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Abstract: In offline-to-online reinforcement learning, though the agent can leverage pre-collected offline data for initial
policy learning, the online fine-tuning phase often exhibits instability in the early stages, and the performance
improvement after fine-tuning is relatively small. To address this issue, two key designs are proposed: 1) a simulated
annealing-based dynarﬁic offline-online replay buffer and 2) simulated annealing-based behavior constraint attenuation.
The first design dynamically selects offline data or online interaction experiences during training using the simulated
annealing concept to obtain an optimized update strategy, dynamically balancing the stability of online training and fine-
tuning performance. The second design introduces a behavior cloning constraint with a cooling mechanism to mitigate the
sharp performance drop caused by using online experience updates in the early fine-tuning stage, gradually relaxing the
constraint in the later stage to enhance model performance. Experimental results demonstrate that the proposed dynamic

replay buffer and time decaying constraints (DRB-TDC) algorithm improves performance by 45%, 65%, and 21% on the
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Halfcheetah, Hopper, and Walker2d tasks from the MuJoCo benchmark after online fine-tuning, respectively. The average

normalization score of all tasks exceeds the best baseline algorithm by 10%.

Key words: deep reinforcement learning; offline to online reinforcement learning; simulated annealing; dynamic replay

buffer; behavior cloning constraint
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