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Abstract: The task allocation problem in heterogeneous multi-agent systems is one of the core issues in the multi-
agent domain. This problem requires the rational allocation of heterogeneous agents with distinct capabilities to tasks that
demand multi-agent collaboration. Moreover, dynamic events in real-world applications, such as the arrival of new tasks
and agent failures, further exacerbate the complexity of this problem. To address the limitations of existing methods—such
as high computational costs, difficulties in effectively modeling the complex dependencies between heterogeneous agents
and tasks, and poor adaptive decision-making capabilities in dynamic scenarios—this paper proposes a dynamic task alloca-
tion method for heterogeneous multi-agent systems based on Graph Attention Networks. This method introduces a dynamic
graph construction mechanism to model the complex interaction relationships between heterogeneous agents and tasks, ex-
plicitly characterizing dynamically evolving scenarios through real-time updates of nodes and edges. Furthermore, an encod-
er-decoder architecture based on graph attention mechanisms is designed. By assigning independent attention channels to
different interaction edges, it decouples the feature semantics of heterogeneous nodes. Combined with a pointer-based de-
coder, this architecture achieves precise matching between capabilities and requirements, as well as adaptation to variable-
length inputs. In addition, to overcome the sparse reward challenge in large-scale task allocation, this paper proposes a
multi-stage curriculum learning strategy covering both task scale and environmental dynamics dimensions, which guides the

policy to converge progressively by smoothing the optimization landscape. Simulation results demonstrate that the proposed
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method maintains a 100% allocation success rate across various dynamic scenarios. The task completion time is reduced by

4% to 8% compared to learning-based baselines, and by approximately 23% compared to the greedy algorithm. Even in

large-scale scenarios, the method maintains millisecond-level decision-making speeds and yields high-quality allocation re-

sults, thereby verifying its comprehensive advantages in dynamic adaptability, scalability, and the quality of allocation

schemes.
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Figure 2 Simulation results of dynamic task allocation for heterogeneous multi-agent systems
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