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# E DQNFZEMAZENATHANRERKFIZE ESHFRFEHIANFRBARE TS 28R, Rm,.DQN 7 &
s — %I BBk, 4o , DQN 2L S 453 Q. H L QUERAL X WERMBEA N LRI D AL e-greedy R HATIKE
AEBRF, AN EEPE BT —HEATDON W S HAERRERLETEINAN T X . AT ETABNFRAEFITIHZ
AL E A BN Kok, R B X B AR E . AL, £ DQN ke A sk L, 32 0 T & F Dueling #9 Q 183+ F L hu#), 4 Q
e H A XA T RS EAR R DR FRB L ATELE DI QIEML o) AR BFRLHF LR QﬁLé‘JiJrf%?;ﬁfJu
Mg AR BREET AT GRUZILHH . FINT GRU 3k AR WA T AR P86, A AL BE KRG L 12
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DQN-based Multi-agent Motion Planning Method with Deep Reinforcement Learning

SHI Dianxi"* ,PENG Yingxuan®*,YANG Huanhuan®?,OUYANG Qianying'* ,ZHANG Yuhui* and HAO Feng'
1 Intelligent Game and Decision Lab(IGDL) ,Beijing 100091, China
2 Tianjin Artificial Intelligence Innovation Center, Tianjin 300457 ,China

3 College of Computer,National University of Defense Technology,Changsha 410073 ,China

Abstract DQN as a classical value-based deep reinforcement learning method, has been widely used in the field of multi-agent
motion planning. However, there are a series of challenges in DQN,such as, DQN can overestimate Q values,calculating Q values
is more complicated, neural networks have no historical memory capability, using e-greedy strategy for exploration is less effi-
cient. To address these problems,a DQN-based multi-agent deep reinforcement learning motion planning method is proposed,
which can help the agents learn an efficient and stable motion planning strategy,so as to reach the target points without collision.
Firstly,based on the DQN method,an optimization mechanism for Q value calculation based on Dueling is proposed, which im-
proves the calculation of Q value to calculate the state value and the advantage function value,and selects the optimal action based
on the parameters of the Q value network that is currently being updated,making the calculation of Q value simpler and more ac-
curate. Secondly,a memory mechanism based on GRU is proposed,and a GRU module is introduced, which enables the network
to capture the temporal information and has the ability to process the historical information of the agents. Thirdly,an effective ex-
ploration mechanism based on noise is proposed, which changes the exploration mode in DQN by introducing parameterized noise,
improves the exploration efficiency of the agents,and makes the multi-agent system reach the exploration-utilization equilibrium
state. It is tested on PyBullet simulation platform in six different simulation scenarios,and the results show that the proposed
method can enable multi-agent teams to collaborate efficiently and reach their respective target points without collision,and the
strategy training process is more stable.

Keywords Multi-agent system.Motion planning.Deep reinforcement learning. DQN
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Table 3 Ablation experiment results

9 & SDQN No-GRU No-Noisy No-Dueling
SmallEmpty  9.58+0. 21 8.55+0.68 8.63+1.06 8.91+1.29
SmallDivider  9.5440. 67 5.47+3.33 8.46+1.56 7.45+2.15
LargeEmpty 19.54+0.45 16.22+3.77 14.3846.08 18.70+2.04
LargeDoors  19.57+0.25 11.24+5.96 16.86+1.38 14.8143.25
LargeTunnels 19.45+0.56 15.55+7.80 17.30+2.36 17.974+3.53
LargeRooms 19.53740.38 14.46+6.29 17.27+2.22 19.1141.09
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