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[Abstract]

With the advancement of unmanned aerial vehicle technology, swarm drones are increasingly being

deployed across various domains, including disaster response and military operations, where their

effectiveness is particularly pronounced. These swarm drones leverage real-time data sharing and

decision-making capabilities to execute tactical missions, making collaborative behavior essential in

complex battlefield environments. However, traditional rule-based behavior mechanisms

face limitations

as environmental complexity escalates. This paper explores the potential of applying multi-agent

reinforcement learning (MARL) to swarm drone models and proposes strategies to enhance their mission

success rates. By utilizing QPLEX and Prioritized Experience Replay (PER), we present methods aimed

at improving learning efficiency. Validation through the SMACv2 simulator reveals that the proposed

approach achieves faster learning convergence and higher mission success rates compared to existing

MARL algorithms.
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I. Introduction
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II. Preliminaries
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III. The Proposed Scheme
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Table 1. observation

item sub-item type
movable direction
bool
(west, east, north, south)
own health float
absolute position(x, y) float
weapon reload time float
unit type one-hot
identifiable bool
health float
ally relative distance float
relative position(x, y) float
unit type one-hot
could attack bool
health float
enemy relative distance float
relative position(x, y) float
unit type one-hot
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4. Learning architecture
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Table 2. proposed algorithm learning parameter

Items D5_Dé6 D10_D13
agent network [90x64x12] [186x64x19]
hyper network [131x64x5] [338x64x13]

key [131x1] [338x1]
MHA agent [131x5] [338x10]
action [143x5] [350x10]

Items PER
buffer size 4000 scenario
parameter (&) 0.1
parameter (3) 0.1
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Table 3. common hyper-parameter

Al=E ol sto] tiefet Fd2 At sytol] &3
—’,\— 91 E epsilong 3l explorationyt exploitation
t25 stepof|A] epsilon rateft=

o,

Items D5_Dé6 D10_D13
optimizer “Adam”
learning rate (Ir) 5. 10 ¢
discount factor (y) 0.99
minimum epsilon (€) 0.05
epsilon rate 0.15 %
policy update cycle 200 epoch
evaluate cycle 5000 step
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train epoch 2 epoch
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learning max step 3M step 5M step
observation space 90 dim 186 dim
action space 12 dim 19 dim
state space 131 dim 338 dim

2. Experiment result
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— QMIX —— QPLEX —— QPLEX+PER(proposed)
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Fig. 6. experiment result
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inference in swarm drone model
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