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Large-scale Episodic Multi-agent Reinforcement Learning With

Exponential Graph Information Communication

LI Fang-Yu"? LIU Jin-Yi*?> SUN Hao-Yuan"? HAN Hong-Gui"?

Abstract Multi-agent reinforcement learning (MARL) demonstrates excellent performance in cooperative tasks.
However, in large-scale multi-agent systems (MAS) with complex interaction relationships, traditional MARL al-
gorithms perform poorly due to the lack of efficient communication mechanisms. To enhance the performance of
MARL in large-scale MAS, this paper proposes an episodic MARL algorithm with exponential graph information
communication (EMAGIC). First, this paper designs a one-peer exponential graph-based communication topology,
where each agent communicates with only one other agent at each time step and transmits messages to all agents
through a cyclic communication link. Second, this paper constructs a graph information communication mechanism
that uses a gated recurrent unit to encode messages across multiple time steps and optimizes the encoded features of
the messages by maximizing the mutual information between messages of different agents at the same time step. Fi-
nally, this paper builds an independent episodic memory (EM) module to establish the correspondence between av-
erage returns and global states for constructing a memory bank, and constructs the loss function by using the error
between the EM target and the mean of individual values. Experimental results in multiple large-scale multi-agent
environments show that EMAGIC consistently outperforms advanced MARL baseline methods.
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IR AS K E B, 1% S A0 B 22 Jh 24 5
JEAE . Zheng %50 52t B A I dr DR R 1G53
MARL (episodic MARL with curiosity-driven ex-
ploration, EMC), fit Mk Q 1B 1) Tl = ZAE A

WAEZ i 5] SIRZOR BPIRAS, IRl EM AR AT
e (B AR BT SR AT ik [ SR B 1¥) 2% 2J . Peng 4517 il
I AE EMC i inE s 4 M %% (graph neural net-
work, GNN) AR @5 (evolutionary al-
gorithm, EA), ¥ 8 e 44 145 822 5 EMC 45
&, Hoh EMC SRZR m FR UL A7, GNN @
BEEAR I ME I, EA UALBLE RIS S5 R
B EM 58RI G BRI H R GFR TR, HAEXR
FIBE MAS 1, $RZ AT Ao IR RS AP Aa i, B
AN R IR R B 20 AR R BE A4 LI 5 ok
T AR, FEAR S S RS 1.

IRBE AR (0 SR R 2 — 2 ) e A TR R = 1 2
5 AT AL R v RO A AL A R R A S
LR EAE S, TS o nDULI ) B ], % R PR SR 1)
AE-F RS e @R 0L S AE AL DA R AR 2 MASS Wir[R] I
FRIHME S PAT R, S By MARL 4538 1)
FoRs . @ S S AME VS B 2l B
TRE B Re A A] 1) SR 2, kI 20 MARL
(RIS SAU I B S 22 il Bk B RE 70 . 5 73 it e 80700 T 5
4 Ja (g B #il4n, Sukhbaatar 252 $2 H i8S
W25 M (communication network model, Co-
mmNet) K4 Jm@EEH I, Ira &kl 5385
PR H A R il T ST T S PR IE A K, TGI8 Y A
B FE R PR . CommNet [13H 15 % 40 & 1 2 i
RECE B TT R, R R MAS &= s
WOBAE T, ik, BIZHEE A5 A2 MARL
QU HOR R BEAR T RO L G R R RN
120, Ao VE R 1) A B R R AR AT B, FRK T
HWAE A, Chu 252 2 H I #h £ 15 WX (neural
communication protocol, NeurComm) N KFIHEZE
MEAE S PR PR B G R R A, B BRI S T <K
AEH., @RGP B e L S OC R A E B
BAEAFAEIZ SR BT ] 5E # 40 J0 1% S
B LER KR, by I T0 808 A5 B @ S Bk
R Jiang &P 52 ) BB AR BRG] (graph
convolutional reinforcement learning, DGN) M| Zj)
PR B RO ) 3 DM REAR AL BERE , BERR—
N )22 SR 40 R, 80 22 Skt UL R A AR
JE I BARRAE, AL 3 AN AR JE 45 B w Y [ i ),
LR B R Re iR TR 2 R AL I A RESRIBUN B, A REEE I
KEEFIXT 5. Agarwal FE24 $& 5 T8 g fA -5k
WEIREE RS, 65 B R S S A BT SEAR, U
AR AR B i, H 75 B BE AR AE [ & JT AR I I R B
A SEARALE, ANTE T A AR I 4 B3 A BE RS Y 1)
St M8, Nayak & {2 R RE1E B R G (in-
telligent information aggregation, InforMARL),
HE PRGN H PRGN BT A, AR R B IR A AR i



1306 H 3

52 %

¥ i

B, BN AR XA R REAR S AR R RE A
() B e 315, HRR AN A 7 N L€, M BAZE KRN
BEMAS Hh e = 144 5 Bk i# ae ).

BRIEAE S ASh, S 53— D E R
e ) 1 R A TR A 328 (RO JEVRFAIE . T JE R AR
BE A 73 B FR) J) s ML 00 R Dy 4 W I T 5 0
B, 1 MAS By i FTERE. DGNP T £ R4
MRS I e B EAE S, A B T LA i e 5% B
FRAESEHLER ], CommNet!?! 1E8 fE A 2 1 45116
HIT (gated recurrent unit, GRU) 4wt ) J5) W
I RRIR 2 36 g H A R REAAR, e ic s JE 1 Y4 {E 2R
B SE BRI Dyt — BRI B AL, E Bk
Fo G NEAMT R R A Lo Z5P0 $i I8 A5 % 5540 b
2% >] (communication alignment contrastive learn-
ing, CACL), 4 [a] — i [ 25 A [\ 8 e AR T8 BN IE
FEAC S AR 2 I [R]85 B SORE A il xf b2
ARG, Hom ko s TR SR TE X
AR SCHE. Li M 4R R ER M vl 3 IS (expo-
nential topology-enabled scalable communication,
ExpoComm), K GRU f£4if % fig 74 [y 500l £
5, R BRGEUIRAS . B R AR BRI B A
R A B E AR O, I AR
IRAS T % 7 HOnS EE A R AL T B R e . R
B LW TR (i S E i WS R i E Il 4, (BAE
KFAEE MAS o, 3@ A5 AL 51N B Refa B Be 1A 3k
HCHC A 85 R A 1 = 3 A5 5, (RIS A R Ak ik =
A 2SR, AT e SRR ICSIOE T R ik,
RICH EKBEHLE S EM B & @S58
LA MAS B Rk RERCRAE s AR A, JF 45
& EM WX m M ErEA AT A RAI T, LR SLE
MARL 7E KB MAS s Pis il sl 2 sl el k. 4
SR BA R RS BB IS 5 MARL &k
(episodic MARL with exponential graph informa-
tion communication, EMAGIC), 7.3 T ¥ 545
K I8 A5 P AU T4 5 T S AR 3, itk
WEAS B EE BIEE TE AR TS AR, M
&AL A T 2 ) ) EM OB AR A e Sk, S
LRI MAS 1) = 280 R HR 5. A SR ik i 1 -

1) Beihdk T B SR E R BB AE S P A R, AR
UEARIE 15 A Y [F) I SRS S R4, O LR
JETHIE W2 AR S G514 O B A% i3 R

2) et EIE Bl E L], R s AT T 5 &
M5 USRI B SRR 2 )R (5 8, $27T MAS
B ] 2 5 AR I i 111 22 il

3) TFREH TS 21 (1) EM B, #5740 )
RSP [EHR 0 5¢ 2R @ i %ok R E AL 3%
W m i EREA, 52T EMAGIC [k fg.

1 FEER

L1 EZHROEERS AN B RB KRR IE

1R 22 8 REARAE 55 ) T AL Ay 25 A B
3 AW R AL R 3K 1L A2 (decentralized par-
tially observable Markov decision process, Dec-
POMDP), Ht4l (N, S, A, O, R, T, ) Fr. H
N OB R REAR SR, S D MAS 12 RIR
A0, A NBREKNARINEELS, TG aME
AN 2 A= AN ; O NINERPRE S B REAR G 5
FIMAEM A6 O FIMI R E; R AN RRE S
A B AR B SE RS ) S = R R ek B T Rl
KIFIAEHELG € [0, 1) 9 T RIS 225 5 K35
[EHR A FT 1A F. DecPOMDP 117 543 7] 300 i 44:
s fEAREETEZD ¢ € [0, T — 1], & Re M it v
BRIHAS BRI 05 ¢ = O(sy, 4); TR REAR ¢ 4E
I T O =B AR P SR 7, = {04, 0,
@i 0y s ity @it} 38T IZPUIE AL & S A SR B
m PABRCORAE MAS BRI EE [l 4. B REAAR @ AR 4k g
T KR BNINAE a5, € A, FTAAESIVER BLIK &
E a; = [a;, X' € Ay IRIRTEZ IR BR & B 1
&, MREEREERE Pr(sials, a) ERT —
I E) 2 4 JRPRAS s, [RIINY 2R G038 5 22 fh o B3R A5
RUEF 2 Jil ry = R(ss, a¢). MARL %0 B br 2K
fifE EE T A SR R BT A5 SRS o = [y, BA
KRG BT m Rk, X R RS
181 BR #5516 B A A8 B8 B 0 il o O VT (s) =
Er, pr[> o Yorisnlse = s| M Q7 (s, ar) = R(s, ay)
B prge, an V()] = AL T AR R
AR DUR 8 A1t 7 1%

BRZEREAENLFES]

CAEWF A MARL 15| X EM #il ) @i 7
it 42 R IRAS 1 77 5B e AT (R0 4 9 SR I R 3 e s AR A
&%, s QMIX 4545 K2EManE 1
7N, B RABAZE I RN SR M i 3 o A rh R B
e BENLAEFE o(s) : S = RY, BRIk ES seS B
A d YR FELARAE ; 017 JE AR AT B R fE— B K
[E RS E: P o(s,) RanBE, UL H(p(s,)) Bm
8, FLEHR

1.2

H(p(st)) =
max{H (4(8)), Re}, [0(5) — @(se)ll2 <6 )
Ry, HAthy

;H\:EP, Rt = 25;6_1 ’Yt,TH-t/ ?%{?}J\Hﬂ‘ IEU}}: t ﬂ:ﬁﬁ E(J



6 ZR77 B4 BT TR BRI RO R KRG 85 2 B e s fh 2 > 1307

N0 0 o B [ 2 L
I % 1) Q Bt Qu | |
] Ty [0:6 0; r+1]§§11 [QI% ? )
Pi— e S
EM fEH wa | -
| E e X
P HE) | =) : | e
H) | 90s) R ‘:
: : B | wetew |
: E ------- >
(166 ] o) |« == ||| Rt |
x gtz | | ,
H(O(s)) [ it SR e |

K1 EM#HE QMIX 4i&m4eH
Fig.1  Architecture of EM module combined with QMIX

RBUAR; 8, A2 P 5 UATIRES s, BRI
ULRE B B 0 SR A, (8 ) A FLAFUHFAE; 6 ik
SCFAE AR LB BIE (— AN 1 x 1078 B/,
F 047 2 H T R AR UL RE BRI ) Dy SRS T B
B M ArIRAS IR Ry VB NWILRIEIZ HRAEN.

HET AT 7048 EM 5 QMIX 45 &k, I EM
185 TD HARME NS MARL 59530 K 1 — 45
4y, EM ity QMIX Il 2Rt tAEA IR 1 17 52
s EHRAE 2 AR, 2 EM #25 TD HesA:

Qrc =1 +vH(¢(5¢11)) (2)

Hrr, H(@(s41)) AR IAIE ¢ + 1 F2JRIRE 541 £
AL At R Il 585 MARL 5 &
PR S QMIX B 86k EM 5K PH7T:

Lec=E; a, v, +'ep [(y ~ Qu(T, a; 0))2} *

QMIX 1%

O‘E‘r, ai, 7, T €D [(QEC - Qtot(T7 Q] 9))2} =

EM i

T—
(y — Quot (T, ay; 9))2 +
0

=

Nl

t=

|
—

1
a=
T

t=
Hot, = [r, )N RPTA B AR KBS LI -3
BT, D AZRIEEEI X Qui(T, ar; 0) RHZ
o MEMECE Q AL o WESH

y = e+ max Qu (7', ar; 0) (4)
N QMIX H S5 TD Bix, 0 NEFRMESH,

T = [ el NI RPEREARBE. Lic 1%
T BEFE TG0 AZ I 1) P s fee e Bl 3R N 25,

(Qic — Qo (T, az; 0))° (3)

(=)

fEHE QMIX XJ s FUE ) 2 ST HE R
2 EHEEEBENBEZEREMNEL
*3J
AT EMANH EMAGIC (19 3 DEBsr: 5 2.1 75
P T S FR B R B E A 5 2.2 Wik
S RIEAENUE 2 2.3 WM EE T A 3 YE R
] EM ik,

2.1 ETBERER@ERD

T e X MAS KBS LB fe kg 5.

EX 1 (Beer5BEHRIN. BEREEEH
V={0,1, -, N1}, BEHINEHE {G}iso,
Kb G =V, &), & CV =V NBIEHER.

AR SCR FH R B8 A 0 R PR AR S TF 4, 1
U A SR BE 5 2] A R 48 20 &] (exponential gra-
ph) Wit AT A H 5] N MARL &3k bR i iE
e KB ERSE (3B A5 30 3, Wi 2 Fiow.

1 2

—@ D—_€ 1
/1§2\ o/ \3 0 —Na 0. 3
(]] T l i 7 )<4 77 <4
7 4 N / y{ \

N 2 6—35 6 5

’—* =3 t=3k+1 t:3k+2-‘
() D)

K2 8 s MEREKE T IHEEIREE R () 2T
TR H RN, (b) BT s F e BB B S PR 2
F; (c) 5 r a8l 5 IR A /R 12 B P A R R AR B 45 IR )
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communication topology structure; (c) Boolean logic
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