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Figure 1 The two-dimensional maze environment of capture-the-flag
game in this paper.
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Figure 2 Schematic diagram of the multi-agent game in partially observable environments.
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Figure 3 Structure diagram of the multi-agent capture-the-flag game model.
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Table 1 D3QN algorithm pseudo code
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Table 2 The definition of the reward function in this paper
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Figure 5 The states of all agents in different periods of capture-the-flag game and the distribution of the corresponding attention weight. The red and
blue teams are trained using the proposed G-MAD3QN algorithm, and the numbers in the table represent the attention weight value of the ordinate

agent to the abscissa agent at a specific moment. Agents 1 and 2 belong to the red team, and agents 3 and 4 belong to the blue team. (a) Number of steps
=427; (b) number of steps = 831; (c) number of steps = 916.
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Figure 6 The change curve of attention values during the capture-the-
flag game (this paper takes agent 1 as an example, corresponding to the
instantaneous state in Figure 5). (a) The attention value curve of Agent 1
to Agent 2; (b) the attention value curve of Agent 1 to Agent 3; (c) the
attention value curve of Agent 1 to Agent 4.
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Table 3 The mean and standard deviation of the red team’s score in
the two-to-two capture-the-flag game

T
ZIIK}\ [21] [25]
MADQN" MAD3QN G-MAD3QN
MADQN™! 0.09+0.14 —0.45+0.07 —0.94+0.02
MAD3QN™! 0.44+0.06 —0.05+0.13 —0.63+0.09
G-MAD3QN 0.91+0.03 0.57+0.10 0.02+0.16

- B e 3 L AN RN R B 2 VST A
Table 4 The average steps and standard deviation when the red team
wins the two-to-two capture-the-flag game
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MAD3QN™ G-MAD3QN
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413



A A H IR IR S AN SE A5 B R SR I R

B 7 SFHLRERRE R T AR REIR I B I Zh L. ZLNE A SCG-MAD3QNSE ISk, HiBAAE ARSI 4R, Z0B0
RIEIE ) R R, WAL s 0. (a) SR, (b) S ERUR

Figure 7 Part of the trajectory of each agent in a specific scene during the process of capturing the flag. The red team agents are trained by G-
MAD?3QN algorithm, while the blue team agents are trained by the baseline algorithm; the red team agents’ trajectories are represented by long dotted
lines, while the blue team agents’ trajectories are represented by short dotted lines. (a) Cooperative hunting; (b) cooperative withdrawal.
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Swarm intelligence capture-the-flag game with imperfect information
based on deep reinforcement learning

WANG JianRui, HUANG JiaHao & TANG Yang

Key Laboratory of Smart Manufacturing in Energy Chemical Process, Ministry of Education, School of Information Science and Engineering, East
China University of Science and Technology, Shanghai 200237, China

One of the major research areas has been the problem of swarm intelligence games in complex environments. This study offers G-
MAD3QN, a multi-agent deep reinforcement learning system based on Multi-agent Dueling Double Deep Q-Network (MAD3QN)
and Graph Attention Network (GAT), to handle the challenges of multi-agent capture-the-flag games under imperfect information
settings. The algorithm realizes the path planning in the labyrinth map while also modeling the cooperation and competition
relationships of multi-agents under imperfect information conditions at the same time so as to determine the strategy of the capture the
flag game. In the experiment, we consider the imperfect observation information of the agents based on the two-dimensional maze
environment. Moreover, in the two-on-two capture-the-flag game, we compared the G-MAD3QN algorithm to baseline multi-agent
deep reinforcement learning algorithms, such as Multi-agent Deep Q-Network (MADQN) and MAD3QN, to verify the proposed
algorithm’s effectiveness.

capture-the-flag game, imperfect information, deep reinforcement learning, graph attention network
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