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Offloading Optimization Algorithm for Moble Edge Computing in
Unreliable Channel Transmission Environment

DENG Yuanqi, ZHOU Qizhao
(School of Computer Science , Chengdu University of Information Technology , Chengdu 610225, China)

Abstract: With the increasingly complex application environment of mobile edge computing, computing offload is facing many serious chal-
lenges, which are manifested in the difficulty in ensuring the reliability of data transmission channels, the diversity of applications and the sig-
nificant heterogeneity of computing resources. These challenges directly lead to the inefficiency of traditional unloading decision—making meth-
ods, which is difficult to meet the actual application requirements. Therefore, an enhanced partial unloading optimization algorithm based on
deep reinforcement learning is proposed, which can formulate the optimal unloading scheme for user generated sequential tasks according to
task requirements and computing resources. In order to deal with the unreliability of data transmission, the scheme integrates the task informa-
tion prediction model. When the task information uploaded to the agent is lost or wrong, the prediction model will complement the task informa-
tion and assist the algorithm to make accurate unloading decisions. At the same time, a dynamic unloading cost function with task characteris-
tics is designed for the problem of task diversity as the optimization goal of computing the unloading problem, and an improved deep reinforce-
ment learning algorithm is used to optimize this goal. The simulation results show that compared with the three existing schemes, the unloading
cost of the proposed scheme is reduced by 36.3%, 21.8% and 12.9% respectively, and has higher convergence efficiency, which can adapt to
applications with different preferences and dynamic network environment.
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Fig.1 MEC system model with unreliable transmission network
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Fig.2 POOA-UN decision—making process
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Fig.3 POOA-UN training process
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Fig. 6 Comparison of unloading cost, average delay and aver-
age energy consumption of different algorithms in different ap-

plication scenarios
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