5545 % 531
2023 4£ 6 H

#HREH 5 %L

Command Control & Simulation

Vol. 45 No. 3
Jun. 2023

XEHS:1673-3819(2023)03-0099-09

MAREMANRHEEREBUFIFEAR

BEM, INFAE, BT, R O#, 2 E, Askd’

(FERURE, {LJh mMat 210093)
B BEAEFRATREBLFIAONBFIRRS AL EATRENRRETHORARLRET &, 4%
REATHL T T ST AR IR T SRR D R SR R DA AR AR R F R T — A bR IS 00 S A Ak
PRIBAL 5 5T ¥ FE 3 4% 5 % PK-MADDPG, #1227 X & Critic 4228 T #) MADDPG #:% | ZAEA ¢ B T 2104t 8 W
R RAAC LI o iR R IR, T N A P RAF R FWRR, BSXURE B A T MaCA F# &R st s A
F K, ¥ PK-MADDPG ik 5 2 LU0 H ik 694 Fo x4 48 Rt AT o4 B0E T P4 SE sk 09 A At |
KW RF T AR e At; MADDPG; %% skikihR
i E 55 TP181 CRAPRAERD A DOI : 10.3969/.issn.1673-3819.2023.03.015

Heterogeneous multi-Agent reinforcement learning

algorithm integrating Prior-knowledge

ZHOU Jiawei, SUN Yuxiang, XUE Yufan, XIANG Qi, WU Ying, ZHOU Xianzhong
(Nanjing University, Nanjing 210093, China)
Abstract: In recent years, the breakthrough of machine learning based on deep reinforcement learning provides a new devel-
opment direction for intelligent game confrontation. In order to solve the problems of slow convergence speed and great differ-
ence in training effect of heterogeneous multi-agent reinforcement learning algorithm in intelligent confrontation, this paper
proposes a priori knowledge-driven multi-agent reinforcement learning game antagonism algorithm PK-MADDPG, and con-
structs a MADDPG model under the framework of double Critic. The model uses the experience first replay technique to opti-
mize the prior knowledge extraction, thus achieving remarkable results in the training of game confrontation. In the national
competition of MaCA heterogeneous multi-agent game confrontation, the paper compares the game confrontation results of

PK-MADDPG algorithm with classical rule algorithm, and verifies the effectiveness of the algorithm proposed in this paper.
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Fig. 3 Prior knowledge priority playback process
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Tab. 4 Properties of MaCA heterogeneous multi-agent unit
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Fig. 6 MaCA heterogeneous multi-agent map
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Tab.5 The compare of winning times between
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Fig. 7 The winning rate of base rule (red)
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Tab.6 The compare of winning times
between MADDPG and base rule
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Tab.7 The compare of winning times
between PK-MADDPG and base rule

RS BRIV nl- 5%
PK-MADDPG (red) 463 500
baserule ( blue) 35 500

The win rate of both sides

100

80

60

win rate

40

20

1 1 1 1 1 1
0 100 200 300 400 500

round_cnts

B 9 PK-MADDPG (red) 5 base rule (blue) it =E
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Tab. 8 The compare of winning times between
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Fig. 10 The winning rate of PK-MADDPG (red)
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