55955 2 W L7/ S R 13 Vol.9 No.2
20254FE 6 H Chinese Journal on Internet of Things June 2025

PD-TD3: SiRA KA = AR ETEEE R

X, ik, FEER, FTE, KL
R RS EPLSE B TREER, RE 300384)

W OE: A EEAR R, DA SR LA RS B B M 2% S A AR T R R I A RERE, B
VEAE PR S 4E FOREFE 77 AL ) AN R (1 1) @, $& 4 PD-TD3 (twin delayed deep deterministic policy gradient with
prioritized double buffer pool experience replay) HIZ I TR, 1, BEEEEAK 3 EZ0MEEER, K5,
H T SR A ) U A Dy B IR T SR B DR SR TR SR A, DS OLAGIN S 5 BEFE R S AR R A, DA R AL 2Rl R B
Ft BAR; feja, ol TD3 (twin delayed deep deterministic policy gradient) HyAHISENE H AR €. Q {HIK
flifZE . MECE IR )8, 24 PD-TD3 BERMRAMAL R . 777 as R, 5 TD3 Bk,
PD-TD3 ﬁ?iﬁ&k?%ﬂ?ﬁﬂﬁﬁvi%%&x&% I HA RS 7 IS B 2 50%. BEFEL) 70%.

KHEIR: BELGTHEE: WA AR LBk E: RTAE; AR

hEDES: U495

XRAPRERD: A

doi: 10.11959/j.issn.2096-3750.2025.00490

PD-TD3: edge-cloud collaborative computation offloading strategy in
highway scenarios

LIU Yi, YANG Qi, LI Guoyan, HE Jun, ZHANG Minghui

School of Computer and Information Engineering, Tianjin Chengjian University, Tianjin 300384, China

Abstract: In the highway scenarios, existing offloading models often overlook the network dynamics caused by the high-
speed movement of vehicles, leading to increased latency and energy consumption, and exhibit insufficient effectiveness
in reducing latency and energy consumption. To address these challenges, an offloading strategy utilizing the prioritized
double-buffer pool experience replay twin delayed deep deterministic policy gradient (PD-TD3) algorithm was proposed.
Initially, a three-layer distributed offloading model tailored for highway environments was developed. Subsequently, the
computation offloading problem was formulated as a Markov decision process (MDP), with the reward function designed
to optimize the trade-off between latency and energy consumption, aiming to maximize the reward. To address the limita-
tions of the traditional TD3 algorithm, including slow convergence, Q-value underestimation bias, and inefficient experi-
ence sampling, the PD-TD3 algorithm was introduced to solve the optimization problem. Simulation results indicate that,
compared with the TD3 algorithm, the PD-TD3 algorithm can effectively improve the efficiency of early algorithm explo-
ration and effectively reduces computation offloading latency by approximately 50% and energy consumption by about
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