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Abstract: In dynamic industrial environments, agents are required to continuously adapt to evolving data streams and distribution
shifts. Existing online optimization methods for sequential decision—making typically focus on maximizing immediate rewards, while
lacking explicit modeling of temporal dependencies between policy outputs at adjacent time steps. This may lead to high—frequency
fluctuations in consecutive actions and consequently unstable performance. To address this issue, this paper proposes a real-time
decision optimization algorithm termed the Temporal Consistency Constrained Agent (TCC-Agent). Within a policy gradient
framework, a temporal consistency constraint is incorporated into the objective function by penalizing discrepancies between con-
secutive actions as well as differences in policy distributions across adjacent time steps. In this way, temporal smoothness is
integrated into the joint loss, enabling more stable regulation of the policy update process. The proposed framework consists of a
policy network and a consistency constraint module. The constraint term directly participates in loss computation without introducing
additional learnable parameters. Experimental results on continuous control benchmarks and an industrial load simulation environ-

ment demonstrate that the proposed method achieves improvements in policy stability and loss fluctuation control compared with
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baseline algorithms. Specifically, it reduces loss variance and action variation rates, while maintaining more stable convergence

under non-stationary conditions. These results indicate that incorporating temporal consistency constraints can effectively mitigate

high—frequency policy variations and enhance the robustness and stability of sequential decision-making processes.
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Fig.1 Overall framework of the proposed Agent real-time decision optimization based on temporal consistency constraint
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Table 2 Average comprehensive performance of various algorithms across three environments

ik Rk MRS Ry MR /msy SRRy REFE(L T A
PPO 1.00 +0.03 1.00 + 0.02 100 + 2.1 1.00 + 0.04 0%
DrQ-v2 1.063 £ 0.02 0.882 %+ 0.03 89 + 1.8 0.915 #+ 0.03 5.9% +0.7%
TQC 1.071 £ 0.02 0.855 4 0.03 92+ 2.0 0.886 & 0.04 8.2% +0.6%
ED2 1.084 £ 0.02 0.821 + 0.02 85+ 1.6 0.847 £ 0.03 9.6% 4 0.5%
Meta-SAC 1.090 £ 0.02 0.804 + 0.02 83+ 1.5 0.813 +0.03 10.4% 4 0.5%
TCC-Agent 1.097 £ 0.01 0.776 = 0.02 82+ 1.3 0.747 £ 0.02 13.200 £ 0.4%
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Fig.2 Convergence curve of average return for different

algorithms in the LunarLanderContinuous—v2 environment
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Table 3 Ablation study results

A PHImR A BRI 2E v SIS Ecy MERETRER/ M0 v ReREMfLA/ 20 A
w/o Consistency Module 0.84 0.021 9 200 15.9 87.3
w/o Distribution-Level Term 0.89 0.017 8 700 14.3 89.1
Full Model (TCC-Agent) 0. 96 0.015 8 000 6.50 92.0
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