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Abstract  Many real-world systems can be modeled as multi-agent systems in which multiple
agents interact with the environment to learn and make decisions. Reinforcement learning has
received wide attention recently and has achieved remarkable success in various fields. As practical
tasks usually involve multiple agents interacting with the environment, multi-agent reinforcement
learning has gradually become a research focus. Multi-agent reinforcement learning provides an
effective way to develop these multi-agent systems and has achieved remarkable results in various

complex sequential decision-making tasks. However, multi-agent reinforcement learning faces
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many challenges such as non-stationarity and dimensional curse. The value function decomposition
method is one of the most popular MARL methods. By decomposing the global value function
into the local individual value function, the value function decomposition method reduces the
dimension of the action space to a great extent and alleviates the dimensional curse problem. In
addition, agents can select actions only according to individual value functions, which solves the
non-stationarity problem caused by the interaction between agents. Value function decomposition
method based on centralized training and decentralized execution paradigm has been widely studied.
However, the existing value decomposition methods generally lack communication mechanisms
and perform poorly when dealing with multi-agent tasks requiring communication learning. At the
same time, most of the current communication learning mechanisms are designed for homogeneous
multi-agent environments, without considering heterogeneous multi-agent scenarios. In heterogeneous
scenarios, information sharing between agents is not direct because of the heterogeneity of the agent’s
action space or observation space. If the heterogeneity of agents cannot be modeled effectively,
the communication mechanism will become ineffective and even affect the performance of multi-agent
cooperation. To address these challenges, this paper proposes a heterogeneous multi-agent rein-
forcement learning framework that integrates value function decomposition and communication
learning mechanisms. Specifically, (1) Different from the method using the homogeneous graph
convolutional network, the framework utilizes the heterogeneous graph convolutional network to
integrate the heterogeneous feature information of the agent to get effective embedding. (2) The
embedding information and local observation history obtained by the communication learning
module are used to calculate the action value of each agent to select and coordinate the actions of
the agents. (3) Through the joint training of loss function of mutual information and value
function decomposition, the proposed method can be effectively trained. The proposed method
maintains the advantages of scalability and stability of value function decomposition and promotes
better collaboration and decision-making of agents by utilizing diverse information interactions
between heterogeneous agents. To the best of our knowledge, our work is the first attempt to
combine the communication learning method based on graph convolution network and the value
function learning method to develop the heterogeneous multi-agent system. The proposed frame-
work provides a new idea for the field of heterogeneous multi-agent reinforcement learning. This
paper first conducts experiments on two heterogeneous multi-agent platforms, and the experi-
mental results show that the proposed method can learn more effective strategies than the baseline
method, and the average reward value and average win rate of 13% and 24 % respectively on the
two platforms compared with the baseline method. In addition, the feasibility of this method in
the real system is verified in the traffic signal control scenario.

Keywords  value function decomposition; heterogeneous multi-agent reinforcement learning;

communication mechanism; graph neural network; mutual information; traffic signal control
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AL L3 N S A B . AR SCRI M Al ST Y
SRR 2 IR AT B BRI B RRAE L AR K 5T
S5 P DHE BT 2 53 0 B A TR R 28 v 41 2 1Y
it O R T LUK g — o 28 R 090 A 1 R 43
S M AT {E .

3.3 EREEMRHK

A5 5 A B (Mutual Information, MD) 5| A
B 52 A AEZE b, LS B B A 2 ) B A R JE 1E
Fo) R TRBER B HOR B & 2R A8 R AR 1A
AR Gmpom? s m)  FE R EANTRE G LU TS e &
MR R RS m. (5 B 3R7R m 5 R i8I Iy 52 o P
He AE g R B (E oK E B A L O i R R A (L AR
e H Jr A (E F ATR A 45 (I QMIX 1 IR 4 IR
20 At 2R E. X TR AR 5] AEAR Bk
A B AR JE R BB AR I AE R (m) om? - om) AE
A [a] i 22 %0 8 1A Jm 8 A0 1 R KR Qi S I DA 4
A IR EBA G BRI m..

He TR ORI EAE B 8 d R S BE AL
WL 77 (Random Walk with Restart, RWR)M2 5}
B AR Y AR JE R BE A COLEF Y R P B4 B T A
RE M) FEUCHEAT 8] 72 0 W R AR AL . HAARCRAE 1 7R
W (D) B BER i TFIRBEALIE E . R AR p ik
BRI RERAES Z . & e m
BB [R) I BIR ) A [ 25 531 ) <08 T R B A AR
TEW) A 4 s 8 B A v BT A7 2 B 1) RE AR A 25 A B
MRS Zi s (2) X Z, b i 8 RE M Jd 3 2R R AT 53 2.
XTSRRI ZE o ISR Z, P i AT £
BREAR IR A REIK 1 - RAR SRS R
A N (o).

A AT DL 2o 2 o] H 5 g Dok Al L H) G g
B X I3 IEREA (mi, Q) FAFEA (i, Q). Fr K
R BEIR @ HRU) ¢ 2815 B3R m 58 REAA S ER A
B Q8] /) A5 B B BEK < /Y A5 &% D, A T X

“ME B -Q E X HEAT VR4 B — AN AU Mk s B E R
VR4 BRI, e LA -
D;(m;, Q) =c[(m))"M;Q] (13)
o WIE B Q ERY UM E R R 2R
(R PF- 53 1] £
Ly =>,logD,(m;,Q)+>)[1—logD; (i, » Q)] (14)
e

i€ el
B, RS0 (1), 38 N ASFRE IR 15 B-Q
532k Rk B KA AR L 012k pR AN R

N C
Luw=>,> L (15)
i=1 c=1
Li= > logDi(m;.Q)+ > log[1—D, G .Q) ]
(e ENT () EN;
(16)

Hop LU o s B -Q K 46 N W B ikl
AR R 73 RB Ja R REAA . B N Z P A RWR 5 iR
33 ).

HARH, NEES Z ik — DS UL X T
EEUPRYR BRI 7 R 2 dist (L)) =0, UK
REMR j LB mBI A N L ERIES N
B ik Bt K. o dise G ) A REIA Z
(] P B 5 O 2 AT R 2 B0, AT DA A A ) S 55 3 5 ik
BEOND &N RT Z . T XAES N
FIHT 3. 2 5 BT A 8 AR HLHI R 77 A AR A AE B ;.
H G R K 16D B3 1 T A5 2 400 2% ek BT DL
5 B KA.

3.4 £RMAKBH

B 70 A A g rh i 45 2R MT 2y 81 H Al
TR o3 B BT A 2 B0HT 8 3 Fe /M TD 53 2% i 47 55 0.
TD i 2% H bR R B =X (17 fx
LTD:[r—’—}’rnuaxQ,”, ('sa’507) —Qu. (rras)]* (17

Hor,07 S BARMZ S50 FnEm (9 T A 40
2Rttt B sl L (18) s
L=Lp+ALw (18)
Lrfr 2 o Al 0 09 88 2 80, AR TD 4 25 F T
ARekry 8 MI k.
1. HVDC ik
B BRI R 0, € O,
itk s AR B VE M R AL Q.
Lo W0 he Ak 28 S 400, ) 48 B0 BT AT 2R, G2 506 Il i
2. FOR H— &
3. FOR W% t=1 to n
4 FOR £ —% §&1k i€ N DO
TR YSAS L o,
6. St MLP # GRU AR IEAE b

(92
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7. B 5 R AR R, 2030 {7 4

8. G BRI B R AE (i S B e R

9. S ik Chi RS- ) BIE BTGB R

10, jEid RWR 3 488 e R 4 Z

1. M ZHhREEEREARS R &EA NS

12 MEBEAEMEEGRT N 8 gk iy (5 Bt |

i$ GNN fi & 252515 B8 8 (m! sm? - m))

13, MWK EOWTEREMAEEEL m

4. JEFAEE m ORI L o 45 30530 Q

15, @A D, R E B -Q X (m; , Q) W4y

16, MG Z R N, 8 nREAR SR R4 N,

17 GBS N, p o Bk f 5 B IR E

it GNN Gl & & 2515 BAR 8 G} smt - o)

18. 5 OB R LG E S m

19, GEAABIED N E R -Q EX” (w ,Q) PRy

20. A a; =x(Q) (e-greed) T HF SN 1E

21 AEAENOLIN T S o AEHAE o, B 25 8ot

22. i R AN (E PR L Qi (zivai smy)

23. 1G4 Q: (ziya; vm) FIR A M 2%

24, NI [l it SRR I S A I

25, HEFA6) M MI 5%k ok %L

26. EFRADME QMIX #5125 ph 5L

27. T QMIX 4 1 MI 2k B /ME 5 2% o6 5L

28. PR ACES T

29. &R EEEE Q..

30.  END FOR

31. END FOR

32. END FOR

k1 R T HVDC )7 i iy thA0AS. 55 5~22 17
R T BT B B 7E 23 AT B B £ R RE AR T
A o A5 15 1 5 A e AR AT R A L O A
KA EAR B 22 T A R A5 S 8 BE AR I8 J) 75 0L I
g B 2w DL A Ae i o s B 9 4B, nTl 4Ry
S ) PR A I 4%, B — o o RS RE AR 2 Y T 2
SRR, BT S AR W 2% 1 05 B AL 3 P L X S A
AT ATE 53 BT B Bof% 3 245 25 R BRI 3T 0k
55 23~29 7R TP INZR T RE. fE 4R il Gt R
W i HVDC AT LA 28 56 0] 7550 it 22 A0 45 1 Ry 3 WL
D -Zh A D7 s R A M 4% 5 QMIX it 9 X 25 A 7]
K ZA R AR B AR S i A AT 5 R TR 5 I AR
2 RN E Q... 1AM, I QMIX HrE SR 2k R %k
A 845 2 L [R] A Y1 S 190 4% 1B B R0 45 2 5.

4 X W

AR SCAE A [A) BR 58 v BEAT 52 5 9 5 LA R TT

AT 8, DL PR HVDC BYAT 8chE. B 56 i
TESAVE 1 WS SSCHE  7E AR XF AT B 0% 4 B A - A AR - A
¥ (Predator-Capture-Prey) Sty 155 FyEAT5056.
TR LR R PR #F 5 (The StarCraft Multi-
Agent Challenge, SMAC) |1 — R 3| 4355 T ¥
fli 7 HVDC RYYERE. BEAb , £ FLSE A A5 5 12 ] #1 45
(Traffic Signal Control Environment) E X} HVDC J7
AT PEAR S DAUE B 7 3 78 B 55 3 s b v F ) AT AT
PE. BT A 52 36 #6748 GPU Nvidia RTX 2080 ki Al
Pytorch HE 28 f4) .
4.1 WHEE-HREBYRE

W 3 Fr s il B -4l AR AR W A B
TS AU (A7 8 BE AR < A 1 5 A B L LA K — TRl
TR Y. W E R BAR R B, e
R PE) 25 v Bl A A AR S S ] o — AN B A R AR
a) et AL L B R A RE AR AR AE A
Kl AR A LI B HOUL I St Hy G B 9 L Y
S A RS o] i 3 A SR ) B B A I Bl VR A (]
HE RS WEEIETR .. LB AR GBS,

il

@ % a2
/@
) *\@

[Ecp!

K3 - R R UR &

S RS TR AT B RE A AR L H AR R L
FIAR AR AE W 418 AR A 12 TR A A a) A0 25
(] = By DX 331 A 41l 2K AN BE A B 55 v 3R A AT T R
. e Ah Al AR R B AT SR 2 1] oA — A B i
E AR 2 TN 3 B WA AL I B AT R B
T8 A S A She A AR AL T AH LA B A . L B AR
REMA Y H Ar o I A Bl 2 5 4R B [ € s, i
AR & B R AL B R G R Y. A B E R B
WTE R R 2528 —0. 05 RAEST . H BN E
AL 55

TEX A B 5 HVDC 5 LA i
et 2f 2 LR AT b A, SE 2R A FE R Fh A (EL pR R
G315 5 QMIXP fil NDQ'™ , = F il 15 2% 2] 7 ik
CommNett! , TarMAC™! #1 IC3Nett'?, QMIX & —
Tl AR 2 (9 A0 (L o K5 0 i O 15 TE 2 BB AT 55 v



1312 it "

Hl

o
-

i 2024 4F

L 5 B TR e QMIX AR & M 48 Fm A
S A S O {E R R 42 & T KR BB J1. CommNet
s MARL g A5 2 ) Tk 22— J&n 1522
EELGE A A AE S, TarMAC A H 51 AFEZ 1L
i Y E 1] T A5 SR A R 52 B RE MR I Yl i
IC3Net A LA b ] 42 AL ] 2 ] far i 5 HC At 2 B ¢
PEAT A7 . NDQ F e/ A 8 15 HL ] o 2 > i {8 o5
B0 i R RE R 2 i A REAR R 5 B LA 3K
b 03 5] S A

S ol A4 22 Sk TR T 0 09 S M AT A LR 45 4
SR A5 o S BB (] = = B A B 2% L B A [ 45
REREMM 4 MEREI L BNER I LHE 16
AVRFAE. e 2% 64 A HEALE A PRZRAE G IF. e —
JZE G TR Wl T 4 A TE R D 3k ER i 4k i
V5 R RE MR (Y Sl 1 2 R R AR R0 S AR R
RS AR T8 3 P R B AE A 0T B T3 BRI L A
A EAE S A, R 1 45 T fE 5 4 il 8 % - 3k
H- Y BRI 5 5 PR RE LU A 4 o ST SRS 4
A9 A Pl RSP 249 A5 B T 3 s P = A [ B AL

T 700 45 AL X 56 9 S YR (= bR o 22 . K rp A — )
M S R RESE R LUK BoR. WZF 1 iR, HVDC 1)
PEREAE T HoAth 3L 28 k.

X 1 AK[EFi%T Predator-Capture-Prey 51 {14 8E Lb 37

WReS RESE AL -2 i (] 26
CommNet —0.40+0.01 11.03+0. 08
IC3Net —0.40£0.02 11.23+0.63
QMIX —0.42%£0.03 11.36+0. 17
NDQ —0.39£0.01 10. 58+0. 24
TarMAC —0.48%+0.03 16.01+0. 80
HVDC —0.35+0. 02 9.36%0. 58

AR I e A AR R D 3 R
LSRR 1R RER KR BB 5. O TR
iE HVDC 0] LY J& 2 8 2 08 RE R 5 55 L LU [
BRER BRI 5 HVDC FI3EL 7 vk 1o v g B
A BEE AR M FT I 5 — R BR T A MR RE A
9 2O 2 LU . an e 2 o B R R RE A 0 10
B4 . HVDC Bk R a2 S tE . 45 R R WL i%07
AR B AR 5

x2 TRAYEHRENZHEENLLRE

CommNet IC3Net QMIX TarMAC HVDC
5 —0.40=£0. 01 —0.40%0.02 —0.42%+0.03 —0.48£0.03 —0.351+0.02
10 —0.36£0.03 —0.3720.03 —0.39=£0.02 —0.4520. 04 —0.321£0.01
15 —0.35£0.02 —0.38x0.03 —0.414+0.03 —0.4340.03 —0.30£0.01
20 —0.38+£0.03 —0.35%0.02 —0.42+0.03 —0.4640. 04 —0.2710.02
40 —0.34£0.02 —0.32%0.01 —0.37%£0.02 —0.422£0. 03 —0.28%£0.01

4.2 EREFTA

it — 2 06 4 O B A RO T A
SMAC' & o HVDC By REHAT T i — 2 1F
. 2 SMAC w2 fE 1A B Bl 1 23 1) 48 3 2 4 35
52511 vk (I s | | €88 b (3 O ol N
AR 76 1 86 1 45 25 [ 1) M P o il AAS 3. 7E
B ) 25 o L 8 e MAORE A A5 5 B B A7 3 BB
R A5 0 b R R A B R B — AN O B BT L3R
BN 10, B w5 — 3 181 3R A5 %3l 200.

AR SR T S AR T R B L — Ty T 6 R e AA
F1 A0S S AN 9 4 /N3 6, 5 — T . kB LA kR
PEFNZ % Mo TE B o T & 4 . SEBR T 2 A
AR (1 S AL R A b 5t . H H A O B iR Ak 2

A 4

PR 6 S 7 58 A

SR AR EOT SRt N E R AT L T B
S0 Ml 7 B AT LA AN R FR 8 B AT Y ) b 7 2
BEMLEY. A SO HIFE 9 A S A 37 5 B IPAL BT 42 s iy
T3 TN H v 32 S B AT TR S A
lol0b_vs_1r 35t By A J7 B L 45 — A I 583
(Overseer) fil 10 EE45 B (Baneling). & J7 BMA 75 22
AFEF I I W (Roach) A RE 143 LU FE. 7RI fF R,
WA 2 B R E R R IR g . MMM
Y S0 K07 AL LG 7 A ZE Bl AR BA 5t (Marine)
2 N H (Marauder) f1 1 A E Y7 2 (Medic). N
T R BB AR A2 2 ) AT R R R IR BT
A 555 B MMM2 \MMMS3 375 fl MMM i 5
AL HHA [FAE R RE AR R B, X IS RO B 2 T
— A WU ZE i R A 5L 1o2r _vs_4r 5 K 5 BA
LAFE 1 D2 (Overseer) fl 2 N1 1 (Roach).
WA R B AR B B B 4 Al E E
(Reaper). 2 A 86 (14 B A5 23k W 125 19 608 L I
B MO H . B A S E A RS L
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N B AT B HVDC A2 2 25 4% W 5835 15 8%
186 25 W W, LA A RN M R A5 K S 13852, 2¢3s52 DU
S 3¢5s7z 5t K 05 B FVRL T B AL AL 4 BB
(Colossus) 1B JE # (Stalkers) FIJE U #F (Zealots) ,
X B A BER B R AN R, HVDC i 4002 1R 2 3R
W R 3 o b A0 AT AR A 2 RO G L
PR 7 T3 BB 5 5 52 ™ T A RBEIA.

SR K F PyMARL HE 42 I ) FH 19034 11
) 2% 45 44 1 QMIX L b i 1 2 $0s B 7E SMAC
S BT, HVDC il /7 545 B0 k. 8 {5 A B
10 S ) 1 A5 R IR 2% 95 43 1) 1 B RN A B Al AR -

AWy BR 0 R CE A R HAE R Al R B S
WEIMTF.p & EHNO0.6,2Z N H N, Al A [
Vs TR o W E N 5. K 5 BaR T HVDC Ak
LRI BE B (T A LR 4G QMIXY  QMIX +
TarMAC.NDQ"' Lk Je W A~ 3 F 5 44 & 36 BL W
2% (1 )7 3 HMAGQ-Net"™ fl HetNet'"', QMIX +
TarMAC: ¥ TarMAC #9388 fi5 # B @il & 2] QMIX
HR K T A A ML R 0 A o B0 g 2.
I T IRAERI X E AN A K3 BRTIHIAY
SO RER R, Hoh 3L O ik B T QMIX L NDQ
F1 HetNet.

100 100
- QMIX 1 LasaiaM AL MAS AL
—— QMIX+ TarMAC A
—— NDQ b
80| HMAGQ-Net 80 e
—— HetNet '_i y
x — HVDC ES faed”
£ 601 £ 601 :
= it y ;
£ £ i
B = /i
7 401 7 401 7
9 v /i
< & i ---- QMIX
Y ——QMIX+TarMAC
201 20+ i —=NDQ
Iy ——HMAGQ-Net
S —— HetNet
! 174 —HVDC
0 . S T [OF T T :
0.5 1.0 1.5 2.0 0 0.5 1.0 1.5 2.0
T /million T /million
(a) MMM2 (b) MMM
100 100T—qnx
——QMIX+TarMAC
——NDQ
801 804 —+—HMAGQ-Net
—*—HetNet Lavan
e TN ] _ |—nvpe NN NN
S " LR s % ‘/._,l N s N Nt
e A& = _
= ,.~/ = ./_/
7 407 J 7 40 s
5] e ] .
B | e TN T T / & /
Y 7 .
201 201 (SRR S S e -
----QMIX ——HMAGQ Net 4
——QMIX+TarMAC——HetNet 4
-—NDQ —HVDC 0 y
o0 5 10 15 20 0 5 10 15 20
T /million T /million
(¢) lo2r_vs_4r (d) 1o10b_vs_1r
5 SMAC T2z fi 4% L
R3 FEAAFEFMFSPHMEILER
5 QMIX NDQ HetNet HVDC
MMM 94.16+1. 37 97.21+1.43 98.1540. 89 98.81£0.93
MMM2 33.0648.92 74.39+3.93 81.3644.03 90.12%£2.43
MMM3 46.3247.64 55.3246. 14 62.2545.27 85.25+2.93
MMM4 42.13+38. 14 46.74+7.23 58. 63+5. 35 81.491£3.23
loZr_vs_4r 36.3749.10 71.32+4.93 84.3743.26 86.83+2.27
lol0Ob_vs_1r 28.3149.27 75.4143.76 90.7341. 38 97.89+1.02
1c3s5z 87.2441.52 95.0340. 88 94.2740.75 97.03£0. 88
2¢3s5z 60. 85+6.17 76.38+4.19 80.21+4.15 93.15%1.37
3¢5s7z 56.1246. 84 67.93+5.82 79.0443. 81 90.21%£2.13
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Hl

o
-

i 2024 4F

mE 5 fE 3 PR, 24 55tk HVDC
JrERPEREIL T QMIX J7 2%, ] QMIX DL K H A
O3 8 D 30 B SR O IR ) R 3 A A R R R L
EBENLPE R 1E H, 4 1o10b_vs_1r 1 1o2r_vs_4r.
EAFE R A2, HVDC 91 58 K i o 5| A
7138 5 ML B QMIX + TarMAC. i + % 8 7 ¢
HVDC fl QMIX+ TarMAC T # J7 i o #5438
2 2 B B AR ) QMIX g, ] it HVDC
PERE R LB ME 22 B HVDC 9 5 44 38 15 2% > B A
e QMIX A+ TarMAC (1% 38 {5 #L #1584 2L [F 8. %
J7 P et T NDQ, F5 5 R e E Ak sevh . a0
lo10b_vs_1r Fil 1o2r_vs_4r.

VA HVDC A F8 4 80 R 31T il sk

IR B E HVDC PE fE 0 £ T2 5 ok U5 T B 2 1 1Y
SR AR 2 S B ELAE B AR AR R B (8 S A R B
P 53t T HVDC By =474 & . (1) HVDC-H & %
A A S B i HVDC, B4 7]+ 18] 35
TR 28 AT (52 > 5 (2) HVDC-V &% A W {5 45
fig i) HVDC; (3) HVDC-T &% 4 17 H (= 4
Ak HVDC. % 4 /R T HVDC £ A [F) 5449 3%
= R SEE. 5 HVDC M. X =428 R g v
REABA T T R, BB T A AN 455 B 1) A 28501k L G 5
B 2% B B L {5 2 20 A Hem] DL i R RE 1R = )
M S VE U . BAE B A vT LA =l {5 2 ST
S Ui R B i AR B m] L E — 2B g R BB A 1 3R
W2 2

* 4 HVDCEARERMFH= LWERIE

Yy QMIX-L HVDC-V HVDC-H HVDC
MMM 97.25+1. 34 98.25+1.27 94.5642. 30 98.81%0.93
MMM2 62.6943. 81 79.17£3.16 47.6245. 27 90.12+%2.43
MMM3 52.7442.43 82.27+2.54 50.14+4.76 85.25+2.93
MMM4 49.3845. 04 78.02+2.85 42.4645.93 81.49+3.23

lo2r 65.2943. 47 83.78+£2.02 46.13%5.51 86.83+2.27
lol0b 75.87447.51 94.50+1. 38 62.8743.74 97.89+1.02
lc3s5z 90.3641.73 93.71%1.74 89.4341.63 97.03%0. 88
2¢3s5z 79.4343.32 91.3041.23 77.32%+2.98 93.15+1. 37
3c5s7z 64.8744.02 87.5641. 80 68.1043.92 90.21%2.13

HVDC #f bt QMIX fifi H] 13 {5 2% > # e, i i
fERER A THZ ML EER. TERMBIT TS
HVDC # ol 19 Z 808 i 1) QMIX-LARGE, fiff 5%
HVDC £ F 1 QMIX j& &5 F S 5080 s om. 7
MMM?2 $7 5 F TS5, A 6 frn . 45 R £, B
A A M QMIX I ASRE AR A |- 42 5 v B

100 MMM2
- QMIX
— QMIX-LARGE
-= HVDC-H
809| —+ HVDC-V
— HVDC
-
9
‘é 60‘
R
=
7 404
=
204
() tarsasanns '_» - ___,x"‘/ §
0 0.5 1.0 1.5 2.0
T /million
K 6 HVDC £ MMM2 375 b 01 fil 55 40

HVDC 7] L5 &40 (5L o8 K043 i 7 1k 4 A, AR SC
B 5 H AT e M {5 5 % 7 75 VDN, QMIX FI
QPLEX &5 & 0 347 11 fil 52 6. 45 1807 6 20 B9 FR hy

“-H A

HVDC(VDN) , HVDC (QMIX) Al HVDC (QPLEX),
FEYy 5t 3¢5s7z Lk AT 5L 0. WNIEL 7 From s BT A 4R
7 B VEREHR UL T AT 1A A ok 25053 A 7 15 i B
HVDC ) 54 38 {5 27 ~J B8 Bk RE 5 B 25 3 9 5 g 1A
) 2l 7 Hip .

3¢5s7z
100

80
X PN
)
§ 60
E Nk ]
B || [ e TN T
% 404
'QJ
/ — QMIX
2041t / -~ QPLEX
il —— HVDC(VDN)
—— HVDC(QMIX)
— HVDC(QPLEX)
04 T T T
0 2 6 8 10

T /million
HVDC 7 3c¢5s7z ¥ 5¢ | #9152 56
Sy WA b 56 E R 5 B I B S 04 i AT LSRR A M
RS 2 RARN R, AT T
HVDC FI3EL a5 1c3s52.2¢3s52 Hil 3¢5s72
PR HERE = P B RE AR R B 4 B 18,20

& 7
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A 30. 14 2A Ui Bl B M AR P s AN T 26
U RE MR 2 ] F) 52 TR 5% 2R 48 A BOR B R . 3 3L
SR 2 > 7S A5 Ok R R HE. AN 18T 8 TR L B R e 1A
AU S T R BE A T SR ) X JRE G B 2R T vk
4 JE = L B A T R R B RV ik HVDC 57
AT SR DR AR 5 A i %L BB A R AR R B Y
HVDC A b HAt 3 2 97 75 19 JPE 3 00 3508 o 2%

100{e=a1c3s52 ZZA2c3s523 30572 |

80+ 7 -
. B i
3
§ 604
g
=
7 40

20

QMIX QMIX+ NDQ HMAGQ- HetNet HVDC
TarMAC Net

B 8 HVDC 7EA %02 e 1 3% 5 b 0 ah o2 58

AT T B B2, 5 M8 20 it 5 240 QMIX A
[ HVDC 1 W 2 45 40 Z2 1 — A~ S5 00 3 {5 2% > B
Pe x di15 HVDC A L H (8 oK 50 i 7 16 7 280
Z Wi E AL R B s MBS BCE T
HVDC(QMIX) #1 QMIX £ JLAN 5 F s i 25
i fE]. A T He A . B HVDC(QMIXO %I 25 i ]
AT T IH—Ak. GnlE 9 B b 5 A A ks
HVDC [t QMIX 75 25 Z (Il 2Rt [a]. SR, Bl 76
I 2 AR MER) 3 5 MMM-4 th , HVDC(QMIX) H
2 QMIX £ K2 10 % 19l Zhist ). 5 k% 1
R (A0 20 5] 82 20) H Eb 33 b AR BE A Il 2 15 TR] A
MR DL .

[E=8 QMIX ZZHVDC(QMIX)]
].0 T V V 7
0.9 1
(9]
£
2 0.81
<
=t
(9]
A
g 0.7
]
Z.
0.6 1
051 ‘a7
1¢3s5z  2¢3s5z  3c¢bs7z  MMM-2 MMM-3 MMM
Scenario

9 HVDC M QMIX 7E7 A 5 b i S ik 18] %) e

Sk 1 — 2 B0 0F AR B AR AR B 3 VR vk B 1
W) R AT 9 S 6. b SR B A, HVDC-T 6R 3
A AT HAZ B AL HVDC. % HVDC Fl HVDC-T
£ SMAC ) MMM2 ¥ 5t 5 A [A] B[] 25 1 2 1 i
BE AT 7R NS AT » B 0 7 ] 25 1 2 A RE A
SEAR A 8 2 WG ) 2R a5 1)L (AT AR R 4 AT AR
P43 AT FL A ML L B e 0 8 AN R TR A I ) A L 3R AR
AR 25 B BRBEAR A ARG - Ui 4 W1 B 1) 25 Y B
B AEE WA T R BB (5 B 2R, T ac g 2 H
5 AW HLFR 1 HEAT B BT RUTE — A 45 52 B I ) 25 45
BB E RER 5 MEBEFRRCY T i, 45
AR B )25 1 R SE 5, HOR H — A I BR 2.
FET I RE VR AS g B2 Ui £ B A 5 B &R, i
t-SNEVY BEAIK T B A5 B R 9 4E 550, TR ot n] DL 7
e AT T =Y

WE 10 B AE5 10 B a4 i 545 B A e
i HVDC i ge ik 2 M e & 3 T )R &8 19 3l
VEVME L BB B B REIR L8 1) 8 5.9 5.0 Siff
ek % B B BT R B UM S AT B A B A 4
K7 FE TR Bk F A O g B R BN B RE AR T 1
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Background

In the real world, there are many heterogeneous multi-
agent scenarios, in which agents have different attributes or
features and even the state space and action space are different.
Multi-agent reinforcement learning (MARL) provides a promising
way to model and develop such systems. However, the MARL
encounter scalability issue and partial observability constraint.
To tackle these challenges. the framework of centralized
training with decentralized execution is proposed and then
widely used in the MARL domain.

Based on the CTDE framework, the value decomposition
methods and communication learning methods provide different
solutions for further exploiting this framework. The value
decomposition methods decompose the global value function
into the set of the individual value function for each agent
based on the Individual-Global-Max principle. Nevertheless,
most of these methods focus on learning full decomposition,
in which each agent generates local value functions only based
on its local observation. In the real world, many heterogeneous
multi-agent tasks necessitate information obtained from other
agents to coordinate their actions effectively. In the absence
of communication mechanisms, agents are limited by partial
observability and randomness, which will intensify the uncer-
tainty of agents’ state and action to other agents in the
decentralized execution period, leading to catastrophic disco-

ordination.

Communication learning mechanisms in MARL have become
very prevalent. However, in the heterogeneous environment,
agents have different states and action spaces, and most
existing multi-agent communication learning frameworks do
not explicitly model such heterogeneity. Without a specific
heterogeneous communication mechanism, agents of different
types may not distinguish the heterogeneity in received
messages and extract valuable information for value function
estimation and decision-making. As a result, communication
can become useless and may even degrade performance.

To tackle these challenges, we present a framework that
combines the value decomposition and communication scheme
for heterogeneous multi-agent settings. The proposed method
maintains the advantages of scalability and stability of value
function decomposition and promotes better collaboration
and decision-making of agents by utilizing diverse information
interactions between heterogeneous agents. The proposed
framework provides a new idea for the field of heterogeneous
multi-agent reinforcement learning. To the best of our
knowledge, our work is the first attempt to combine the
communication learning method based on graph convolution
network and the value function learning method to develop
the heterogeneous multi-agent system.
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