SR 312022
$£149
NG RI=

ZERMRITS. SERISRIEFEINI
ZERRGRCFE SR

E BB

i — LiEsnE A



IRiE AR

® N VA WN =

R F I E AR D G AR T =ik ys)
BmFES, RESFA 9 EFRENREEREES
MDPAIRDZSAR 10. &=(FZ>)

{(ERREUATT 1. B&sait=>
ForRENE A 12. 2L E=E]
MNEFS 13. BirSRAEEEE>

SEUWNEREFIREE 14 ZERENES

N
IR
J
17N

ESREIMERE 15 BUEEIKIEE

ERUFIRETE 16 TR SEIR




SEREIF



B F

ESTENREEREFFS

O EHeelR
- BB IMEAIMINIEER 0,
- KEEMEERTIAE A,
- NINEZRERMES R,

O BEXRH, MEEEESH
(stationary)

- HRIEMRRVRS I 20E
HAY, (EREH D TR RAEERT

SN




EG =L A

SN

ESENRESERSS Wz e
0 MSEAEAMHTEIMNE | |

FTHIELthERBELR

O 7_ HI— & IIAET,
/_xEE”E%u TAN E/J (non—

stationary)

- NEIRHD SR EREE




. XIhkibEk

{51

S
L
tunufll-l-
rra i
"ty ran
--n_-‘”*tl-- -h-
o
Ii.-h- .ﬁ

Trreughils

-.I.-..I.- ERER
_-_-E-I--_ E e

e _-_- TR P---!ﬂ-“
"...__r_u........".
-- e . lll-
J-&!.- m#u-u...u.-
..q..“..“.n"“uu..
T (EEE & B .

f %a -II'_I.II
ﬁmn--u-m g Sl
-IIIIIIII'..I

BN FE EEgEEEE ENE, ®W
B EEEEg @ RN N oW R

-
aom
- - um -l

.y

Eww
l.]'

E A
- ..-.
l‘# "

*a

Lianmin Zheng, Weinan Zhang et al. Magent: a many-agent reinforcement learning platform for artificial collective

intelligence. NIPS17 & AAAI18.
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Lianmin Zheng, Weinan Zhang et al. Magent: a many-agent reinforcement learning platform for artificial collective
intelligence. NIPS17 & AAAI18.
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Marine (Agent)

Peng, Peng, et al. "Multiagent bidirectionally-coordinated nets for learning to play starcraft combat games." NIPS 8
workshop 2017.
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Huichu Zhang, Weinan Zhang et al. CityFlow: A Multi-Agent Reinforcement Learning Environment for Large Scale 9

City Traffic Scenario. WWW 2019.
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Haifeng Zhang, Weinan Zhang et al. Layout design for intelligent warehouse by evolution with fithess 10
approximation. IEEE Access 2019.
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X F— P BETIEEFRIEG— N EREIN |, ERIERTY
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ETERaREr, EeeK i BISITEIX (5, @) THUMES

QF (s, @) =1,(s, @) + VEgr_, [Vi*(s)]

19



ZHREPRILFEINGEDTE

0 ST2fiMeaiE (fully centralized)
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Hu, Junling, and Michael P. Wellman. Nash Q-learning for general-sum stochastic games. JMLR 2003.
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VNash(s) = [V (), VI (s), ..., VIF (5)]

= SEIEREIN | FEINEITANNT (s, @) TRIGHMES
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Hu, Junling, and Michael P. Wellman. Nash Q-learning for general-sum stochastic games. JMLR 2003.
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Initialize Q(s,a) arbitrarily

Initialize s

loop
a; < probabilistic outcome of Nash policy derived from Q(s,a), for
player i {Mixed with exploration policy}

Take action a;, observe reward r, next state s’ and the joint action of
other players a_;

for:=1...ndo
Qi(s, <% i) = Qils, (@i, a—i)) + a(ri HVi(s')i— Qils, (ai, a—s)))

_________

——————————————————————————————————————————————————————————————

s« s
end loop

Hu, Junling, and Michael P. Wellman. Nash Q-learning for general-sum stochastic games. JMLR 2003.
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EZHRIMLAZE (fully decentralized)
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EZHRIMLAZE (fully decentralized)
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CTDERRIRE FE#HEREI— 1 5870 el MU S/Re] K EZE (partially
observable Markov games) Jt¢H
N2 ERERRIZE
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A BB EREMERSIIFES
p:S X A - () BINEEBAINZR, HPOS)ESHoMmES
y € (0,1) 2RAkErELHIRREF
X FENERER i
0; EMNES
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MADDPG (Multi-Agent Deep Deterministic Policy Gradient)
BRI | & —actor-critic
ActorskliBu; (a;|0) 2B CIREH, REZIEEBWL
CriticiMEREL Q;' (%, ay, ..., ap) WBFTEEREHREN, BE2RiER
X = (04, 0y, ..., oN) ST EBERAINLN

ST F ARt EEERI, E BN MEE M, , HDDPGREEATA

V@:’ J(p‘z) — EXND [VQZ M (Oi)vai Qf (X’ A1y .-y a'N)|ﬂi:#i(Oi)]

HehDALRRERGE, BEFERIEEERTH

(X, X, a4, .., Ay, T, ey Ty)
XFFHOMERIcriticfMBERRELQ,, (X, ai, ..., ay) WBE It FED KF S

E(w%) — EX,G,T,X’ [(Qf(xa ap,..., aN) - y)2]7 y=r;+ ’YQI;L (X!7 alla s aaii\;’)‘a’;:#;(oj)

FEIREFTAYCriticMERREN 35

Lowe, Ryan, et al. Multi-agent actor-critic for mixed cooperative-
competitive environments. NIPS 2017.
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00 MADDPG (Multi-Agent Deep Deterministic Policy Gradient)

BNE RN | E— 1 actor-critic
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0 MADDPGHIEGRERIEUT :

BEAHIIR LB EBEIREYActor L& FOCritic Ry 4%
for B5lle=1- E do

IR — 1 BENLSREN T o ERER;

SRENFTE Eee(R a4 Ia N x;

« fort=1-Tdo:

© WFENERER |, BERIRYRERIEE—150Faq; = ue, (0) + N;;

« BTINEa = (ay, ..., ay) FFEIREREI-FNFTEININX ;

- {B(x, a1 x) FRISERIBGED;

© MDHFEHRIFE— LR,

o« XTFEANERERD, FPIOML)IZkCritickiZg

- SFENEREA, )IEBESHIACtorfIZE

- XWTFENERER, FFrBirActorfZEF0BFRCriticZE
* end for

end for

Lowe, Ryan, et al. "Multi-agent actor-critic for mixed cooperative-
competitive environments." In NIPS 2017.
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0 OpenAl Multi-Agent Particle Environment (MPE) 3fi%
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https://github.com/openai/multiagent-particle-envs
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