n th e stat e spac e 
suc h tha t  les s numbe r  o f  polic y value s hav e t o b e accuratel y 
learned .  Fo r  example ,  w e foun d tha t  th e even t  o f  failur e t o 
reac h th e goa l  i n a  tria l  becaus e th e bloc k lef t  th e playin g field 
on crossin g eithe r  th e x= 0 o r  th e x=l(X )  boundaries ,  wa s les s 
frequent  whe n tw o agent s wer e pushin g th e bloc k compare d 
t o whe n onl y on e agen t  wa s pushin g th e block .  Becaus e les s 
number  o f  polic y matri x value s ar e t o b e learne d whe n bot h 
agent s ar e operating ,  run s converg e quicke r  tha n i n th e cas e 

Fa 
10 
10 
10 
10 
10 

Fb 
1 
2 
3 
4 
5 

Trial s take n t o reac h Goa l  o f  Agen t  A 

i i 
i n 
115 
197 
268 

Exper imen t s i n adversaria l  d o m a i n 

We designed a set of experiments in which two agents are 
provide d differen t  feedbac k fo r  th e sam e bloc k location .  Th e 
agent s ar e assigne d t o pus h th e sam e bloc k t o tw o differen t 
goal s alon g differen t  paths .  Hence ,  th e actio n o f  eac h o f  the m 
adversel y affect s th e goa l  achievemen t  o f  th e othe r  agent .  Th e 
m a x i m u m forc e (w e refe r  t o thi s a s strength )  o f  on e agen t  wa s 
chose n a s 1 0 units ,  whil e th e m a x i m u m forc e o f  th e othe r  agen t 
was varied .  Th e othe r  variabl e wa s th e numbe r  o f  discret e 
actio n option s availabl e withi n th e give n forc e range .  W ^ e n 
ther e i s considerabl e disparit y betwee n th e strength s o f  th e 
tw o agents ,  th e stronge r  agen t  overpower s th e weake r  agent , 
and succeed s i n pushin g th e bloc k t o it s goa l  locatio n (se e 
Figur e 3) .  Th e averag e numbe r  o f  trial s t o convergenc e (se e 
Tabl e 1) ,  however ,  indicate s tha t  a s th e strengt h o f  th e weake r 
agen t  i s increased ,  th e stronge r  agen t  finds  i t  increasingl y 
difficul t  t o attai n it s  goal .  Fo r  thes e experiments ,  th e stron g 
and th e wea k agent s ha d respectivel y 1 1 (betwee n 0-10 )  an d 
2 ( 0 an d it s m a x i m u m strength )  forc e option s t o choos e from . 

W h en th e numbe r  o f  forc e discretization s fo r  th e wea k 
agen t  i s  increase d fro m 2  t o 10 ,  w e find  tha t  th e stronge r  agen t 
finds  i t  mor e difficul t  t o pus h th e bloc k t o it s  o w n goal .  I f  w e 
increas e th e m a x i m u m forc e o f  th e wea k agen t  close r  t o th e 
m a x i m u m forc e o f  th e stronge r  agent ,  w e find  tha t  neithe r  o f 
the m i s abl e t o pus h th e bloc k t o it s desire d goal .  A t  th e o f 
a run ,  w e find  tha t  th e final  converge d pat h lie s i n betwee n 
thei r  individua l  desire d paths .  A s th e strengt h o f  th e weake r 
agen t  increases ,  thi s pat h move s awa y fro m th e desire d pat h o f 
th e stronge r  agent ,  an d ultimatel y lie s midwa y betwee n thei r 
individua l  desire d path s whe n bot h agent s ar e equall y strong . 

Intuitively ,  a n agen t  shoul d b e abl e t o 'overpower '  anothe r 
agen t  wheneve r  i t  i s  stronger .  W h y i s thi s no t  happening ? Th e 
answe r  lie s i n th e stochasti c variabilit y  o f  feedbac k receive d 
fo r  th e sam e actio n a t  th e sam e state ,  an d th e deterministi c 
choic e o f  th e actio n correspondin g t o th e maxima l  polic y ma -
tri x entry .  W h e n a n agen t  choose s a n actio n a t  a  stat e i t  ca n 
receiv e on e o f  severa l  differen t  feedback s dependin g o n th e 
actio n chose n b y th e othe r  agent .  W e defin e th e optima l  actio n 
choic e fo r  a  stat e x  t o b e th e actio n A ^  tha t  ha s th e highes t 
averag e feedbac k F^ .  Suppos e th e first  tim e th e agen t  choose s 
thi s actio n a t  stat e x  i t  receive s a  feedbac k F i  <  F^ .  Also , 
le t  i t  receiv e a  feedbac k F 2 >  F i  fo r  a  non-optima l  actio n 
Ay i t  choose s i n th e sam e stat e x .  I f  thes e wer e th e onl y 
tw o option s availabl e i n stat e x ,  th e agen t  woul d choos e A y 
ove r  A x nex t  tim e i t  i s  i n stat e i ,  becaus e th e forme r  actio n 
correspond s t o a  highe r  polic y matri x entry .  I f  th e stead y stat e 
valu e o f  th e polic y matri x entr y fo r  actio n A y i n stat e x  i s 
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Figur e 3 :  Exampl e tria l  whe n agent s hav e conflictin g goals . 

greate r  tha n th e polic y matri x entr y  fo r  actio n A ^  obtaine d af -
te r  receivin g feeidbac k F\ ,  th e latte r  actio n wil l  b e neve r  trie d 
again ,  an d henc e th e agen t  wil l  converg e o n a  non-optima l 
policy .  Thi s i s a  quintessentia l  exampl e o f  th e exploration -
exploitatio n tradeof f  (Holland ,  1975) .  Also ,  thi s  i s mor e likel y 
t o happe n whe n th e sam e actio n ca n generat e mor e numbe r 
of  distinc t  feedback s (th e sam e actio n fo r  th e stronge r  agen t 
can produc e mor e distinc t  feedback s whe n th e discretization s 
fo r  weake r  agen t  i s increased) .  A  simpl e remed y t o thi s situ -
atio n wil l  b e t o choos e a  proportio n o f  th e action s randoml y 
or  t o choos e action s usin g a  probabilit y  distributio n ove r  th e 
polic y matri x values .  Eac h o f  thes e options ,  however ,  result s 
i n a n exponentia l  increas e o f  th e trial s t o convergence .  Cur -
rentl y w e ar e developin g a  simulate d annealin g (Kirkpatrick , 
Gelatt ,  &  Vecchi ,  1983 )  base d procedur e whic h result s i n a 
decreas e i n th e proportio n o f  rando m choice s a s th e polic y 
matri x converge s t o it s stead y state . 

Conclusions 

Using reinforcement learning schemes, we have shown that 
agent s ca n lear n t o achiev e thei r  goal s i n bot h cooperativ e 
and adversaria l  domains .  Neithe r  prio r  knowledg e abou t  do -
mai n characteristic s no r  explici t  model s abou t  capabilitie s o f 
othe r  agent s ar e required .  Tlii s  provide s a  nove l  paradig m 
fo r  multi-agen t  system s throug h whic h bot h friend s an d foe s 
can concurrentl y acquir e coordinatio n knowledge .  A  draw -
bac k o f  th e propose d approac h i s tha t  i t  ca n onl y b e use d 
i n domain s wher e agent s repeatedl y perfor m simila r  tasks . 
We als o foun d tha t  a  deterministi c choic e o f  agen t  action s 
ca n lea d t o sub-optima l  policies .  Ou r  curren t  researc h effor t 
involve s developin g stochasti c actio n choic e algorithm s tha t 
converg e o n bette r  policie s withou t  significantl y increasin g 
th e tim e take n t o converg e o n thes e policies .  W e ar e als o 
investigatin g a  resourc e sharin g proble m domain ,  i n whic h 
agent s ar e require d t o lear n t o operat e a  share d syste m a t  a 
loa d correspondin g t o it s pea k efficiency . 
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