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MADDPG game confrontation algorithm of polyisomer network based on
rule coupling based on rule coupling

ZHANG Yuxin, ZHAO Enjiao, ZHAO Yuxin
(College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: In order to overcome of dynamic attenuation of the number of UAVs in the process of multi-UAV game con-
frontation, and solve the sparse reward problem in the traditional deep reinforcement learning algorithm and the high
frequency of invalid experience extraction, a game model of red and blue UAV clusters is built in this paper based on
the background of multi-unmanned aerial vehicles (Multi-UAVs) game with limited attack and defense capabilities and
communication range. Under the Actor-Critic framework of multi-agent deep deterministic policy gradient (MADDPG)
algorithm, the original MADDPG algorithm is improved according to the characteristics of the game scenario to solve
the problem of the number attenuation, sparse rewards and high extraction frequency of invalid experience of UAVs in
the original algorithm. On this basis, in order to improve the exploration and utilization of algorithm for effective experi-
ences, a rule coupling module is built to assist UAV. The simulation experiment shows that the algorithm designed in
this paper has improved the convergence speed, learning efficiency and stability. The use of polyisomer network makes
the algorithm more suitable for the game scenario that the number of UAVs declines dynamically; the reward potential
function and the priority experience playback method based on the importance weight coupling improve the degree of
refinement of experience difference and the utilization rate of superior experience; the introduction of rule coupling
module realizes the effective utilization of UAV decision network for priori knowledge.
Keywords: deep reinforcement learning; multi-UAVs; game confrontation; MADDPG; Actor-Critic; rule coupling; ex-
perience replay; sparse rewards
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Fig. 13 Migration scenario training process
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Table 2 Environment parameter settings
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Yt IX 5K £ Oyye/rad 1.7

2 S DX K FA Ogef /rad 1.57
BB T BRvmax/(m/s) 20
TEPE N BRvmin/(m/s) 1
IR 1 B amax/(m/s”) 5

x3 ESYEE
Table 3 Hyperparameter settings

A ZHCEUHE
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Critic 2827 ] FBcyitic 0.8

LGRS EY ey 0.5
Prin R4y 0.8
MaFE Ty 250 0.1
EZT AlLESS Y 10000
AR 1024

HRORHEL 15000

RIEL 500

AEX R R Bk i 0.5
HERT 3 R ke 0.5
R B FR Bkpou 0.5
JEUHE 8 28 ¥ kesp 0.5
PER % $a 0.8
AU 2B 0.8
A — LR Ew 10
L e A Y] 0.8
e KA 1

& 4 Critic FMELEH

Table 4 Critic subnetwork structure

[ /201~05

o) 2% s HiA i 14
01 02~05
rvsn | State 28 128 128 1
THE Action 20 128 128 1
2ovsl State 21 128 128 1
THE  action 15 128 128 1
lvsn  State 21 128 128 1
THE  action 15 128 128 1
Lovs-] State 14 128 128 1
THA Acion 10 128 128 1

R 5 Actor TR L

Table 5 Actor subnetwork structure
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T 7 128 5
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Fig. 14 Average reward curve of plans
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Table 6 Algorithm convergence

Bk s e WesntElZE s
1-vs-1 5300 1.6348
1-vs-2 4300 1.8785
MADDPG
2-vs-1 6000 1.8919
2-vs-2 43800 1.3937
1-vs-1 5000 1.8865
1-vs-2 4100 2.0728
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2-vs-1 5800 2.1974
2-vs-2 5400 1.7362
1-vs-1 4700 1.8277
1-vs-2 4000 2.0126
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2-vs-1 5400 2.0308
2-vs-2 4700 1.4887
1-vs-1 3500 1.9834
1-vs-2 3600 2.1508
MH#EMADDPG
2-vs-1 5000 24312
2-vs-2 4600 1.7271
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Fig. 16 Game curves in target game scenarios
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Fig. 17 Statistical data in 2-vs-1 scenarios
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Fig. 19 Statistical data in target scenarios
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