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Abstract  Multi-Agent Reinforcement Learning (MARL) has been widely applied in the group
control field. Due to the Markov decision process for an agent is broken in MARL, the existing
MARL methods are hard to learn optimal policies, and policies are unstable because the random
behaviors of agents in MARL. From the viewpoint of the mapping between state spaces and
behavior spaces, this work studies the coupling among agents in homogeneous MARL, aiming at
enhancing the policy effectiveness and training stability. We first investigate the recombination of
the joint behavior space for homogeneous agents, breaking the one-to-one correspondence
between agents and policies. Then the abstract agents are proposed to transform the coupling
among agents into that among the actions in the behavior space, by which the training efficiency

and stabilization are improved. Based on the former, inspiring by sequential decisions, we design
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self-attention modules for the abstract agents” policy networks and evaluation networks respectively,

encoding and thinning the states of agents. The learned policies can be explicitly explained through

the self-attention module and the recombination. The proposed method is validated in three simulated

MARL scenarios. The experimental results suggest that our method can outperform baseline

methods in the case of centralized rewards, while the stability can be increased more than fifty

percent by our method. Some ablation experiments are designed to validate the abstract agents

and self-attention modules respectively, making our conclusion more convincing.
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Simple Spread (5) —57.1 —92.4 —128.4 —93.5 —142.6 —114.3 =*£1.80 =+3.30 +3.40 +3.10 £2.80 =£2.40
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Collect Treasure (5) —2.4 —1.7 —3.5 —3.3 —4.7 —2.6 +£0.25 =£0.31 +0.23 +0.29 +0.25 =%£0.21
Collect Treasure (7) —2.8 —2.8 —4.1 —3.9 —4.5 —3.1 £0.15 =+£0.23 +0.17 +0.27 £0.19 =£0.17
Multi-Push (2) —24.6 —29.9 —35.7 —32.5 —37.3 —28.2 %£1.20 +1.86 +3.17 +2.93 +£2.83 +2.67
Multi-Push (5) —26.7 —31.3 —38.6 —35.9 -35.6 —33.5 £2.58 £2.76 +3.99 +2.74 +2.96 =+2.52
Multi-Push (7) —25.5 —29.3 —37.0 —34.1 —34.3 —28.4 =%£1.66 +2.09 +3.44 +2.21 +£3.07 +2.21




9 TR . ST A TR AL R SR e 5 T A A 2 RE IR SR AL ) B TA 1853

AT SRR 43 000 B Al 7 A R RE 1A 1 S vp S LTS
WALt s B, VDN #E Collect Treasure 115 2] T £
NS R TT 2. XA R E I — P MBIk T 3RAT
A4 18 . PMT 5L 76 46 vh 2 i 4 2 % RE IR 36 358
AE S 0 A A 24 o 3 S D S gE m S ms . HAKSE A
TE T AL X 3 s e S5 A A Ak B 5 A5 I 5 B R

PMT X 5 W 1 6 Ak 5 22 4R B AE I S92 (4R 28
23 (6] B A7 Ay 23 (] 0 WS b 90 % 450 1 = S A B 2y
REAR”iX — Lg%, PMT 55125 RE K 5244 22 [ 1 48 5
RAT A )N A& A 4E BE ] R AL T TR A Y
MARL {F: 55 b, 53X B #5880 B e, I 2 R o 52
AR 7R T 2 2R o R 2 o o 20 BT Oy Se kY R
M. e Ah A PMT A 5 W 19 2% v, 00 28 B ) o [v)
F 2R RE AT Ry 2 1] 1 [R] — 4 JiE SR i 099 2 1) FRALE
R 45wt A 2 8 — HL AP Y. fE SR AL 2 o i
PR, 2250 1 3K BUE A BE AL . R 1% 58 MARL Jr
TEAEAT Jy 25 (8] 45 A Sl AV SIS 9 Y IR i R AE 2
I 5 XA S AR 7 A i 4 S BUBOR 19N 2k 3
MGG R Ty 22, T PMT 5532 0 3 3o 55w e S o 20
WEAR T IX — AR E TR B k. IR £k R
A e A B TR R AR P gk — 25 R IR 25 S 8] B AT
Shy 7 ) ) RS A i A 9/ R SR IS IR 2 ) T g
TRAT R B FZ R R PMUT 6 405 (51 5 Wk 0o 28 5 Fe st i
S o HA MARL 75 2% BT sk 2k 1. £E45 213 78 70 1Y
PrAR g R 5 BATH — R E % MAAC, MADDPG,

COMA F1 VDN 25 H A 5575 (i . A M BE L G 2
R KA I 5% T IO XoF 56 W %) G D ik 3 B LA
b b AT VR BE R AL 2% ) A B A B — SRR R
W o) 2 A I 2 R A 2 ) AT kg 253 () 1) Al 4k 1 e 5
1117 A% AR 2 B OO S W W 33 )22 1T % MARL 47 0F
Y0 TAE. {5 B SE 50 25 J L U6 BH o DA SR s ke S J22 1o
MARL 7 85 2R A 2.

7 2 0 PMT B FEL B LA A R 5 Tl
SRR T A BT T 20 U 2k B R e R AT SE 5
Hr, 8 AR R BT HEAT ISR, o] LA 2L i i i
PMT B335 BRI 25 JU7 5 & 1) B ) B 3 I e T 5
NTE B ST HLHG - 55 W 0 48 R A ) 2% B 75 52 0 T
SIS A RN B SR W AT BPE A T R Y e ) AR
K. MAAC B 3E7E VR W 48 dhom A T 33 S L
DAL I VI 5 ik i) R R A . (HBE %5 Y RE IR B B 3 2,
MAAC Fr s 047 B 8] 5 PMT. 3X J2 Rl ) g
ECH 35 Z 08 PMT 533k o hil 2 8 Re AR 9 80 H JF R
B AL B I0T Wl g E Re R Bl 5 S A 4 L I
W VI 25 (]38 in O A8 B e LAt 55 3% 40 MADDPG
COMA .DDPG F1 VDN Wil 2 Fifi % % 6 14 £ 5 3% i
o B Z N ZRa ). R 5T B R L
% Actor PI4E 1 Critic (W45 A8 1552 4, AT r $2
) PMT S35 I A 25 3 it 2 i U 2R AR 0. 76 % e
PREH B i PMT 850356 B s 0 )1 5 B[] AS 88 2ot i
LE DYt 20% , FER BE R B B K £
i Y 2t ) ) AN B AL 15 %%,

R2 ZHESRTESERBRIIGETEE

Y LR 1]
5t
PMT MAAC MADDPG COMA DDPG VDN
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Simple Spread (5) 0.37740
Simple Spread (7) 0.42591
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(f) Multi-Push (7 agents)
E )

i 245

F.PMT-1 f945 RprifE 22 i X T PMT FI PMT-2.
PMT-1 B A7 fff 5 s e S5 5 20 ofe ¥y A il R A REAAC
SR AE SR D00 288 R DA D9 28 vh A T AR SCHR B 1 B
TERE g, PMT-2 WA SEHT A T 5 Bk, AL
4T Z R R R GRS PMT-1 (bR 2 5
1R HAL MARL 53538 L. 10 PMT-2 # b5
265 PMT M2 B0 XM BRI 11 PMT ik
Hh SR I S R AR R AR I SR AT R AR E I ER I R
T 5% 0% R IS T LI o SR [0 4% 14 3 A A R )R Tl Bl
RS 7 A A i e A HL 32 58 Ak 2 ) DI ke ad 7 B
BUPESZ W 570N PRI 5 4 2R B IS » X 5 36T ]
FE 4.3 /N Y I B — 2K

£4 TRBEESETHERERER

s -1 Il 4 i v 22

PMT PMT-1 PMT-2 PMT PMT-1 PMT-2

Simple Spread (3) —67.1 —100.5 —79.8 *1.40 +4.90 +1.80
Simple Spread (5) —57.1 —107.4 —83.2 *£1.80 +4.60 =+2.10
Simple Spread (7) —55.6 —108.5 —86.6 +2.50 +4.70 =+£2.40
Multi-Push (2) —24.6 —33.4 —28.1 *£1.20 +2.10 +1.53
Multi-Push (5) —26.7 —40.0 —31.7 +£2.58 +2.75 #£2.39
Multi-Push (7)  —25.5 —32.6 —31.9 *1.66 +3.42 +1.84
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Background

As an important field in Artificial Intelligence, Multi- Agent
reinforcement learning is expected to intelligently control Multi-
Agent systems. However, the existence of other agents make the
Markov Decision Process for an agent incomplete. Although re-
searchers have developed several mechanisms such as Centralized
Training and Decentralized Execution to enhance MARL., the ex-
isting methods are hard to gain the optimal policies due to the dif-
ficulty of capturing the coupling among agents. Several works
attempted to extract these coupling in different ways, such as
communication channel, attention encoding, and centralized
evaluation. However, the learned policy tends to be subopti-
mal, and the training process is unstable.

For these reasons, we aim at transforming the coupling
among agents, using abstract agents as the mediator in the
interaction between agents and environments. The policy
mapping {rom the joint state space and joint behavior space
are recombined, and the abstract agents are assigned with
policies, by which the coupling among agents are transformed
into that among the behavior space. This transformation
makes the policy networks easy to learn coordinate, while
two self-attention modules are proposed for policy networks

and evaluation networks, resulting in a more stable training.

Moreover, the self-attention module can reflect the importance
for each state vector on the decision, by which the learned
policy can be explained explicitly. The proposed method
provides a new viewpoint of multi-agent reinforcement
learning, and homogeneous Multi-Agent systems can learn
more advanced, explainable, and stable policies by our method.

Based on the method above, we have developed several
Multi-Agent reinforcement learning methods and researched
the coordination of multi-agent systems. Such as Multi-Agent
transfer learning, Multi-Agent reinforcement learning based
on hard-attention model, and explainable feedforward neural
network. Our existing achievements lay a solid foundation for
this work.
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