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Abstract  Reinforcement learning is a traditional machine learning method to solve complex
decision-making problems. With the advent of the era of artificial intelligence, deep learning has
achieved remarkable success thanks to the vast amount of data and the increase in computing
power brought by hardware development. Deep reinforcement learning (DRL) has been widely
paid attention in recent years and achieved remarkable success in various fields. Because the real
environment usually includes multiple agents interacting with the environment, the multi-agent
deep reinforcement learning (MADRL) has gained vigorous development and achieved excellent
performance in a variety of complex sequential decision tasks. This paper summarizes the research
progress of multi-agent deep reinforcement learning, which is divided into three parts. First, we
review several common multi-agent reinforcement learning problem representations such as

Markov games and partially observable Markov games and their corresponding cooperative,
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competitive, and mixed cooperative-competitive tasks. Second, we make a new multi-dimensional
classification of the current MADRL method and further introduce the methods of different
categories. Concretely, we divide MADRL into value-based function methods and policy-based
methods according to different ways of solving optimal policies. Besides, we divide MADRL into
cooperative tasks and general tasks (cooperative, competitive, or mixed task) according to
that is, whether a
the MADRL

Based on the above three dimensions, the

applicable task types. In addition, we introduce a new dimension,

communication mechanism is established between agents, dividing into
communication and non-communication methods.
popular MADRL methods are divided into eight categories. Among them, we focus on the value
communication-based MADRL method,

network based MADRL method. Value function decomposition methods can be divided into

function decomposition method, and graph neural
simple factorization, IGM principle based, and others. Communication structures are divided into
fully connected, star, tree, neighbor, and layered types. In addition, we study the main
applications of MADRL methods in real-world scenarios such as autonomous driving, traffic
signal control, and recommendation systems. The classification in this paper is based on several
common types of MADRL problem representation and model-free MADRL methods, so there are
many unfocused but promising directions, which we briefly analyze in section 5, including
extensive game problems, model-based MADRIL methods, and safe and robust MADRL. Finally,
we give a summary of this paper. With the rapid development of deep learning methods, the
MARL field is undergoing rapid change. and many previously unsolvable problems are gradually
becoming easier to handle with MADRL methods. MADRL is a developing field, that attracts
more interest from scholars, but also faces many challenges such as non-stationarity, dimensional
curse, and credit assignment. Overall, DRL can improve the intelligence and efficiency of
systems in various fields by learning optimal decision strategies, bringing tremendous impact and
change to human society. In this paper, we provide a broad overview of the latest work in the
emerging field of multi-agent deep reinforcement learning, starting from extended game theory.
model-based MADRL, and secure and robust MADRL. We expect this paper will be helpful to
new researchers entering this rapidly developing field and to existing field experts who want to
gain a comprehensive understanding and determine new directions based on the latest advances.

Keywords multi-agent deep reinforcement learning; value-based; policy-based; communication

learning; graph neural network.
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3.2.1 RT{EREM MADRL J5 ik

o fifk ok LA i TR) R, B T e Ry O ik R BT
G312 2 AR R B S il D7 1 RN 38 35 07 L A eR LY
itk 7 ) FH 4% Tl 24 S sl R T 42 SRy 1 o K50 A
Z A BRAR B AR A 1 bR B A5 [R] IS 8 DR 7E A
PR eR BRI S 42 JR) A R RS S8 B AR -2
Y07 AR AR RE R T) Y AR ] BE 68 3R 7R A~
PR BRAAR 5 AP $4 25007 18] (4 EARAE T, B BE 68
PRS- Bl 1 43 A ok 5 AR B IR 25 -2 1 o 3 1 e A1
WK AR S-S VR R 2 B2 — s D0 A oR 8003 T
EEM T A PG IrEE N T — AT 55
TR FRATTNS A OC AR FEAT VR A0 Y £ A

(DEEAES + T

{EL BRVES A3 % 7 1050 4 SR A (L bR BR 43 il Sl AR
1B PRER AR R AR B B REAR T Bl VR 28 (Rl i 4 B L figt e 1
7 ) R[] e A 2R A (SR B > A A (1 R
Bk SRS e 1 AR A = ) EL AR S e 3 2Ry R
SRR R) R LA K AR 4 C T) R L R 5000 A O 125 LA
R 0 & il MADRL ) — A~ = 5 ifF 5%
7 [0 . {F R B3 i 5 1k — WAL AE PR AR R 2 R
1B BRI BSOS R A0 8 bR B0, T A BB IR L =2 4 a0
PR AP (E B S0 i A T B A 179 S ) S R
I R R AR Q (ELR 51  R BE AR R £ AN $hAT B
Y. BR R 6 oK 5003 it 7 v b 42 )R i (L eR KRR A7
REMR L= i LLZ 5 2 — M Rl S AL SRR 5. AR
N 32 DG EA BE AR =[] G 3 A AL (B oR B )
J5 1. Sunchag 555 B T 55— A oK B3 i 7 1
{H 53 fi# ™ 2% (Value Decomposition Network, VDN,
1 42 Jry W 1 oK B0 ik A Jey 30 A A 1 R 80 ) e 1k 3R
Jin. SR VDN st 1 7™ 4 18 22 BR ] L O Z20m 1 A
W2 B Beml LA ) B9 AT AA] 85205 2. 0 i B VDN
(4 J B , Rashid 897 $2 1 T QMIX, ffi Jl — 4~ 5
PR A W 28 25 R X 42 Jay M A AT Al 1 IS5 S B
X AR A R B SRR R ek R AL AR T QMIX T
AR H AR R MR 0 2 R R Ak, TR
O T Al B 26 B AT 55 f . QMIX Al BB B A J i v AR
[P & ER=ZES 1

h gD I A ) L i AL QMIX (Weighted QMIX,
WQMIXO B BT A o 4% 3% X 4 8 e iR 19 Q
E AT AL RS S LR 3 2% A Be 1R 2 Ta] 14 B4R 2
>J. Wang Z550 HLH XU o Z 8 BB K Q-2 3 F ik
(duplex dueling multi-agent Q-learning, QPLEX)
oK 53 itk i 1 R 5, ) P O 2 o 0 29 R 58 TN i L R
s e N R B R Tk 2 ) E R

TE TR & 2%, BRI B9 4 (6 oK 8003 i 05 vk LR G ™)
2 RAE S 22 ME R T 36 0. Son S50 i 1 3L F AR 4
£ & fe & Q2% 3 (multi-agent Q-learning with
Transformation, QTRAN) , | A T i i #9 77 =X 43
ik AP (L PR RS, A0 0 B P 2R ) A A 2 B

Yang 555 2 — A BE FAT A S S B Q-
> J71: (Q-learning with Determinantal Point Process.,
Q-DPP) . i I —Fh R Ak i £ 5 @ A 07 X ANH %
JE TR BEAR i B AR R S A L T HL B TR BE
PRAT o 9 2R P 38 2o 2% 2] TC 45 48 24 R 1Y 1 ek 50 o3
fi#% . Q-DPP fift g 7 L& JLFh 7 32 1) S BR 1. Gupta
SEDTUHR s —FhaE M E K J7 75 (Universal Value
Exploration, UneVEn) . i i % il H J5 4% F¢ 1F 19
A o3 ik [R) I 27 ] — 2HAH DG A 55, T & & M T 1Y
FHOGAT: 55 1) 3 s o g i T A 8 BB AR RO T B IR R 3
B A EAT TS 4 1 D IR B0 . Yang 5555 #2111 —Fh Q
{E 4% 57 fi# J7 ¥ (Q-value Path Decomposition, QPD) ,
RGN AR QN A RERR Q. 5 &
WIRE A QS 2R Q ERRKRZFTEAIR,
QPD H B3 B U5 [ H A R £ MADRL 7, HL 4%
W LI AR O3 i A2 )Ry Q A, R REAR 2 LA .

Igbal % & tH BEALSL 1A /) fif (Randomized Entity-
wise Factorization for Imagined Learning, REFIL)
T3 TE U Ak A1 bR KR D 3 =2 oy S A 5 2 20 R Y A
T NI 5 52 2% 5 1 22 80 REARAT 55 AL VR R 22 T )
AL RHNR L RS . Zhou 1 GIE B T R AR % L A
B A7 0 B HE R T RE 23X T 3R 7R 14 R B i 0T K 2
WA FARZS) o AT 7E I 2530 [ 52 308 35 09 4l 1
B, MR TR T X — PR AT PAC Tk FIH
TR ARIR AT 8l e 13 Y Sz S S T A O Al B A 8 A
{EL BR B o fife S (AL 1.

AT WA oK K00 i 7 15 52 B RAEBE ) L REASK
AN ARL 1% 22 B BR AL Sy T PR 3K 26 ) @, Shen
SEL PR — (bR BOSY i 7 15 ResQ i i 5% 22 b
HAR BT AT (8 oK Y S5 D0 I 5 SR M. 3% 7 125 BB BB 0l
R4 /B KRAE (Individual Global Max, IGM)
MRETE R A3 IGM JE N, 847 Fom BR ). Hong 464
8 T IGM Jpfifp & — R AT 45000 % A7 5000 i 7 AR 1Y
% 22 AT REAE I Zhoa # b AR R, HE T AT RE 23 ™ R IR
{EL BRI VBC0 A D7 ¥R B PR BE. O TR TR A )R, AT
PRI T IGM-DA, SR IR ) 27 ~] 5 A A 16 70 i 5
DUJR & R A B, DT i £ 158 22 PR

(2)— AL 55 + il fE

V805 ke T H R Tk S — D R
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7 5 K 28 Re R Z 11 B 3 a7 Ak B B R IR
5H R AR B8O 2 (8 B 5 3. P 307
1T Jr R T2 20 4 Jmy A (B pR B, TT LS T 1R
T EOR G B ETE AR S5, Yang S5 R IS — A
Y13 5 v E B3 Q% 2 (Mean Field Q-learning,
MFQ) , F FH 4B J& % 58 7K 19 F ¥ h /R 4R i s 1E & 1
IR AR AUIR S B R, SR, MFQ R I T Fr A5 4
R AR T 7] — Fh 26 B 19 3% 5t Subramanian 45"
P Z 2R AR 1 Q24 2] J7 ik (Multi Type Mean
Field Q-learning, MTMFQ) ,{#i Fl A-means J7 ¥
VX3 75 T R B AL 45 22 Fh S R RE AR 1Y 37 5. AR
T Bt %5 5 g 1A 28 7R 506 /3 I, MTMFQ 1 1 g
AP T B, Zhang 555 4 T 7 24937 1 15 o6 8053
f# )7 1 (Mean Field Value Function Decomposition,
MFEVED) . F I 3 37 BRA& R AR 1 (6L ok 5500 ik D
JRy F A 1L bR ERCRN OF- 34 37 4 (8 pR AL Du S50 R R 2
B REAST B Q-] (Multi agent Dueling Q learning,
MDQ) 77 . 51 A 313 B8 K VA A (R A0 1 oR %K
32 B SR P E RO ) R e [ B SR FH R e 9 45 4
Pk 22 8 b IX 53 Bl AR 2 SRR 25 J2 Y 52 Wil AT
SEI AN AE PR B 2= ) ) = A FT AR . Subramanian
VTS T R BE AR AR T XA R R T —
ASB Y3 07 vk BR O B o A B g R
(Decentralized Mean Field Games, DMFG) J5 &,
Forh AR REMR T LU S AR BE RS 2 AT BT A
B REARHS B TR AT R I LA 43 1R Ty XA 2
ST AR . R ZHCE 3 TAE R T INACF- 1 37 3504
R R Y e S A N S R IE (SRR S W 3
SR BB R IEAR B B % S BUR M . Yang
SRS T — L R R 0 43 R0 S 1y
¥ Q % >J (Graph-Attention Mean Field Q-learning,
GAMFQ) KR Ah X — k. GAMFQ fif i I E & )
TR 257 375 R e ok 41 3R R B AR A 7 g A Ik (1] 2D 52 3]
A BEAA SR 1 52 i

DO EEES +HEE

A AR Y J7 kR TE B A R) AL 5 {2 ) R
TRV ZRid B b AR BE MR BE A% I T L & 8 RE AR
1% 366 B IAR AR R AT N 22 > . b3R8 R B0 o) i 7
0 T 58 A a0 i i O 2 B 1RO B IR HUIRSE &
FI A SRy LI 3 SR R K. TEISE S Bh . 2
BRERAT 55 — M A AR AR = TR B 2 B AR L U
RCHb PR 224 BE AR 1 Bl 4 5 0N PR AR 55 AR Bk D
AR AL 07 12 R RE A 32 2 Ry F R UL I A A
BUPE 8 BR A 23 im0 3 B3P AT 2o 7 v R AR A IR 2

FNBI AR T H AR R A 0 AN 1 0 M o T B Y
BRI SR UME R . S AT K B T R R Ty
P LAE N 3 72 b, 5] A AR 27 > AL R 32 v Y
RE A 2 5] (9 B AR DM

B PR 3 T EH BB MADRL 5] A8 {5 2%
[ TAEJ& Foerster 41 41 M 1 5 1k 45 BB 1A% 1] 2% >
(Reinforced Inter-Agent Learning, RIAL) FlA] {43 %
AEfA 6] 2 >J (Differentiable Inter-Agent Learning,
DIAL). 7€ RIAL Fl DIAL v, &4~ fE k2% 2] 3L 52
Tk S E AR B 1S T A BR A E fF. DIAL A
RIAL #REM Z 0] i F] 56 42 i He i 45 1, 72 A b
B R A 58 4 B VR IR b HEAT VT A O K G ey T
A R AT AF 19 [0 AR S — A TF i Y ) 3. Zhang
SO B L Oy 22 i 2 ] (Variance Based Control,
VBC) 75k , 1 5 19 (B R BR 4% i 5 B 7 22, DL ad
UE T 22 B R BT .5 DTS2 B AAR 38 15 A . ZE I
2Rl B, 3k B R B 1A 2 [a) 22 5 00 B O 25 L T LA
A K Z BRI R P R MR S Ry ) IR B AR B R
53 IR RE R R JH L3R4S T 47 (19 M BB Zhang 455
IR BFE B 5 # (Temporal Message Control,
TMO) J5 i o A SR VFAE — AW 26 7 A2 2R UE R
MR BRI R e MR B AR5 IREE 5 Z i Kk 1)
TR AR KA B A5 R B3k == 25 B A7 8 RE 1A, L
Ab, TMC i FAE B2 vh IXORAF A B 15 2, DA
AMEE R IAE B Du 555 32— Fh 5L T S R
= 1 W 2% 1 38 15 HL ) (Multi-Agent reinforcement
learning with Heterogeneous graph Attention network,
MA-HA) Z T 55 % 18 T iR B KRR 2
YA B 0 2 SRS R AR R RE AR Y T T R AR
55 A A AR Y Rl A R IE R OR.

Wang %55 £ — B2 2 I 00T 43 i Q REK
(Nearly Decomposable Q-functions, NDQ) FJ # #E
2, Hh R AE R Z 8t [ 2 B 475 B A8
IRz 1) HA R RE AR e 26 05 B LA RO I s 7R % AE
SR 5T APIANE B8 I WAk & 4 4 18 ok B0 A
S 2] R A ) b G 33X 26 0E T Ak 25 55 K BR BE b 42
B TR RE A Y Bh F ok R R B AR 5 B Z I AR R
[vi] B 84 R A4 22 8] 9 A 0 e /MK, Yuan 50
—Fp L2 5 B AR L il 3 {5 FE SR (Multi-Agent Incentive
Communication. MAIC) , % HE 42 7214 & >4 fig &
T3 A 2 P A O AR R O R e AR R RE AR 1Y
Wi oR %, DT S BRAT A =X P . i Ah s MAIC
SIAT — o Y 1 ) Ak o ) 22 5 A i e O 48 v
ERES
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Jiang 55 5t —Fh B AR 43 23805 (Type-
based Hierarchical Group Communication, THGC)
RREAY 2 1) 2P 56 ST dal R TR B SR ) o) A
BREARHEAT 43 28, 38 2o o0 TR S LR A A I —
k. BEE SIA T — R A A A E 23 i 7 D
WPRA AR Z I 1 A AF. Guan 887 2 H T A &
=B RE N Z R BE K18 {5 (Multi-Agent communication
via Self-supervised Information Aggregation, MASIA),
B BER T LR el 2 45 B R R A Y
BN, DT G 5 Jm) 3 5K W . Shao %557 & 1R —Fh
H &5 HALH, PRy H A2 (Self-Organized Group,
SOG) » HAF mi 2 18 #2128 AR RO B L. 78 45 74
e IR P, g IR 2D i o B AR
K e B ) 20 L B 2H B 4 A 0 Bl A SR
rh B Bl B A S AT Y iR AR 7R R R
SRR AR L RO R BRI E B S
JIT A B I 2E 0 B s AR R 8 — T 2

() — e AE 55 + A fE

B RE A 2 1] F) 388 A AL — B T I A RE A Y
BIAE LA 58 A VEAT 55, 38 A — S 5 T (8 R B0 T AF
FIAT 3 AE R i e T — M A AT 55, Jiang S5 4
Kl #: F 58 4k 2% > (graph convolutional reinforcement
learning, DGN) , H: v [&] 4 B o 4 B R 3 31 4
REAAR 22 1] A4 AR ELAE . R P 328 1 n 7 42 52 3 1y 45 R
JZ 77 A TR TE R AR R 2 2 A L I 38 3 I [ OC 2R 1 )
ook it — 2 s — Bk, Ding 0 #2356 T B B i
KALHY £ 55 e iR 8 Ak 2 ) (Multi- Agent Reinforcement
learning with Graphical mutual Information maximization,
MARGIN) 53k o Dhdse A0 AR A8 8 E 4% 19 g A e ik
5 RO R TR 2 AR 2 (8] 1 A OG5 ¥ R AR
S0 HAR B EAE N B B 2 ae ik R 45,
P BE AR A A5 B FIR BB M40 0 5 3 P I 1 X L
{5 B EA7 k. Sheng ZE1°0 1 45 44 1k 3 15 2% ~)
(Learning Structured Communication, LSC) J7 ¥,
3 o e ] ORI R 0 LA A, A B A R
REAR 220 . ATE JRUAS [R) 1) 93 2 2854 . 263 5 A TR I
FANGEHY 27 2] — A R R 2 R 2% LS AL
AR RN 2H 18] A ZH N T AR 2 [ AE 4k A % T
VE GG Tl A5 2 > I b i) — MOl A5 2548, an il 2 B
TN A LSS R R REAR T B S A AL R K
AR S P 0 2 R RE A R 5 R I o AR Y
RV GE Hy oh i A R RE AR T B A B A% B i 4
DR REAR, X RECT — MR A AF . &8 J5 A4
oy B BE A 5 408 JE R R AR ] I 3 A5 DA AR 3 {5 AL

A BB PR BRI S AR A L (R A AT
21 22 () $ WU R AT 36 5, 5 B ) B2 2R BEAR . )2
L5 R R RER B BN R B AL B LA — A
PO ReA LI N AR R A

SRR TECES B

3.2.2 JETIRmEA MADRL Jiik

TEZ R RE AR B iRk 2= > b o — 2R ik
TR Y J7 v 3% 28 T v RE A8 T B X SR W 1 2 B0k
A 88 SR T R BSORT B W A A Y T R A&
B A RIS K (Actor-Critic, AC) F L2
FilG LA B WS 5 vk A B SR AR E SR X b Oy AL
P FEI A, — A 278 0 Z R4 (actor network) ,
BN SRS IO 2, 5 g SR W A R AT A SR
f#. A— IR K ML (critic network) , B JE—4
{E PR AC HESRJE SRS 1 B2 U7 IE A Q-2 T Y45 & s
W Z W T 28 Be R s Ak 2% > Jr b AR A S
o FRATTHE R T AC HE SR Y 5 ¥R H 28 B 3 TR Y
T3 v [RVRE BT T R AT AR B R B A 2 (8] 2 A AT E
& - LA RAT 55 280X 2 T 5w 19 MADRL J5 3k #E 47
Gr MR,

(D HAEAT 5 + TEfE

TE i e — S8 58 4 BAEAT 55 B, o UL Y 3 T 5 g
8 7 12 22— 2 A BHLHC A Y B A A AT DL 3 ST
R Sfe S I 4 A8 A AT LA TR0 AR R R g AR W g Rk %
MY JE 1 L AT S L H AR AU L 3 R o —
AR B A WL B Y B2 B3 S TR AR A
Fb 5T T AR BE A 1 AH 5C I 4 9 5. Foerster
SECU BT R 9 25 BRI R W B i (Counterfactual
Multi-Agent policy gradients, COMA) F ¥, § 7
ik R AE 22 RE MR R 5 Th B9 B A 5 32 4 I L. COMA
T3 2 B R 0 SRR 51 AR BT U 2k L A 45 4> B
PR AT LA A R g AR B9 A7 Sy b 2 2 L e et I 2k
— XU 9 26 R Al T AR R 1A R AT S SR L T
) FH 3 26 A ke T+ 55 54 8RR AA A (B R . X RE
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B BE A TT DUAR i AL BEAR A9 AT ok H O
(AW LLARAS A7 (9 4. Foerster 5810 42 i DLt
WS VEfEIS %% (Bayesian Action Decoder, BAD) , i it
PR JR 0 o P SR W 1) 25 ) T AN J2 3l 4 L JF 4k
I 307 155 3 A R PR A A1 e SR A Sk 2 SR g ok 52 X
— R T 5. AR E A S R T T XA R H R
DAATG A2 7 o v R 3 1 A AR . Hu S50 32
W Ef IS %% (Simplified Action Decoder, SAD) , J&
75— P AR R 5 R v g 9 U5 vk fE SAD L
RE M TE B A~ I 8] 25 v SR IO AN B A — A 2 LAY 1Y
WEEEhAE Bl i R AT IR E A IR —
T 73 1 LA e AR 3. 5y — AN R — A AR A
AR B IAT AHAE T — 20 AE g HAB R B A4 19 %h
Fekii A Muglich % — A5 Z AN S 2% )
SUAE 4 (General Belief, GB) B i, H g A 2 5]
Xof A M 1) L 1] 24 5 HEAT HE L.

Cao 45 B2 28 Re 1A R 45 .73 % (Local Infor-
mation Decomposition for Awareness of teammates,
LINDA) J5 i 18 i ZHE AL B BE A 2 > 23 it ) B A
ST R B BN ACHE ST R IR 3% 5 T R R R B
BLAE 5 5308 3 e KA %0 55 4 1 8 BE AR 52 B L 38
Z I BT BORHEAT FRAE 2% 2 LABA O 2% 0 R AT 1Y
{5 B k. Roy 481 Sl A 1 b1 941 56 w8 7 Ak 72 & 1
ZRBERATE 55 0 R IR D) R w1y L B2 JF 4R T
CoachReg /5 K42 3 MADRL 8 89 W38, Zhou
SRR — b 2 B MR 5 PR K ik LICAL &
e B = it 58 42 B 4R 51T B4R A 23 I 1n) AL
Peng S8 4 1 K 1 224 Be 144 h 5 W B & (Factored
Multi-Agent Centralised policy gradients, FACMAC) ,
g — FITE B BRI % 2L 3 R =3 ] th AT & 1E 2 8 AR 1K
Ak A% 2 B 5 . Wang 2550 3 (multi-agent
decomposed policy gradient method, DOP), DOP
V53 i 1) JELAEU M v B8 O i D v I AN B 2 8
fk AC HEAL . 3k T ix — JE AR, DOP 24547 20y
S 7 >, AT LU T8 WOM i 2247 8l = [ b AT
% . Li G570 2 22 5 0 # 4k 11 (Different Advantage
Estimation, DAE) , —F 5 £ AU 0L Ak oF 2% 1 F
fiff R 22 80 R A SR W Ao BE Ty 12 v I 11 2 R AR T
73 W 7] L.

(2) — A 55 + Foad 15

TE I WHR A 58 4 G AR AT 55 B, — A 32 0 00 il ke
FREIEEET AC HESL M MADRL J7 k. Lowe %07
K AC HEZRHh e B Z | Be IR R 4t 4R Hh 2 ki
BRI 2 T TR W BA B (Multi Agent Deep Deterministic

Policy Gradient, MADDPG) } . % 5 1% /o4 4 68
PRTE I Gt 2 v JFE At A5 2k 1 s N 2. DI 2R By
Bese USRS AR AT B Be U T JRy B LK W 2% L 45 5
BREAR L 43 Hry 7 2k B FLOAT 3 1. MADDPG
B UK 4 TPl 25 5 73 5 AT (Centralized Training
and Decentralized Execution, CTDE) 77303 A 7]
MADRL. J£F CTDE fE4, — R A ET ACHER Y
MADRL 75 ¥ # #& ti. /£ MADDPG % fifi I, Li
S5 BEET minimax DDPG 5 . %07 % 5 16 i o
28 BRARTE % 22 3 1 5 55 vh I 2 0 65 4 1k ) 2L, DA
PRI I B8 AR 1A 7 X T3 s A2 (b T Re A& 12
{1 7). Shariq 5817 $& th 22 %8 BE M 38 01 R B J)-
P8 ZK M 4 ( Multi- Actor-Attention-Critic network s
MAAC) IZ T R TE 2 8 e R i & b (il 4 it 5
AR T30 22 I 48 R I 25 03 18R R, X Ui i 3k =
—ANE R AL AL A A IR O A e
PRIEBEAH AR B Jiang S5 £ 1 — B O A MY
H 3 (Emergence of Individuality, EOD [ £ %8 fE{&
SRAGEE 2 5k EOL 22 2] T — R4 2K 8 %0 2K
s AT B AR L 00 45 SR ) G ME R 40 A L O 4
AN REAR — AN 43 4 1 00 TR0 Y P AR L . O AE
B i S AR S 0] AT F O AR B UL, O Bl
T 3 L WL e 27 2] 43 2 A A N AE 2 A AR T B 5R A
TS 48 R A BT 25 ) 1L 01 3k 26 2 Jif £ 5. Waang 5507
7 28 e IR S R M 43 % ( Multi- Agent Conditional
Policy Factorization, MACPF) , & 2 b5 2 B 14 2 [7]
(AR RN R R IR BEAE D — > SR s 4 2 11 55
— RS RN LI A R 52 I 1 AR [ A SR e

DO EEES +HEE

Sukhbaatar 257 $2 11 5 /= ¥ 4% ( Communication
Network, CommNet), CommNet 2% 2] T — A~ 3t 52
Pl 28 I 2412 2 0 245 FH A 2 B 88 R A4S 174 JRy S 0L
i B A B PR AR T ok AR R BB AR Y WL 45
SR AEE By L SR L se A AT LUGE
T b 28 T 2 8 R A DL 23 RN O SR R P BRUAT
[F o 75 2 5 T A 8 R AR 4T BB Sl {5 Zha 5507 4
H 2258 B A B R Y 2% (Bidirectionally Coordinated
Network, BiCNet) , Hif ixf X ] 4 %5 W 1012 9 4% )22
T 2 B BB AR 1 TR W I 25 RN (L PR BRI L L A R
PR BE 8% 4 28 B A RO ¢ & 1y HoAb g A2 R348 L O
HH N 3 52 45

Jiang 257 4R M R B i {5 LY ( Attentional
Communication, ATOC), & BE4& H 68 5 7] ML 7
FEl A A S8 B AT AR . A SR R R R A
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REZ 5 2 — R X2 AR T HL R D E 1.
TEAF 2 3AUa R M2 2 T A sh 8 50k
AR B BE AR 19 A5 B I8 & % 18l 4 i B . Kim
ZE0T9T 3 10 SE 1% I8 BE W 2% (communication Scheduling
Network, SchedNet), % & T 7 R4 56 Ml I 2@ 5
i TE 29T A RS R R, kR B
AR RO 5 8 & 3% )38 {7 B . SchedNet 8 i
e R = e N R 7 S VR E DR PP SN e S
T WP EE B BEARBERS T R E A 1w i 3 1915 B Wang
SRR R AT B R R ) 28 BE MR GE {5 Y (Informative
Multi- Agent Communication, IMAC), E X T —4
PEEAS, BRE KA AR B g E R, IFm
B AN R S % B T L.

Liu 550 2 1 36 1B 1 2 70 046 10 3 15 L 1
(Graph Attention communication mechanism, GA2Net),
o) AR (E S AL BRAR AR AR AL EE AR LA B
Ding 46 R LBA 1) TAEMIE T #8508 % &
FEUAFRICAR B AR ) i R 4R AR HE
i#{E (Individually Inferred Communication, 12C),
IR AT L] BT A A8 B Re AR 2T A 1 S
5 3 o DA A R B8 (R X — AN BB AR A B R s Y
SO | 2 2% XU b TR 5 2 5 5 H Al S R e AR AT
WA, Kim S50 5 — Fod (5 1 B0 FR o 2B o) =
(Intention Sharing, 1S) #LRY, D #4502 G4k 2 8] 1)
PRI BE 3. AR R A GE S X B8 3 g 2 R0 A Y
REAA 19 2l 1 B0k A iU A R B3, AR R S 3 T
2 2] B ) PR 5 Bl 7 2 A5 R R LAt B R 1R 1 B R, A
LA REAA 1 R ke Bl e AR A B B A 1 oK Ok
Frahitdal. A A BE A s 4 4 25 R Ok A7 3 TR iy
RGN 30 5 I T AL A R AR A DA G Al %Y g A
FEWC AR B2 20 A G 30050 v 21 1 AR E A DA
17 A R PR T Tl AR . Du 0 S B TR
AL 37 g 1% 4 T {5 A A (communication mechanism
based on graph encoded by a normalizing flow,
Flowcomm) , & F — B FL i 1k I 72 o 4 15 8 fig 4K 52
HZ (] B AR G 3h A 38 A5 b i e R AR fE
PRAE il ok B 42 S (.5l i 2 ) B Sh A AE AN
SEI T XS P18 2 00 4 R A BSR4 DU
Tk R WL 2 0 3 14 47 819 43 AT Seraj 455
HE H 5 I 5K W ) 2% ( Heterogeneous policy Networks,
HetNet) 2% 2] 5 880F 2 FF Ak 09 38 {5 B 8L, DL A
AR S5 AT BR. HetNet AU E T 44 BLA & g
P28 1) S5 BT IR 3R s 1) 2 > T L 34 33 i ) i 1)1
SRLh 2] o —EARE B

() — AL 55 + A

Das 25 4 th H AR 28 e /K18 15 (Targeted Multi-
Agent Communication, TarMAC) #&#I, H o 5
PRTE B 43 ] UL 14 2R 58 b SR T — MAT 55 L BR AT LA
R AF R WA DL ) ifE LR AE R, A
. TarMAC 38 i 2 5838 5 J7 SR 3G i 1 am {5 27~
AEJJ. Singh SF5T B A P AL 45 I 7 S (5 R R
(Individualized Controlled Continuous Communication
model, IC3Net) , A\ CommNet §" J& ifij 3k , th 4 F 1]
FERLH] [ o bR A5 B R 45 I A R e R AR
AR K36 45 R K. BB M, IC3Net X A A4 fiE 14 R
A PEAR 8 2 Jal 100 A 52 8% CommNet ARAE R HI 42
Jay L5 B B2 Pl o TR A — AT 55 vh R B B AR AL Y
A7, Niu ZE5 52 1 22580 BE AR P 3 22 07l £ (Muld-
Agent Graph-attention Communication, MAGIC)
RRAY 3 g R R AR H ok 5 B A ke A i 3 4 LA K 1)
R TR AT R ) R [ i 5 A A 2 25 R R B
Do 28 114475 JEL AL 328 ok A B A5 A 5. TR AR B bl —
AT 77 4 s i R — S T A g3 1 0 AL 2
A3 R Ty ML 1) A R Ak TR S A YL AT i
3 BT DA S 97 85 455 R R4 0 A 3L A8 e 45 iy )
Ui AT U k.
3.2.3 HAttr2Tr X

ARERGH T — LA 277 L AR
(L PRECO i 7518 - 2 T 38 1 19 MADRL J7 3% DA B
TR 2 M4 MADRL J5 v, & 6% 0 {8 oF 5055
fift O YR BEAT T 0 2R o TR BRI T o i R R T
IGM JE B, A AR 2R Y, i3k 3 R,

{7 B PR 53 ik 2L 7 v SR B O SR IR B S AE AR
(B BR B SR Sl A 8 ek B0 D7 =X 5] 2 757 SR A
N R 0 T 57 N AN = 167 ] B e
PR 10 i B 5k LA o S B B G 52 B AR 5 119 FR
il B FRIBRE A R D a7 PR o0 i Ay ik
T G R RE AR 2 ) 5C & 7 BRI 1 5t MR & R ok
{i (Individual Global Max, 1GM) J5 Il J& i F- 5 8¢
1B BR VB3 it 19— T JEE U], TGME st O AR 1 R )
A I AT LA OR B R A M St SR, B TR A
SR 2, IGM i I R 7 0k 114 5 B0 0 B2 45
B3 TR RE AR B Y 5L e Ah R AT HL AR
RURY T3 5 Gl O TE B REAA Z 1) S R B AR 2
RE R BRI i R MU 22 8 RE 1R 37 5t

SR 5 X i A 38 AR T 1 4 BRGE A S5 0 BEAT T 4y
Ko A A R A A QR e LR 2 R A X
SERRIAEH SO B 2T Tl 2R G R Nk 4
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s, BEAN L2 5 MR R A5 | TR 22 ) 28 25 4 {5 B
FFH I 20 B REARSE AL, X & T PR o 28 I 4% 110 3 1 2
2D I7 AT TR B v P R AR A R BE AR Y
K753, a3 58 A AT R B IR e 1) L A 5 Y
P it g 2 T A A D o R B 1 BRI A 18T CAn AR 4

RE 1A UL 10 15 ] 5 2 ] o7 B AA) S 1 JD ) . RT P 28 T 24 45
¥ 63 5 E % FL W 2% (Graph Convolutional Network,
GCN), B 1E & J1 M 4% (Graph Attention network,
GAT) , DL Je 57 5t &1 3 & 77 W 4% (Heterogenous Graph
Attention network, HGAT ).

R3 BEIAUIWAESE

<3 J5 i 75 B/ A
P VDNEULAAMAS 2018] 7 PR 23 0 45 445 4 i A0 D B 5500 it o Je 358 A 4 49 (1 o 1 £ v 2R
lﬁ:}»fﬁg J QMIX2I[JMLR 2020] ot B R TR A I 0% 45 ) 4 S A 1L o 5000 i O S MR (B R B R A R R
- WQMIXEI[NIPS 2020] BT ) 245 3 R e G B B VR (B B O 1R 25 AT I BURAE L AR AS S AR A R
QPLEXB4[ICLR 2020] 5 TGM 50 XT3l 1 H 15 PR 2301 — S50 29 50 1k Sk X 00 340 bR 8501 — B0bE 29 3R
QTRANFSI[ICML 2019] SR FH 55 FH 04 95 3K 3 AR D PR 550 3 T B R R e iy 5 4 24 3R
HFIGM  QDPPESI[ICML 2020] E AR I B B RSy kL 5 R TR R ARAT R I R 2 SN G A 2 SR (8 PR B ) A
J5 ) 754 UneVEnB7 [ICML 2021 ] [ B} 2 3] — L MH S AT 45 I 568 38 T 20 R A0F a0 A 4 M 4 ik 50 a0 T A AR i AR 0 Ik A AR R R
ResQMUI[ NIPS 20227 38 3 5 25 oA AR B AT AT oA ) B R IR A SR M I L R R 2 TGML RN, SRE 2 43 A IGM [
IGM-DAL2I[ NIPS 2022] HEW IGM J2: 7 33 40 ik, SR AR A5 27 >0 SR W W A3 5840 Ak 5 DU U 52 0 AR 43 88, BT i 5 152 25 AL R
QPDLSI[ICML 2020 A FH RSt B U0 DR B R B L R AR S A A R A L R R i AR A3 A
HABR  REFIBY[ICML 2021] AR Bl {5 05 25 53 18 2L P9 580 T 2R A B8R L IR DR 3 i B 48 2 4 D il B L A e DN 5
PACHOI[NIPS 2022] ) P 5 DI 10 5 A7 30 06 436 109 J S 5 T 445 o i O 45 UL o 4 £ bR R 0 A 4 3L % Bl
*4 WMB\BEEEHS
e L2 I J7 i
- - N - . DIALM), RIALM, vBCEO), TMCEH, NDQU#,
. BT T A AR B A A DR A A R . e _ ) ,,
SR N MAICE4),  THGCE),  MASIASS],  BicNetl,
e B B Al TE. e
SchedNetl, TarMACL6]
BT A B R AR T B B AL B R R OB R X BB T — 4 : )
SOGH™), CommNet! 7, IMACL), I2C82], ISiss],
FL AR A0 £ R0, J2 2045 i o A 0 AR AR AT A b ommRer - o
o g ) . et e ot e e GA2Net!$3], IC3Netl$7], MAGICLSS]
— H K (9 8 TR At 0 B, B IR M8 0 15 K 28 5l 7 e
- %”ﬁﬁ1¢ﬂ%§l$%ijﬁ1ﬁ,fﬂ%uz\@ﬁftﬁzﬂzrﬂ?ﬁﬂlmrs?ﬂfﬁiﬁﬁ,% ATOCLS)
St ) 5 4% AR
B A 5 40 AR i A I B A DA RO £ AR S T RS B 2
SN} !f%gﬁ%ﬂﬁ@f W‘ffﬁﬁi{ AR, BT RS R 2 MA-HAG? . DGNE® . MARGING® . FlowCommt® .
2B JE R £ 14) 3 {5 45 ) AR 22 (8 P 0 Al £ 5, A 245 A T 408 R 45 40 R 7] HetGAT)
T A0 B B B £ T T A 4 5 135 8 0 B ¢
AR B RE AR BLAY BA R I 2L A AU — A T S R A p—

£ )3 £, 2 A R A

£5 EFERZENENEREEIFEEN

Iy ik Pl 45 g [ o 25 19 4% 25 4 5 EFH B A
CommNet " T[NIPS 2016 ] 58 4 & GCN T SR W ] J5t
IC3Net 81 ARXIV 2018] 56 4 GCN TR e & 5T
DGNPSI[ICLR 2018] BT GCN HTHE [f) J5i
TarMACBSI[ICML 2019] 5t 4 GAT BT B SR W [ J5T
GA2NetSU[ AAAT 2020] S BTG GAT BT {E SR W [ J5T
MAGICEI[ AAMAS 2021] A E GAT BT B SR W & J5T

LSCHOI[ AAMAS 2022] ESLTOIE] GCN T [ J5T
MA-HAZI[ TNNLS 2022] BT A HGAT HTHE 5 o
MARGINEYI[TNNLS 2022] ST R GAT T [ J5T
HetGATE I AAMAS 2022] ST HGAT H T SR W 5 o
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4 ZEREREBELFINEA

28 RE TR 5 Ak 2 ) U i R JLAR RS T

R 25, 78 45 it ek b A R A 2 KO 1 R
BRUOT, 250 B AR BE i Ak 2 ) FR IR )z M
TEF AL S5 . £ 6 iR T MADRL 78X JL#
N s AR T

X6 MADRLEZTENHGEFTHAENSE

N Y5 Sk 75 ik TAEMgE A
Calvo 4091 IDQN SR FH X 2 ) 465 5 48, X Q 2% 2T, T Ak 3L i 47 S5t
Chen %:092) QMIX TE QMIX 51 A {7 B e 52 BT A7 84014 42 =) 13
N~ Chu %93 A2C 64T YRS HI, B v A0 R AR A JR) 8 T U I 44
pel Devailly 004 IG-RL I3 EAE 2] AT R MR AR 3 R AT AR 323 P 5
Huang 459%) DSTAN L 25 AR 6 4 2K R M 3o 8 T L) 2 ) 22 XU P T
Yang 4:196) THG-MA S I P % A T AP S R A N P 5 R 1 S I
Yang 45007 THG-MDGI S 0 IR i R ) 4 i S SRR L LA R AR AR A 1 eR 4L
Zhou %598 A2C ZEA BRI RCR R B0 AT R R R A 202 022 A 1 22 H AR S Db R AR
— Han 4599 Shapley value TP A IC FR G800 8 e L LAY B B 8RR 22 ) i AR AR
Palanisamy 45[10] MACAD BT —FE R YRR R A B2 R ER
Zhou 4501011 SMARTS FHET —ALJNM 0 5V G- R 28 ae kR S B &
An Zg0102] SAC 1545 19 25 Tl BT A B H R R AAME 5 o 51K IE 0 Ak D 98 2 RE 1A i R
Zhang % 0103) Master % P T I I s PR 2R R R A A L T B A T e
HEF R Zhang ZE0101) Value-based A A EHERE 0 LA AN T3] 14 27 2 A DL 2 I 42 SR A AL st 422
Gui Zg105] AC-based Bt 7 — A ) S AL S A SR RS B R R AR AT 22 (LR i
Wang 401061 MFHRL 2B R M2 3 43 )2 3 AR 2 2T, Sy v gy AR 2 R AR 2% R o Bl 4 7

4.1 ZBEESEH

AR SR, AU Ak B T4 B2 3 I A e 58 3 ) b
[) S, 45 o 2 A W T B G v 5 A I 3 1 R TR
L Yt S IS BSR40 % e S 1D/ e i <R o
IR 2 2 52 2 ) B B 2. SR . i 1 28 SUI 1 i K
T BORAS N B0 1 25 18] 2 38 50 4 i 7= A 14 2 450H
S ST I 5T R 22 5 Re MR IR B SR AL 2% 2] O ok
il P A2 3 A 5 5 1 1) B, Calvo %5000 45 HY W] i #% 101
9 R A — A LS B 3 5 TR — A Bk
T E A AN [F Y O A R R kS IR Q
%% (Independent DQN, IDQN) 3 Il 45 5 Fi 1) £ &
il M St Ak B 24 JiE %) H E RN I 1 B9 75 ELL IDQN SR
Xt e ) 44 25 4 4 S G (L o 0RO A ok 50, 42 v )
SR, T = IR B Q-Network B9 M B8 Al AR 2
M. RIS AR Q 2 ) 38 ik By 1k 3 AR A (A 1k
WAL Q fH. Chen 255 4211 T —Fh 3 T QMIX
{43 1% 77 1 (Communication-QMIX, CQMIX), &
Je s QMIX A Sy -l A AT R AL 1 S il L )
FHICAE P IR R0 43 BORAT B BL TR . 2R J5 51 A 38 {5 B
Hest Bl T A 30 4/ iE. Chu S5 3 T —Fh 5
ST RSB MARL B, 28 Ge A 3 5
PEIB K (multi-agent A2C, A2C). F5 5l #h . 1Z )7 %8
Tk 4 v B REAA 11 Jay R T OUL I A AR e ARG 2 > X

fifiop gk R ANASE .

Devailly 555 5] AT 5 151 45 B 2% (14 I 44 &1
a4k % >J (Inductive Graph Reinforcement Learning,
IG-RL) & 7] LA 3 W AT ] 52 38 W 28 B 4544, DL 27 )
S TE AR T 1 ) A e ] R B B R TR AR .l g
[ W R G e R 1 A S By V'SR EReE o 19
AT RE. TE X B — 2 A8 M 2% AT I 2R L R A
AT DA T 3007 Y A2 38 ) 2% F 5838 4 A o A AR SR Y
AR PR, Huang 555 4 ) — o 1 IR B2 B 25 -3l 18
TER IR 22 N 2% 14 22 % RE AR 3 1k °7 2] 5 B (MARL-
deep spatiotemporal attentive neural network, MARIL.-
DSTAN ) 3k 7& R HL AR 22 38 9 2% v 1 22 38 15 5 e
B, A A A P14 AR R0 25 i 35 e A 22 3 ) 45 1) =S
() A4 A8 1 e ek 3 R g WL A e T 5 ST ) A X
BRI E. W8 TR EBEEZHNEEA &
1B I ROR TER R B T IR P10 48 0 2% 2 2 o)
SR R 2 ], A2 58 2 BEHLER . Yang %0 $2 1
— T T2 % 11 A AR S R Y SR BRI 94 5 B
Fl L% 6E 1 5 178 K 7 32 (Inductive Heterogeneous
Graph Multi-Agent actor-critic, IHG-MA). 53T
[Fi] JoT [ Ao 22 X 286 () 5 AN ], THG-MA B3 AN AL G
T B AN 0 B S BT RR A T L 4 B S 5 1Y) D 45 4 15
8. Yang SV — R LT A 9 5 0 IR T O
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ZR BRI E B/ {5 B ¥ (Inductive Heterogeneous
graph Attention-based Multi-agent Deep Graph Infomax,
THA-MDGD , IHA-MDGT J7 4 i 3o $2 H 1% )9 44 5%
JoT 1 R ) 7 AT AR AR Al G O 4R i 2
RE A TR B L MF DME QAT I 2k, 78 MDGT AE 42 v,
Bt T — D EAF B PUR R % RS IR R
PR R LA A AT R A U k. AR PR pRBOC T
& 2SI M 24 3 AR B R R 5 Q 2 H HAF B
KA T LME Q (AL B 250 T 5 B s BRI AR B
4.2 HIEBEHR

1E 21 M2 Lok, H 3 B B s R 12 i)
12 RTE . o H 34 3 HOR g 98 38 Bt VF 2 W A a ik
fi » LU AR )AL M IR A 225 B vl A B R L 92 ik A 3
P34 5. L AE K, MADRL #£ H 3012 3 b 4 i FH A5 5
TTIZWREMPE ST, I 2 2 s 174 N8R K
). Zhou S MR G sC B M A AT T Z A 3
ORI B AL TE R E 8 — > MADRL [A) i, H
TR A 32 VR AR AR AR F 3 S 3R E R A 3
YR A s SR AR TE PR BRI L BRI T —
F B R B84 il s it DA e 280k s i 24 g A4
DR T8 K07 5. R il b, BT T 2R A R I Ak
HRVE B ER A A h 2 Bl M 2 B bR Rl R
$. Han 5597 8 0 A7 2000 558 43 TiC 2R 4 1 6 2 Dl
LU B 3028 3R 42 Z TR B AR E A 1R, 4R T g ]
R RO ZE R IR UE SOF A T i R4
KKl B 3 T 4 R RE AR DA i 2 R A 2
[F) 6 T8 15 A VR I AR GE Y S 2 ).

Palanisamy %5 42 A R 8 ol W00 2 /R wf
A ) 8 AT SR 5 ) HUBK Bl R, AR
AT 55 0 1 T R AR T T TR A B A M o R I T
Z R RE AR 2 IR B 1Y 43 26 A & A B 2l 2 B ) i
HEAT 425 B ARATTER AL T — > Z AR IR E R A
SR B2 2 LUt — 2B BE ST X — T ).
Zhou FHUIF R T —AE T EF- G-l R 2
fefRam ik 2% 2] 551 (Scalable Multi-Agent RL Training
School, SMARTS). SMARTS 7 # Il %% . R R A
FHIE A 1 25 0 & Rl AT S AL, IR AFI T 32 b A
REBREWMHEEAER. A% — RN EMLLE,
SMARTS C 2 B 345 T =R E bR [ 3025 38 L 3§
Fh BT 1 BE AR 8 A Shir Al R4,
4.3 BERS

et R E AN FAT H F AT AR 3 H Y
— BBy B A B FRATT R BN A LAY ARV L F B AR AL M 4%
A RBIEE . RS b R ) RBA

R — A SBR[ B, A B A 27 25 3 kA Ry K
LRI I e 5 ) 181 A] B - i i B FH P - 3R 46
SECH. PR W] LUK R AR S By R AT R e i 7 L T
I SR AR 2 S O R . N R TR AR R I W) - B A e
TEREHUN] BEAF AR 50 4 T 304 Jmy R M AR 1) 18] A, An
SRR T — R ) 2 RR ARG AR SR AL A 2 Tk
TR T AR S Z BN BEE AR . B G, 2 R
W PR S B AR & R K Tk T — MR
5 2% 3E Tk X R A P A AR S () D R AIE i &%
B 2Z 0] B 5. LU 48 T 15 5 190 2% 18 i 1 U4k
FEAS BIp 8 8 R M4 2R 42 Ry Jee AL R W . Zhang 4510 g
XF BBV G RIALAEAE FRAS 3538 19 78 Ha, b A5 1% ]
P& i — A 2 8 Be 1A i) 2 5 A 27 2 HE 42 (Multi-agent
Spatia-temporal Reinforcement Learning, MSRL),
M TEHEZIESM N 2= KR, B e AT
i 0 Pl R T 3 K A A L S — A
AL HE BEAR, B BRA R — A2 HARZ R B
WAk 2E I AE 55 IR R T — A 258 BRIk 3 01 -1F i
FHELE O TE R BEAAR =[] B ] 4 77

TE— DB 2B B b Bl B A I 2R 15 Ok
R T WA A PR TR AE B AR A U R
W OCHE, Zhang VORI T — ARSI S G
HEAF 7 K 2R RE AR s AL 2 ST R T B AR
W28 3 Bt G A Y e B 2l 5 LA A [R] 1Y 27 5 A
LRI R LA Y. 5 DA SRR iz ik B A
SR TE R R RIS 6] 60 2 3 e gk kAP R 2
SEPAE R AR . Gui 80 5 Al — bR 7 Y
BAE Z 8 Be R AL 2] J7 R il D 28 AU HE AR i+ 28
I 2 B HERE R B, B L AT B E S T2 W
Ty S 4 SC. %07 25 AT LA R4 28 £ — /N 4 Py s 4
3C, IF M PRI R K v e R 4R O O Y 4 A
HESC. Ay figp ke T AR R A 19 2 Dl 15 5 A [ i 1) A %
T BBt 7 —A Sl SR HL L S WA SR B
RE MR 15 22 5 AL 2 Db

Wang Z&- % B H T — B % HL 2l A 42w ALY
B AW 2R A S #7722 48 (joint Charging and Relocation
recommendation system, CARE) , )\ Hi, 21 1} #H %= 5]
BLAY £ BE 1 o LU SR E S — > 28 Be IR i Ak
o] )R, Herb R v g Hh R 4w PLARY B bR 2 e R
LA C R R, ZIr kit T2 GE
PR3 03 J2 58 Ak 2 2 HEZR (Multi-agent mean Field
Hierarchical Reinforcement Learning, MFHRL), A
B TR CARE 09 L 30 3 FHL 22 =) AL 4 it A 3 WL
f18y W 2 R Bl g 1L
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5 REERE

Z B Re R A2 AR LR 2 S 1 — A EHE 5y
LA B KA DT AL G T vk — s TR
B2 (R 4k 5 30K 1 3 5. Bl R B 24 2] 7 T i
PR ST E AE 48 1 4 Pk 1) AR V2 LART TG
A YL ) % A5 AR 15 ) 1 F 28 RE R TR B st Ak 2
S OF AR, R i MADRL i & — M 4E 5% 1 4%
S, FE T R 2 T 2 1 24 R Y (R s T I A R R
P 4E 2 H ST RIE 40 T 45 1 22 PR IR

FEAR SO, FATHRAE T 7637 24 10 2 Re IR R
5 Ak 27 2 U BT TAE W T2 k. FRATTE e
Br T 280 Re PR R BE o Ak 2% > 8 FH I 0] R38R DL ST
I 1 PRI AN Bk . SR IS FRATTRE Bl i F oS 4 R 3 A
AN I B 4 BE S B CRE T {8 B0 R TR g AT 95 25, 2
T3 A5 5 R NS R F 22080, I 1 400 55 F 43 i
TR EER TAE. S, RATIE T A SS5 T

527 B9 MADRL J7 2 Fl 2 T #2245 1) MADRL

Tk,

WA ATRGE M5 T MADRL 76352 ) 5
H N IR LRI T R R R ST R R AT R
GEARSCRE SOCHEM R ESHRN — . AT
X0 SCHEE , FRATT A B 3 A B X SR T vk Y T A T
IME IR Ry G R Y 2 3 R AL B T H U RS T
fift MADRL >4 55 (9 #k 6 F0 32 38 T AE. #E 0T 3000 19
KA FRATTT 4 KB TAERBL, IR A&
B G 2 AT AE X A R T AR 2 G BF 5 R i — 2P
5 K.

AR SO BT A4 T3 AL R 55 S T 1) 1
B T RN T MADRL H & A F 05 8] 19 05 %, 2538
AU E. HETA — 26 TR — 2K m LR T
VE 13235 AT U255 LR BT 20 S50 43 A7 FiLAS 2. Gn 5k
Tl {5 MADRL J5 0] 2% C#k[107 JF1[ 1081,
FETE R B i 1 5 V5 T 275 SCHERC109 ], A S 43
205 BT LA H B9 MADRL (] B 3 /R 25 79 LU
B TCAH Y MADRL J53 , BT AT VF 22 R EE 1 7
i) TDX 386 Ty ) AT 0T 4 43
5.1 FRXFEFEH

HISCEES T LR 5 H 9 MADRL [ @ % 7R B
3 AR SR E 7 764 BB AR [A) B AT He SR 1 Sk Ak L i
TR BE A H I A T SR MR SR, — e Bl R S
JER 1 ZE (extensive-form game) ™. § B R 1 ZE DU
TR Y TR 248 2 2 RE R 2 0] (9 Y 22 L. 128 Rt

R TR RE MR A BE IR 1) A4 RS Sl AT BE AT
I R 2 N N o = S N e S S R NS D
PP, mT LR R 2 Dt 315 8 R 20 0 15 R
e SRR EPSENIS L BN A TN EPSE S
Fe B E AR RER T X £ AR T i1 R BRIk

AL 9 A 340 4 R fige e e X [R) 8, R AR Fh e
Al o107
5.2 ET#Ep MADRL ik

HISCA 431 MADRL J5 32 # 2 To B AL iy, A
T ot SC 10, B RE AR AN T 0 T PR B ] AR Y
BRI D i R 5 PR B S8 B A o A el A8 B AR AT
h. TE LR BEAR DRL @8, B TR 0 ik © &9k
JZ RS, Horbag o BRI T e T — A W Y
AR 2 (AR, LT g 2R 58 A0 4] £ IR S 5 R 3l )
2 AL il RO T TH T AR S SR 5 AR g o] | BT
LY ) B B AR TR T, B AT R A P A A
FEARBLDAG 2. 3 20 4FHT . 5 P00 2 TR MARL
DFERR L, W E A R-MAX Bk A AT
R B TR YRR B T R A 1k T S TR T
R [ )7 B 78 B e AR DRL AT 45 B JRR 104 D
SURZN 25 e SRR Y MADRL ik
1R 2 OCTE.
5.3 Z=&£iE#% MADRL

S DRL Sy dpe A g s il 2 S 4k 17— > 3a HAE
Z0H 25 A 2 ) SR B OE S B S R B R L
AR FEBE R A [ 2 3R 2 H TN B e B R
BEEEME AR MADRL & 2 56 H 21,
— A EARWE RS B 3 Bk & M w4 Tk
AT DATE S50 2R 3R 855 R [A] 19 14 8 Hp 92 A 0T O 8 i 1k
RE MY JE M 22 P2 4 R ZE I 2R ), vk b
HERTEFUE X 2 4 XN DL S/ 1Y 38 J K 80z
1. H 58 b e mE i A T & R B AE
B LB B LA 55 R R R IR ) R A el 2
AR TEZFReAR B E T ] 2 AR 15 T BBk R
P PR Ry fif i 7 58 AR 75 28 25 TR RE AR 2 Ta] 1 AH B
P 4 I 2 IR e A7 A1) 25 w28 1 28 RE AR BRIk 2
A I V1% B I8 Bl A N P e
H 2 A & TARTE G % 2 MEHMTE MADRL
T Y SR  R —  AE  (EAT R R
19 77 1] .
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Background

Multi-agent reinforcement learning, as an important
branch of machine learning, has a long history, but
traditional methods are generally suitable for scenes with low
dimensions of state and action space. With the rapid
development of deep learning methods, the field is
undergoing rapid change, and many previously unsolvable
problems are gradually becoming easier to handle with multi-
agent deep reinforcement learning ( MADRL ) methods.
Nevertheless, MADRL is still a young field and faces many
challenges while attracting more interest from scholars.

There are several common problems with MADRL
methods: 1) Scalability: With the increase of the number of
agents, the action space increases exponentially, making it
difficult to obtain optimal policy. 2) Non-stationary: the
behavior of each agent usually causes changes in the
environment, making the environment unstable, and then
affecting the action choice and policy choice of other agents.

3)Reward problem: Because the tasks and learning goals of
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different agents are usually different in general tasks, and
the interaction between agents will make it difficult to
determine the goal reward, which will seriously affect the
convergence of the method. In the cooperative task, the
agents have the same goal, but there is a credit assignment
problem, that is, how to assign reward signals correctly for
each agent to better coordinate and maximize the overall
return.

In this paper, we provide a broad overview of the latest
work in the emerging field of multi-agent deep reinforcement
learning.  We first analyze the common problem
representation and the difficulties and challenges faced by
multi-agent deep reinforcement learning. We then divide
recent research into eight different sub-topics along 3
different dimensions, namely (value-based or policy-based,
type of task., whether to communicate), and examine and

analyze the work of each topic in detail. In this part, we also

summarize the MADRL method of communication learning
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and the MADRL method based on graph neural network. In
addition, we systematically study the application of MADRL
in real world scenarios, and review the latest research
progress. Finally, we summarize some directions that are
not focused in this paper but are worth studying. With this

article, we hope to provide interested readers with the

necessary tools to systematically understand current
challenges and mainstream work in MADRL by providing a
more comprehensive overview of the latest approaches.
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