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ABSTRACT

In this paper, we study a scheduling problem based on reinforcement learning for overlay device-to-device (D2D)
communication networks. Even though various technologies for D2D communication networks using Q-learning, which is
one of reinforcement learning models, have been studied, Q-learning causes a tremendous complexity as the number of
states and actions increases. In order to solve this problem, D2D communication technologies based on Deep Q Network
(DQN) have been studied. In this paper, we thus design a DQN model by considering the characteristics of wireless
communication systems, and propose a distributed scheduling scheme based on the DQN model that can reduce feedback
and signaling overhead. The proposed model trains all parameters in a centralized manner, and transfers the final trained
parameters to all mobiles. All mobiles individually determine their actions by using the transferred parameters. We
analyze the performance of the proposed scheme by computer simulation and compare it with optimal scheme,
opportunistic selection scheme and full transmission scheme.
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