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Study on Relay Decision in Wireless Heterogeneous Networks Based on Deep Reinforcement Learning

ZHOU Tianyu and GUAN Zheng

School of Information Science &. Engineering, Yunnan University s Kunming 650500, China
Abstract For large-scale multi-user scenarios of the Internet of Things,remote nodes need to access the network through relay.
In order to solve the adaptive access control problem of relay in heterogeneous access technology environment,an intelligent relay
access control strategy based on deep reinforcement learning is proposed,which regards the transmission and reception process of
relay to remote user data as a partially observable Markov decision process,and dynamically decides the relay working state to
maximize the total system throughput and node fairness. Firstly, the uplink model of wireless heterogeneous network with relay is
established. With the goal of improving the total throughput of the system,the dynamic decision optimization model of relay is es-
tablished. Secondly.a deep Q network(DQN) with LSTM hidden layer is constructed as a behavior state value function to opti-
mize the total system throughput. Test results show that DRL-RAP can provide network access for remote users on the premise
of ensuring the original user’s quality of service. The total throughput of the system is significantly improved on the basis of the

original network,and the maximum throughput can be increased by 30%.
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