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Abstract ; Computing offloading is a key problem in mobile edge networks. Deep learning-based algorithms
provide a solution to efficiently generate offloading strategies. However, considering the dynamic
characteristic of mobile terminal devices and the transformation between different task scenarios, a large
amount of training data and a long training time are needed to retrain the neural network model, that is,
these methods are weak in adapting to the new environment. In order to solve these problems,an adaptive
offloading method based on meta reinforcement learning is proposed. Firstly, the outer model is pretrained
and then the inner model is trained based on the outer model when dealing with specific tasks. The method
can quickly adapt to the new environment with a small number of gradient updated samples. Simulation
results show that the algorithm can adapt to new task scenarios and has good effect.
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