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Abstract  To reduce the costs of task processing, task offloading is put forward as a promising
technology in mobile edge computing. In this paper, in order to lessen the burden of long-term tasks
of the moving user, we utilize Markov decision process to formulate the task offloading problem as a
stochastic programming problem, when taking the user mobility and system dynamics into account.
According to the system information state, the problem can be categorized as the one with fully
known system information and the other one with limited system information. We provide the optimal
and learning-based task offloading algorithms under these two kinds of systems respectively.
Furthermore , two learning-based algorithms, one with optimality and another with faster convergence
rate, are proposed. The performance is verified in simulations.
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Fig.4 Performance of the algorithms
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Fig.5 Performance of the algorithms after training
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