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Abstract In real-world scenarios such as autonomous driving and team-based cooperative
games, multi-agent reinforcement learning has demonstrated significant potential in tackling
sequential decision-making problems. However, it also encounters challenges including the
curse of dimensionality, instability, multi-objectivity, and partial observability. This article
offers an overview of the concepts and methods employed in multi-agent reinforcement learn-
ing, providing a summary of the prevailing trends and research directions in the current stud-
ies. The identified research trends comprise the CTDE paradigm, agents equipped with recur-
rent neural units, and various training techniques. The primary research directions encom-
pass hybrid learning methods, cooperative and competitive learning, communication and
knowledge sharing, adaptability and robustness, hierarchical and modular learning, game

theoretic approaches, and interpretability. Looking ahead, future research directions entail

%5 B #5:2023-02-22 &5 B 85 : 2023-05-04
BIEEE 875, E-mail: ytan@ pku. edu. cn
EEWAB  BHERE S IR H (2018 AAA0102301) 5 E K H AR F 2% 3k 4 ¥E Bh W H (62250037, 62276008, 62076010)



513

Br N e .5 . 28 BE R AL~ 2] U ik 22 iR 19

addressing the curse of dimensionality, solving large-scale combinatorial optimization prob-

lems, and conducting analyses on the global convergence of multi-agent reinforcement learn-

ing algorithms. Pursuing these research directions will significantly contribute to further

breakthroughs in the practical application of multi-agent reinforcement learning.
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s Ak A > ) AT DL o — A B R Al R e ok
i ## (Markov decision process, MDP)' 3¢ i
A~ MDP Al DL dili iR o — A~ o, B (S, A,
P.R.y), Hrh,.S W AREREWES .5, €
S e WA EDIRE s A R T A ] AT S E Y
Eha, €A Rt WZIEBRIESATHSIE; P £IR
Xf A S AR P A RS B B A r € R ROR I
Beny iy € [0, 1) 4 4m & £, F ok 1 5 4 A
R MR IALEE . ¢ B 208 gk 5 B 58 28 B
BAE T B IH 98 0 B BB IR OT AL BER B A5 B s,
LR v, 78R a, s MR AE a, 77 A BTIR
A s BARCY T I 20 09 30 AE 22 D
fE MDP Hr, — /R 2 (4 109 22 22 Jil CHID L3R
ST H 2 MDP 45 87 A 1y 2 B i i1 191 22
PR ZOR S B o fE . eR BOE A7 3258,
CIRYSGI R
V(S)=E[r, +yvria+7r+= | s, =s]
(D
FH 1 BRI B e SCAT A4S 381 H 3 4 TP 5K
V(s)=E[r, +7V(,) | s,=5] (2)
AT A5 3 4 {8 bR R Y DL KR 22 J7 #2 (Bellman



PO s 3 N

2024 4

20 f5 8

equation) :
WQ—MO+YZPOIOVO)(@
EEJEW’EE’JTE,WE%‘MI\EX A BEAMN

{H PR %X Caction-value function) Q" (s.a ), LA F1E
XM ADIRAS s AT EIAE o 15 2000 1128 BB,
Q" (ssa) XL UF .
Q" (s,va) =E[r, +Ar. +Ar 0+ | s,.a,]
=E[r, +Q (s, \yra,.) | s,sa,]
4
SRR R Ak 27 2 0], 38 R AR T eR R Y 5
fb27 2 )71k (value-based RL) | 3K W& 6 & 119 55 1k
2 2 J5 ¥ (policy gradient RL) DA BB —F 455 1)
“T R -PEIE R HESE (actor-critic structure) .
1.1 ETERYENRERLES
FIEB VRS T A Z Fh sl B 7T LAk 5, 5
T eRE R s Ak 2= 2 T B IRTERARE T
AN TE) B AR B B (8L I AR 8 3% A i 1 R 18 4% 5 2k
TTHshE. Q" (s.a) R FME, fEITMEN
Ty SR it die 0 W A5 AN T SR i S5 A 19 B AR A
1B PREK -
Q" (ssa) :mﬂaxQ”(.s‘ ,a) (5)
s A B A U 18 oR B R DL R 2 I 7 7R
(Bellman optimality equation) ., B3I A] L3R
7N
T’ :arggrr/}axQx (ssa) (6)
Q-Learning™ 42 1 7 — B B 85 Q 15 7
%L B
Q' (s,ya,) < Q(s,sa,)
+a(r,, —O—Am“ax Qs sa) (7

—QCGs,5a,))

SR, FEAR 22 55 BRAT: 55 o R 2 23 18] 1Y K/
i ie sk Q E R I THRACU KRR, & B4
JEME . HTH Y e TR 4k B2 OME (149 J7 1k Ol A0 1 R ER
VT LK % (value function approximation) , Bl 5] A
— MR Q(s.a) K Fm Q 1H:

Q(ssa) = f(sya,0) (8)
1.2 REEBEMERLEIFE

FTFE PR ER Q-Learning Jy ¥ 7£ 1R £ 40 45§,
WA T B E 4 1 s (B Rl B — 1Y Sy BR A
EERBAE 2 A J5 I 1) X L2 Sl i Ak B RE
AR, HTRER T2 IE. S EARKQ
1B 1Y B AR S 5 T (8 R BRI T vk R Ak 3 3% 28 B AR 1Y

1T 55 AT ME BE JE M K1Y 520 TC ¥k A e B AL SR W
7] 51, e {1 b K001 5 A 2 ) O 0 T R E
MG . AT SE AT 55 1Y e p R w2 (B BL) BE AL 9K
W (L BRI 3k D) T kR iR X AT 55
SUTTON %" 2 14 T 5 W 6 B (policy gra-
dient, PGYIRALA . 55 T ek EUW 5 &
AN]SR WS B BE 5 1 T X R W R AT R RN AR
. TEZIEITE D R Ay — L0 R
SHE R 7, (als) o BT Dk R .
T =>IP" (V™ (s)
€8 (9
:ZP”“(S)Zm(a|s)Q””(s7a)

L P™ )RR 7, (a | )T BIR
AREMRES A, TLLERR N P (5) =
limP(.s[:.s | Sosms) o

HR A 5 Ak 27 2 10 58 S, /7 2 X =0 () # AT
A SR B TS B BE VT (0) AR H R AE R .
SREME A HE J7 B U B T TSRS R T RS
AT AT IR S AR TR AL T X (O SR I
Vo] (O

=V, > P () >,Q" (svadmy(als)

o DIP () D,Q" (sha) Vym,(als)
SES a€A

LI ‘ LT V{]Tf(j(d ‘S)
f;P<n;mmeuM>mmm
=E,, [Q" (s a) Vilg my(als)]

aom

TSRS B A R TR E QT (sha) s
X QY (sva) WAl AR L Fl, i Fe A (1)
REINFORCE J5 ¥ 2k ] T 22 5§ - 1% J7 ¥ (Monte
Carlo methods) # 174l i . REINFORCE ¥ 1Y
T YR T AT Y RN 1, IR B AR
SKAEE B A A2 e DU BT 04k K

Zy’ oo o, T OBk 2 H A,
RHM@ME%&¢M£%WFTuﬁ%rﬁ

ez [Eﬁbz Vilg m, (a, |S,)J (1D

1.3 “ER-IFIER"ER

A G T eR B O i RS — A
Sl A 6L R K T 3 b 12 7 3 LA o — A SR
PR, T IR R HESR R — RV A R T E
SR B B AR o 37 Wk A SRS A JBE T 1% B9

V,J (0) =E



513

PR AN, % . Z B REIR SR AL S Jr Th Sk 21

FLAb 151 AAE pREOR HE Bh O W pR B U e o]
TE TR WA B 7 vk b SR M R B Y — A B 5l
AAD G W, He, g, 7JUAEZMEREL.

1)§Hr,ﬁﬁﬁmﬁ%ﬁﬁ2>zr’nﬁt

t'=0

ﬁ%ZE%%ﬁﬁﬁ%%ﬁﬁ)E%%,—
b (s, MALE FELR PR (baseline functlon)[m] FY) A
HETE 3K b G ORI V™ (s, B 38 5 10 Ry e 3
PREL A™ (s,va,)34) o7V (s,0) =V (s,) K
Y 22 40 ik 2% .
ffi ;| REINFORCE J7 ¥ i 52 F¢ R I R A
A5 21 1 SR W Ao AV 2 TG O 1Y L (R Iﬁmﬁw
éﬁcﬂﬁﬁ&ﬁ%m_%zﬂﬂﬁﬁ&jtmﬁﬁ SRV N
B2 bR BIOR B /N T 22 02 — AR T I B R S
X AR SO T A 06 L 4R pR B O S AR S
) 1B RS T 5 ] IO 22 3 3% 22 Sk 48 5 SR W B i
FAMWITE
Y 51 VTR G HE AR AP IR
2/\3‘%‘ DR 43 I 45 A SR s b il
Gt — B, S HOR F R WS 86 B ik ik AT
%ﬁo TR R AR MENL . LV, Hf
w RHSE ARG WEVF 22 53 5% 25 h R A M0 (A
BREL VY (0. “TEIR R 7ML 1 B s 2 B4 RS
W (B PR, P R SCRT AT, AR i B 22 43 O 204 #
SETENTE O

1
L(w) :E(r+va (§;00) —

AR r oV, G PO INZR B AR T 46 B 80T
o PR BT B 1 R “ PB4 i S BRI aT

2 ZEgEEREFIESR

5 RR AT SR BLL 2 BB AR R AL 2 S
S TE R e — A 51 o 5 ) @, fHL 2 ] — I 20 A
LI: MEBRAKS S 5HEME TSR, Hik, &
A REAA (8 LI UL %) I 300 DL K % ity (AT 2 Bl
AR RER R G SR & AR AR M. RS R
BRI Ak B A oK 25 X H At B 1 1A 3R w1 2
AR . T 2 A RE AR 2 TA) A 0 D S
AL N AT RRAEZE R . Z R RIKRAEM L
b A AT LLGE G — A R O I Y B R n] R o AR
(partially observable Markov decision process,
POMDP)"" Sl fifi ik
POMDP Af LA E R — A EILH (NS,

VG, (A2

(A"} {0} P AR . y) . Ho, L, N}
FR N /\*Dﬁﬂlliﬂﬁﬁﬁ,s %‘z?%ﬁ' Mﬁﬁ%i)u)“'
AR eRREELEG A RN 0 13 1F4E
H.0" AR AWMES . P R REH
BBER B R R R MR ES .y FR
Pran 7. 7E ¢ W20 B REMR 0 AR A B I o,
I B SRWS 7' Cay o) AT EIAE a) - B8 R AR
B s, s BB ( BN - G, .a,
s s Ha, ={a; o 0a) VR ¢ 2T R RE
RIS S E . BRI ¢ AR PR RN A
V;,.{,(o,)

—E[DJ7R Gva s | al ~a' (o)) ]

t=0

(13)
A, —i RORBREREM ¢ mHAMBE REfA. X
(13) AL B B AR 1Y e £ 3w 32 30 HC b 0 i
PRSI 209 £ 389 A0 R i e b 28 i) L
Hoe SCOR S FARE— A 7' s — A i 354 R
rl = e O R ETRE T X A
BRERHEA V.. . (oH=VL o). il
Ay 7 5 SR G A R AR ) AR B R L SR
W& B TR R N A AN B o — Y
USR5 A A AE TR IR A R 2 B2 5 Re iAo
o7 S SR R iR 2 B AR & W SR 3 — - 2y
fif i . ZR B RGN R 2 iR,

SO}"
————*-Emm'—————

(s, 02 %) T
———ﬂ.IMI.————
ks @

D

~———— T

2 ZEHERNXEEE

Fig. 2 Interaction logic of multi-agent systems
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