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ABSTRACT

With the increasing number and diversity of mobile communication devices, the efficient allocation of
limited frequency bands has become a critical concern. In heterogeneous network environments, where multiple
devices coexist within a single network, the application of different Multiple Access Control (MAC) protocols
to each device leads to inevitable collisions using conventional methods. In this paper, we propose MAC
protocol based on reinforcement learning, aiming to achieve efficient coexistence in such heterogeneous
networks. By utilizing reinforcement learning, our proposed protocol mitigates collisions in data transmission,
even in scenarios with hardness of information exchange between devices and experimental results demonstrate

performance improvements in mixed-network environments.
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