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Research on cache-assisted MEC offloading and resource allocation
ZHU Shao’en

(School of Communications and Information Engineering, Nanjing University of Posts and Telecommunications,
Nanjing 210003, China)

Abstract: Due to the performance bottleneck of MEC in facing large—scale data transmission and computing demands, caching task
data locally can significantly reduce data transfer time and network bandwidth consumption, thereby improving the performance of
MEQC in practical applications. This paper investigates the optimization problem of long—term average system cost in a scenario of
multiple edge servers and multiple mobile users with cache assistance, and proposes a joint optimization scheme for computing
offloading, resource allocation, and caching decision—making. The proposed scheme is based on the D3QN framework and utilizes
genetic algorithm and KKT to respectively obtain local and edge computing resource allocation. And the scheme updates the MEC
server cache space based on the probability distribution of task requests and obtains an approximately optimal offloading decision
through learning and quantization of the D3QN network. Simulation results show that the proposed scheme has better performance
compared with other schemes under different system parameters.
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