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Abstract:

underlaying cellular network, an energy efficient algorithm is proposed while guaranteeing the quality of service of users.

In order to optimize the energy efficiency for energy harvesting-powered cognitive M2M communications

Firstly, the problem is formulated as a mixed integer nonlinear programming problem with the goal of maximizing energy
efficiency by jointly considering transmission power control, time slot allocation, transmission mode and relay selection
with the constraints of the energy status of each device. After that, the optimization problem is modeled as a discrete-time
and finite-state Markov decision process. Afterward, a deep reinforcement learning-based algorithm is proposed to find the

optimal strategy. Numerical results validate that the proposed scheme outperforms other schemes in terms of average ener-

gy efficiency with an acceptable convergence speed.
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