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Edge Offloading Framework for D2D-MEC Networks Based on Deep Reinforcement Learning
and Wireless Charging Technology

ZHANG Naixin' ,CHEN Xiaorui' . LI An', YANG Leyao' and WU Huaming’
1 School of Mathematics, Tianjin University, Tianjin 300192, China

2 Center for Applied Mathematics, Tianjin University, Tianjin 300072, China

Abstract A large amount of underutilized computing resources in IoT devices is what mobile edge computing requires. An edge
offloading framework based on device-to-device communication technology and wireless charging technology can maximize the uti-
lization of computing resources of idle IoT devices and improve user experience. The D2D-MEC network model of IoT devices can
be established on this basis. In this model.the device chooses to offload multiple tasks to multiple edge devices according to the
current environment information and the estimated device state. It applies wireless charging technology to increase the success
rate of transmission and computation stability. The reinforcement learning method is used to solve the joint optimization allocation
problem, which aims to minimize the computation delay,energy consumption,and task dropping loss as well as maximize the utili-
zation of edge devices and the proportion of task offloading. In addition,to adapt to larger state space and improve learning speed,
an offloading scheme based on deep reinforcement learning is proposed. Based on the above theory and model, the optimal solution
and upper limit of performance of the D2D-MEC system are calculated by mathematical derivation. Simulation results show that
the D2D-MEC offloading model and its offloading strategy have better all-around performance and can make full use of the com-
puting resources of IoT devices.

Keywords Mobile edge computing, Device-to-device (D2D) , Reinforcement learning. Internet of things (IoT) , Computation off-

loading , Wireless energy transmission
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