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Abstract: In order to meet the demand of the substantial increase of wireless data traffic, the resource
optimization of the Heterogeneous Cloud Radio Access Network (H-CRAN) is still an important problem that
needs to be solved urgently. In this paper, under the H-CRAN downlink scenario, a wireless resource allocation
algorithm based on Deep Reinforcement Learning (DRL) is proposed. Firstly, a stochastic optimization model
for maximizing the total network throughput is established to jointly optimize the congestion control, the user
association, subcarrier allocation and the power allocation under the constraint of queue stability. Secondly,
considering the complexity of scheduling problem, the DRL algorithm uses neural network as nonlinear
approximate function to solve the dimensional disaster problem efficiently. Finally, considering the complexity
and dynamic variability of the wireless network environment, the Transfer Learning(TL) algorithm is
introduced to make use of the small sample learning characteristics of TL so that the DRL algorithm can
obtain the optimal resource allocation strategy in the case of insufficient samples. In addition, TL further
accelerates the convergence rate of DRL algorithm by transferring the weight parameters of DRL model.
Simulation results show that the proposed algorithm can effectively increase network throughput and improve

network stability.
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