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Important Scientific Problems of Multi-Agent Deep Reinforcement Learning
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Abstract Reinforcement learning has been used to solve sequence decision problems without models for decades.
However, it often faces great challenges in dealing with high-dimensional problems. In recent years, with the rapid
development of deep learning, it promotes that reinforcement learning can provide the optimized strategy for com-
plex and high-dimensional multi-agent systems to efficiently perform the target tasks in challenging environments.
This paper reviews on the principles of reinforcement learning and deep reinforcement learning, puts forward the
closed-loop control framework of learning systems, and investigates the existing important problems and correspond-
ing methods for the deep reinforcement learning of multi-agent systems, including multi-agent reinforcement learn-
ing algorithmic framework, non-static environment, partially observability, and so on. The merits and drawbacks of
these investigated methods are analyzed, and some related applications are summarized. This paper also provides
some new insights into various research directions of multi-agent reinforcement learning, and related ideas for bet-
ter application development in the future.
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Fig.1  Basic principles of reinforcement learning
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Fig.2  Schematic diagram of deep reinforcement learning
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ek, MR — N IRRPIRS Mz R 8], IF
TR0 P B R AR ) R AL A S SRR (HBEE
e BRI, 2 SBORESMB)IEZR R, DA
2T IEHAT A IO HE Z MR, Rk, 315

3.1

Z AR R IR TT, — BT SR — B A X
(7735, DARE G ik K R IR A RN 50 1 72 ] o),

A NG04 AT A2 10 % R —Fh
Z B R AR SR 5 ) FOL S . AR GRIN, BT B
ReAAR FH A T S BT IR, BB e A n] DU
1o T B ) T A 38 3R AT AR R s A i 5 8. 22
SREE R MIBAT 73 A g, B4 B e Ak A reil
1o B FUL IR AT PR A T8 A% R 1 FAth 3 e A4 45 15
HATENERIE BT, thT 2 B Re AR IR AL 22 o AE R
IR EE AT U 25, DR e A 2 [ PR 38 A5 AN 32 5K
ORAE 2 A FBR M, T H 2 T 3R IR BDIRES
8T XA AR rp QN G20 A sCPRAT B 5 4 11 52 o 2
. B, XA SR A 2 2 B B AR aR AL 5 2
AU JLAY 2 S g 2 —.

Lowe S542 H 1 2 8 BE R IR BE1 18 M SR I 6 2
5% (MADDPG), £ 811 DDPG HiEy B3 £
B e, 3 T A b R A AT I 2
K, AN BEAR A AT 2% X 28 VT A 25 0 25 10
EZRd, PPHER 2% T DRI A RS S, X
174 W 28 B SR S 4 T AR, $AT 28 I 4%
R R A B AT AR IR £, AL, %07 IE
TN T AR R 4 28 FH T F5000 5 Atk B A7 84 e A4 1) S
W&, A2 P VR M58 S AR 55 TP BUAS T B0 IO 2K
K. #T MADDPG HiZ%, 06 Z P46
AN FEMER TAER Y, Foerster 42 HH T — =W £
B REAR KIS B B (Counterfactual multi-agent
policy gradients, COMA) &2, ¥ — M ek 22
JiNEE 7R 9 A HIIRES T R REAR 2l 5 28 e Ak B )
VEZ Ja RRAR 2N 2 2P, 5 MADDPG JiEA A,
COMATT AT 1 — A2 Jm B VF 40 R HO0T 4 11 1)
EERENVE AR BAT VRN, o TR (E B3t =
BRI REAR T K PMERE 0. T2 R vE A ek 4
A A, Z o7k RREAE T 4R 2R3 A Uk
ITHIZER. COMA A R Z b R BeH T S 83l
E=E], A BEH MADDPG —F£ 1] H T & 88
Z (],

REER XG0 mXAPATIE R A1 2
P#h, B2 BEE 2 Re iR BeR m 3G, b )i Ze
PEA 5 P 28 FUASE 2> PR K, DRI DG V2 Ak B R RIARE
EZ R UNToE= Bl ETF TS B Y I N SR =P S s
LI 58 A oA 2N ) S BN A R0 AR IR A 4
Ry, 2 A A A d ik A R 1 DX 2 F ik AT S B 3
=, LER N A EEA RGN, TR RS 1S4
BUEPRIE, RONE RN S B EE B, DL LL b
JURP NG . b, (5 B ] DU 8 Refkal i
2 2145 B AE SERE P AR N2, 6 T IXOMOEAE T
3, KA 5 T REAT PEA ) £33
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3.2 IMEARERSM

FEHUR Re A 5 ) b, AR BEARYE B S afE
HIREEAZ BT 58 jl 2 SR 55, T A P AR 2
AR RS, BN BEARANDOW I I B S 1) 3%
IABEIE IR 20, () St 2 UL H At B B AR PR B 1
PAEZ R LN I PN S~ ) % N7
Hh ] IR AT A2 5T, oA B ) S, kT S BT
MEEAS R REAAR B AR B K, IR BT B A AR S 1.

FEIX MG OLT , 2 ) oA Hoh — AN e A
F1R) S 42 5 M) JHL At 8 A B D0 SR ) e L, [ 0f
TR e A B A T AR ) E T, T
LT F S5 D0 M, [t A AL R E A = > AN SR 1)
SR, FEARSKIIE HL TR A 2 B 0 SR g 7, Q 4
15N T AR G R R AR B A 2 Tk, R
REARIABE TP AN BE ORIE SRR AU sl T B R
I, iAoz st Q % ) FEEE I kA I A 5
[ TR P Q W28 SRERS ) 518 H T AR B A TR IR 1
i) .

AR % B R AR gAY 5 > P AR R A PR R R
BT DQN HERH T 2Pkt 77 %, Abdallah 5§
HETHEEEH Q %) (Repeat update Q-learning,
RUQL) &%, 1RHIREEE S 8 Q M (Deep re-
peated update Q-network, DRUQN)P™ il 5
W FEBNVE MR B LI 77V, R BE 37 Bl A A 8 4 3R
WEH R 22, B TR G Q I TTER, IR A&
Q M (Deep loosely coupled Q-network, DLCQN)
SN RE BE RS, A SR (B 22 1
RO Re AR BT FR B, T Re R mT LLZEAN ]
TG Hpod I 2 2] SRtk E ST AT B IE 2 5 oAt R R AR
BT A 1E. Diallo 2% DQN ¥ i N % B Bk IF4T
DQN, HRoRi% 7% AT LAAE AR s PR 8T i S0
Foerster S5 th 7£ 2 & R A58~ 8 FH 2258 [l L
Hil DQN ik, EERAAEIMABIME Bk 4
B2 B Re AR B GRid A2, AL PR B AR A o 7 v
1) 87 B B L SRAE 7 VSR A B o I Hd s 2) i AE
2206 N N T 2 A5 JE R A 28 56 vt B TRORE AR (1)
CEEST . BRI AR Palmer S5 48 H 1) 5 A
DQN (Lenient DQN, LDQN) 532, F LAf# k2 %
AR (A IS 27 = T -3 B0 S AN A E o) 0, JRE 2
BRI RIS TS iRl DQN (Hysteretic DQN,
HDQN) SHikilt47 17Xt R B LDQN SykAEBEL
22 il A 55 P e S USRI B HDQN 53 58 4 g 42 1
FWE 9. Zheng S50 IR T A S LIS 2056 7 HA
[RALE 456, $EH T I DDQN (Weighted
DDQN) 5%, PARIG 22 8 BEARIABE b i A E 5 28 30
55 ) 23, 0f BEATL 5l R S R AR, R 07 56 IE
7 WDDQN #H%F DDQN H A 54RO

3.3 ER ATt

TELZHAES T, B BRI A RS 3 4 H PR
Az 8, TR Be 0t 4 PR AT Sk AT M, 3X K in]
AT LAAS B 0 T S R BER S S #2 (Partially
observable Markov decision process, POMDP) i
AT FR AN FT10°. A Sxof 8 43 WU i) AN PO M-
DP Bl B —Leff )7 %, Hausknecht Z5#g
HTIREEIH Q W% (Deep recurrent Q-network,
DRQN) 535, fii Flf DRQN J7 7211 B8 fe ik fE %
FE B 53 A IR v DL R 1 7 25 2 O elodE 3R
. S5AE4H DQN FiEA R, DRQN i i JH
Z ML Qo,a) , BIWLIME o FIBNEAE a HIIRAS
~FIEME AL, AR DRQN K RI2% B 2R SR
WE RN HRE, KBRS B A S ERE-31E
EREH, S5 FE S DQN BRI 7 vE AT 1H
BRI 250 B

Foerster % DRQN S5 N IR 4347 20
HIH Q W5 7% (Deep distributed recurrent Q-
network, DDRQN), F UAAbFE 22 B9 R AAEE 43 v WL
A1 POMDP [ #%. DDRQN 5% 3 B4 = M
s 1) KRN REAR b — I T B B E AR AR I [A]
VIR — 887 2) % ) iR b T A B
PRI R —A Q M%; 3) AHEL T DQN 5k, Al
FI 2256 RSP . DDRQN @it HE 23 Q M4 (17
2, AT RLR KID W 28 S B, B 5 ) T
BAZITVE ) — > B R IRAE TR T A R R AR 5)
TESE R A, itk DDRQN J7iEARE R T 544
Z R e o

Hong Z54& H R BE SR IR HE R 10 Q W24 (Deep
policy inference recurrent Q-network, DPTRQN),
AT H T3 I A 2 R 2 DL S e B 23 AT U Y i)
BT DPIRQN 3 5] N B AF 5% M 4h 2% 1 H
b, o FA R BE AR 1) SRS 3R AT 2 ) AEYISRD, BiE
7 T % B AN FL AT RE AR S 1) 5 3] i
INE AL B B SR uE PR AL, IX R A1 AR R
PR TR ARL BR £ — 8 A B RO Ath 0 i A2 1Y) SR, DK
N IR R AR RS PR ) A SR AR FE MR, AT (]
I 82 T 22 8 B A S AR A S 4 I AT 55 .

3.4 EFFEINEBE

FEA L AT SN 22 2T a5ty v, B e A 2 Ta) g
A 100 2% S LI B . SRS S SR AR S A5
B, RASTRE R 2R &1F. 5IX R EE
WA IR, 75— R T 2 B R iR > 1
A5 7 A T2 ST A5 Uy A B RERIE L
SR, B A 2] — Pl SR . R A AR PR A SR
A DAARYE B ADIR A e A A R KGR E B, Rt
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2MERE R, KIEE BN LEUE BRI H
Fr 2 REAR.

SCHR [68] e F-gh T XM T2 ) BEAE U7
A, LR R Q )i E 4s HAh B ge Ak RIS
SN I 58 OB BOIRAS RIS /R 23 18] F 1A A IE
AR AR, R T I E S S E BN E T
TR FEAE 2 8 Re ks Ab 2% ST SRS B TR K HI KR
J&. Foerster 53 T4 o Il 25— A AT 4514
PEH TR ReAAR ] 3R 22 2] (Reinforced inter-agent
learning, RIAL) 77 VA0 REAA (8] P f°7: 2] (Differ-
entiable inter-agent learning, DIAL) 4%, 5IA T
BREREE T4 2] BI85 RS0, R R Ak B4R 1) Bl
PER oA 5 CRARAS, TR 306 363813 B SR 52
HAL BRI Z0E. 78 RIAL J7iE, IR
Q W2 HR 5] NP PR ZE WX 45, i 3508 53 1] WL 52 4 1]
ARG, B R AR L m — MR Q
28 R AT 3045 ) S VR A AE B AE A AN,
AR RN I 515 B IR FE Q M2 I B A, I
ST AT 455 S AR @A SRR 43, ATT 56 4y
AR IIHHAT. DIAL JVELEEREE Q MIZ% i 3. — 2%
AR IE, A FEH BB AE SR, W AE IR
HOR — B RR AR AR FE (S BAHEIR 2] 5 HOE R & Re
) RRIG R 72 i ABHE L, 42 7 U2
[P R. Sukhbaatar 5548 A 1 2R BIRIEAE J71%, 12
H T —Fh 2 B Rtk 2@ E 4%, FR CommNet
RO [ R ST T RIS TE, IR ) A R A
EIAT ISR, AFERZ, a8 ee ikt 2w/ —AME
T8, BB RE AR B ) 2 R e Y0 Bl B A R e AR
RIEWEAGTH B R EUE < M. 2R TR
UL VR 55 A0 R A e PR A0 8 S S5 AE 55 gk AT 1 R,
A5 7RG RUR.

BRREM St

5 2 B REARUR E DAL 5 >) UK, A5 FH R JEE R 4%
RN H PR BN, 45 22 8 REVR 2R GE 42 Ml Ak 5
R T OB A A, R N 2 R R
RIFREE. SR, BEE B RERBCR IS IN, 2 B REk R
G AR SR 2 1] 2R B, IR
SRR RE RGN, BORIE N 1 IR B sl 2 S B
IR AR, L3 R 2 el Bk,
2% B BE R UR JEE 5 A 2 ST 7 92k A R A ARG S i
B, B2 BIR L 52 2] J5 AR B O PR, th 32 31 2 3
REPA RGN T AE A BE MR A, A 52 — Ik
P P M R

il o o) IR T 2 R R AR — Sk ) R
W 1B B BRI RS E ME AN e L A X A )
AU, AN RE AR R RESRAT A AL, [R] i a a
S MRS AR B REAR IS S, A {E M B S 9

3.5

B R AN R H sl — e e I 2% I, R AR 31— 2
R bR E MEACSIVE A IR . SOk [71) £ BT
s VPO A FLA L M, (A5 T B eI — Bk IR
ZRON, T —EERE MBI B IR HiTie
TAECH RGBSR OL T 13 Bl A2 2 1 AT 47
PE. SCHR [72] 130 2 8 B A AL 2% 2] [RELR 17—
ol o Al AT 8 I BB, 2R R T 1
B e AR AE A DR 6 4 JR) S UL SR RO A 1, 9 HL
b ST S K A 1 0 e B a5 NS — Bt Ak
BT, AT IR R A R AT S T & R A
g, RIS HEAT 1 SRSk o #r.

4 BZEREMRERLESIHNA

2 B RE AR R 2 S T EAE 2 MU iz
)RR 15 1 SN AN s 5 g NS S - N
YR e ) SR AR TS LA B R R A A
S, T a2t R AR N AT

#HXEREIR R = B

Z B R AL 22 2] TP VR AR R A I N AL X BRI
EHRNIL = jn) A L AR L TR AL RE IR L = TV,
K 2 8 Be AR R B 5 Ak 2 2] 5 1, AR AL IX R IR -1
WA T T B A R RIS, Prasad SRR & 2 A4
BRI FREFEAL X ) G — e S
KR — R R = ST R Be AR, T 2Rl ek 3 S
B X R RRIE G RE R A OC, BT I PAT S
B E S HAb ¢ R YL R IR, AT A E N
YIAE — N [P S FE /N T o] AR BRI 1 K R
=L ARZ TN T & 2 AN BB 41 X RE
PRI b B M R L X,
% R FAN AR BT R 5

ESHESEE

155 43 BCFHAE 4590 2 i) 0, 38 75 5l 0T 2K
IR R SR e LA, 10 B F AT 55 19 43 B AT B K
W 8, SR FH 28 8 5 R O VR AR A M DR AR AT AT R
R, INE ZIABE SHEE B, Lin 2535 T 44T
PEHI B EE M RIIRE Q 242 Bk, SR 2 & Refk
CHE A A= 2B R R T N NN @ A T T
SO RO R Be A A5 FH XA 0 X A T AR
IS HERAE BRI 7 AL R R 2 R BH A ) A
ER R, T ERYZI7 15 T 42 BAJE B AT Lhg /b A2
W ZE, I EIEMAE. Noureddine 2544 & 1E
2 B RS R TR P R AN 2 S O Y RIF UAT 45 43 T i) R
i 22 NI REAR BB 7E — B A B8 B 1 20 A A B
TSR R R A B, I 2 AR RE AR Z (A1 AS
IR 582 Svet | L LT

4.1

4.2
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4.3 HlER ASEEHESI

PLEE N, /2 H AT 2 B RE IR sl =7
2177 R WAL AL Hidttenrauch S84 HLEE A
BRGNS POMDP, JF8 H #0047 2%
SURA FLEt AP IR YN i i w7 A Tl R e
JriFsE A B R AP N AIRES, OF
EN—AaREEH TR E R E. 0L
i NAEPREE (K 00 I00 v B AT PR, S8 51 D5 3K, W)
LL5E R P [R] 2 ORI R L 55 B2 2 R4 55 . Kurek 5583
T DQN 53, XA ERERME AR K Q M2
ARST PR 22 6 [ T, WF 7T S A LA N A AR T R,
JEZITIEREGAEN I TG A L as NS 1F
IS0, SR He I FRod B S8 S8 ¥ J - [ R L8 A\ H)
ool WIEAEASAIRK, o] LU 212 3 RE iR 5 il
5 Y TTEAEN LA NS 1] AR A 5% R S B .

44 HIFS5EE

Fhoz 2 ) — 2Ll @ o B A AR B INAE A
BB 145, OB A s A2 328 56 R0 AR s AR s 6 1)
e TR, 28Rk I A T
— e 2 W B AU . Leibo S5 Y —Fhik 42
#1 2 M55 (Sequential social dilemma, SSD) HE&%,
FHAESL 7 SSD AL, %l TGS A — M i kI A0
AR 720 S 4T R AT SR A, A8 FHSZ. DQN 1Y
5 2] IR AT AR 2T b B BRI s ST 2, AT
FH B SSD Hyhfhr £, Perolat ZEXT/24 Het i
Z P (Common-pool resource, CPR) 4 F ] @i+
i 2 AN 2 ST ) DQN B RE R fE CPR st
175220, 18I A W e AR B AN R e AR 1 22 i
3, 4152 CPR (5 1] & e A A

5 ARFKARFME

5.1 EZT%H MADRL

Z B R IR B s AL S 3 T ik, B R oK i B
fifh TR SRR U BE 77, YT B2 Al R B AT 55 1) R
WA ROTVE. SR, IR EET7VE MR AE 2 B e R A IR
HEAT A R AT Lo, Wik ) (Inverse re-
inforcement learning) 1E AEE % > 151k —,
T LR RE AR IR B 5 AL 22 3] R A R . Ay 5 2
A58 A 27 1 J7 3R AT LA/ 2 T I [ -5 v SR )
ARNE, A BRI R R 0 (05 A 3] s
TR AR RN il o ) SRS R AIL Y, I HL 7R 2 AT
71 HH HE BB HE A il R KR R0 9 A 5 3] T 92 S 1 2
MADRL 43, 5 2 7= A G A5 e 08 3L [R] i s AT 55
(12 A7 X LA R B SR (A i AR T o HL AR A2 %
55, RNRE HFRMESS 5 21 7 kA A, v

TR SR E AR 55 BRI R AR RE ST, —ARKRZ
B REMIR B sl 7 ) TR B R T R 22—

5.2 EHT#EAE MADRL

TORERL VR B 5 A 27 21 J5 12 RE S A L A BE AN
ZR BRIV 2 R, B2, R3ET5 iR IE N
THIE R FASNES, HfZREAARMEKN
I R A RESR AT RAFAOVERE. X T AN E ANzh &
155, B TR 2 8 R R IR B AL 22 3] ik B
TEREAR R0 36 TG e R 3 P 1 55 7 THD e IR HH A 3
V. R Sl A R REAR TR E T 1 — SRk TR R Y
TR JEE 5 A 25 S R, RIS Tk 1 AR AE 2 g
PRI Z W IT. BT EA, AT RAAE 3 TR ) 2
REPAR SR A0 52 21 U5 AL MCE 2 IOBIE TEIR R . IeAh, S5 &
TR AR TR U5 7%, Bt 2 B R R IR
SRS 3] T3, R M ARAETE 7k TE A AT

5.3 1B{5%FRAY MADRL

KRB ZRGh R A S UME— B2 2
RE A B AL 5] U ) PR 72 B V2 7
RER MRS, BT AMERAILFRKAT N, B3]
P SUCRTRAT H AR, A RT DA I 4R Il 2R/ 2
HICRAT, RSB AMR AP, AR Mk 2
[ E A5 P, B R A RIS SZ BRI T L T
DT L TR B 5L 52 2] SR K H ek AL 22 i 5K
M = > RE AL S, SCHLEAE 52 RN (02 2 g
PR RS PR, SR R AT I R KRS
W 5E AT 55, R ARHAEAFWEFT I 17 .

54  AWAZEHK MADRL

REE SR 3] — R IR T 1 ML E 32 A
F MG REST, (B, RN I, &
TN RSP a B ReA A B, L5m
CNFERIER” BB, BRI AE—BUN TR N B R
ITHDEMES, R E LIRSS N a4, e
DA AR a3 77 AR 3R #45. FEDG 30, & RE A4 AT LA
H I PATAESS, BEMESS 58O Ik, 1473 38 B A
N SR B T FEAAT B AR B RE 0. LRI PR
HBEAT, AbRIREE R AR RARES 5 N LT, HLEE ]
RETC2 SN AR Y SR D X 2K ) R, G 2 T %
BRERIR BE oAb 22 21 U5, 3 I 51NN I A
5, B NAHLAS R BE, 32 NS HLas S N fE
73, WRARRAEAGHTTTHTT 7.

6 it

ARSCRR T 5 52 SR FE s A 27 3T B A i
BB VR, SE R TS R
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SASANBEAL R 27 2] R GE AR RINESE, SiRif 1 S5t
FEE S PEHI P AR L. A 7 2 B e AR IR I sl =
IR R G R AR [ T BN M, B8 T 7EFRE

A DX BEYR I =2 AT 55 20 B0 R B2 LA N B A2
SEAH O N TS T FU Bt . 2 R e A AL A ST 4
BT T HTR N, 75 BT T 2 A I TR A 5%
JIRIRER 2 B Re A iR AL 27 2] PR B N SR RIAR 5C

TR, 5 BMAES M E,

D SR N T8 At

WA A
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