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Resource Allocation Algorithm for Heterogeneous Ultra—dense Networks
Based on Reinforcement Learning
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Abstract . In order to ensure the quality of service ( QoS) for downlink users and improve the spectrum efficiency ( SE) and energy
efficiency (EE) of heterogeneous ultra—dense networks,a multi—agent based joint spectrum and power allocation algorithm of deep rein-
forcement learning ( DRL) is proposed. Firstly, we obtain the resource allocation optimization function with spectrum utilization and
energy efficiency as the optimization goal. Secondly, the user state space, reward, and action space are defined, and state space
information is obtained through relatively small communication overhead, which is one—dimensional data,and the amount of input data to
the network is reduced. Users use their own channel state information ( CSI) instead of relying on the global channel state information
and then obtain spectrum and power allocation strategies based on the state information. Finally, the best resource allocation strategy is
found by training a deep neural network. The simulation results show that the proposed algorithm can achieve a faster convergence speed.
Compared with the greedy algorithm and other reinforcement learning methods, the energy efficiency is increased by more than 20% ,and
the spectrum utilization rate is increased by 27% and 11% ,respectively.
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