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[ Abstract] The computing resources of Mobile Edge Computing( MEC) servers are limited while the computing tasks have
delay constraints.To reduce the completion time of computing tasks and the terminal energy consumption, a joint optimization
method for offloading decision and resource allocation is proposed.In the multi=user and multi-server MEC environment, a
new objective function is designed to build the mathematical model.Based on'the model and the deep reinforcement learning
theory , an improved Nature Deep Q-learning algorithm (Based DQN) is proposedsTFhe experimental results show that among
the various objective functions, the new objective function provides the Based DQN algorithm with more eminent advantages
in optimization performance over all the local offloading algorithms, random offloading and allocation algorithms, Minimum
Complete Time algorithms(MCT) and multi-platform offloading intelligent resource allocation algorithms.The effectiveness
of the objective function and the algorithm is verified.
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different learning rates
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