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Abstract: Multi-agent reinforcement learning (MARL), with its outstanding generalization capabilities and rapid com-
putation speed, has become an effective tool for solving tasks with high real-time requirements and has been extensively
researched and applied in multi-agent path finding (MAPF) problems. Nevertheless, MARL-based MAPF solvers still face
the challenge of planning collision-free paths for agents when the agent density is extremely high. Most existing learning-
based MAPF solvers tend to pause the movement of an agent as an alternative action when a potential collision is predicted,
lacking effective coordination mechanisms among agents, which may lead to deadlocks. To address this challenge, this
study proposes a method that combines reinforcement learning with a communication network equipped with an attention
mechanism, aimed at optimizing the solution of the MAPF problem. Moreover, to reduce the occurrence of deadlocks in
high-density agent environments, this study has designed a set of action detection and replanning strategies. An internal
reward mechanism has also been introduced to encourage agents to explore the environment and accelerate the process of
reaching their target locations. Experimental validation shows that the proposed method significantly outperforms existing
advanced learning-based MAPF methods in terms of accuracy and performs comparably to near-optimal solvers in multiple
environments.
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Table 2 Algorithm 1: Pseudocode for the detect-
replan algorithm

Function Replan(a;)
C' <« Neigh(a;);
& dist (v, t;) FHFHEFC, Hdv € C;
for &1~v € C do
if f#1Eay, € AfifFmy[t + 1] = v then
continue;
end if
if fi1Eay, € AffifSmy [t =vAm[t+1]=m;[t] then
continue;
end if
it + 1] + v;
if fifEa;, € AfHTS
g [t] = v A [t + 1] = @ then
if Replan(ay, ) /23 ¥Ithen
continue;
end if
end if
return A %;
end for
TI‘i[t + 1] — Wi[t];
return JCRY;

end function
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Table 3 The average number of steps for agents to complete tasks in two environments of different sizes

with obstacle density set to 0.3

HIEIR~F40 x 40 HER~180 x 80
BRek
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