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Abstract ; Task offloading represents a pivotal research direction within mobile edge computing. While existing studies have achieved
remarkable progress in optimizing computation latency and energy consumption,most fail to adequately address the inherent complexi-
ties of edge computing environments. Factors such as the unreliability of resource nodes,device heterogeneity ,and task diversity signif-
icantly affect offloading decisions and overall system performance. To address these challenges, this paper proposes a task offloading
scheme grounded in dynamic trust evaluation. The proposed approach integrates two algorithms : Firstly , drawing inspiration from the e-
volution of trust mechanisms in human society,a trust relationship model between devices is established within the edge network. This
mechanism ensures the provision of reliable resource node information for task offloading ,effectively mitigating failures caused by de-
vice malfunctions, malicious attacks,or resource insufficiency. Subsequently,an improved Q-learning algorithm is employed to solve
the task offloading problem, aiming to minimize system costs. Compared to heuristic scheme, the proposed scheme reduces system
costs by 16.3% and improves task success rates by 32. 1% . Furthermore, experimental results validate the effectiveness of the trust-
value mechanism in identifying reliable resource nodes.
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Table 2  Attributes of different types of tasks
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