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Vehicle edge computing task offloading decision based on
improved TD3 algorithm

Li Ya

(Institute of Physics and Electronic Information, Henan Polytechnic University,Jiaozuo 454000, China)

Wang Weigang Zhang Yuan Liu Ruipeng

Abstract: A task offloading strategy based on Vehicle Edge Computing (VEC) is designed to meet the requirements of
complex vehicular tasks in terms of latency, energy consumption, and computational performance, while reducing
network resource competition and consumption. The goal is to minimize the long-term cost balancing between task
processing latency and energy consumption. The task offloading problem in vehicular networks is modeled as a Markov
Decision Process (MDP). An improved algorithm, named LN-TD3, is proposed building upon the traditional Twin
Delayed Deep Deterministic Policy Gradient (TD3). This improvement incorporates long Short-Term Memory
(LSTM) networks to approximate the policy and value functions. The system state is normalized to accelerate network
convergence and enhance training stability. Simulation results demonstrate that LN-TD3 outperforms both fully local

computation and fully offloaded computation by more than two times. In terms of convergence speed, LN-TD3 exhibits

Y2

approximately a 20% improvement compared to DDPG and TD3.
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3 MR EARM S ¢ < 6,01 + 61,05+ 0>

4 FIHR LA B;

s: for episode < 1to N do
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