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Dynamic distance-constrained offline-to-online reinforcement learning

ZHAOQO Ruohan, WEI Wei, WANG Da, HUANG Li
(School of Computer Science and Information Technology, Shanxi University, Taiyuan 030006, China)

Abstract: Offline-to-online reinforcement learning enables rapid policy improvement with limited online interactions.
However, in the early stage of fine-tuning, the policy distribution often deviates from the support region of offline data,
leading to unstable value estimation and restricting performance gains. Existing methods typically rely on uniform con-
servative constraints, treating offline data as boundary conditions, but they overlook sample quality and distributional
differences. As a result, policy updates are simultaneously over-constrained and prone to unstable estimation outside the
offline distribution. To address this issue, we propose a dynamic distance-constrained algorithm for offline-to-online re-
inforcement learning. Our method employs a state-conditioned distance function to constrain the policy within the sup-
port region of offline data and gradually relaxes the constraint toward high-quality data regions as online interactions
progress, thereby achieving a smooth transition from offline to online learning. Experimental results demonstrate that,
compared with mainstream baselines, the proposed method achieves stable and effective performance improvements
across multiple simulated tasks.

Keywords: machine learning; reinforcement learning; offline-to-online reinforcement learning; Markov processes;

policy optimization; distance constraint; policy transfer; constrained optimization
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Fig.1 Overall framework of our method
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B . 40 IQL 7£ medium {45 -5 Cal-QL
T, {H7E expert ZU4E4E T LR Ak, v BH B4l i) 3R
WAL R KR 2 oM E LA T AS W] 8048 i i . PEX TE
medium-replay F 2 BLELF, (H7E expert A5 A
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Table1 Comparison of the proposed method and other offline-to-online reinforcement learning methods on the D4RL data-

set

1255 ODT IQL Cal-QL PEX OEMA D2020
Walker2d-medium-expert 108.7 108.9 111.1 117.9 102.8 111.3
Walker2d-medium-replay 76.8 83.6 87.3 89.3 96.2 96.6

Walker2d-medium 76.7 83.6 84.2 94.8 89.3 85.6
Halfcheetah-medium-expert 94.1 87.9 91.0 91.0 86.1 95.9
Halfcheetah-medium-replay 40.4 45.6 59.5 55.2 68.7 65.4

Halfcheetah-medium 42.1 48.6 72.3 67.8 75.8 77.4
Hopper-medium-expert 111.1 90.0 107.9 107.8 109.3 112.1
Hopper-medium-replay 88.8 99.0 102.2 103.3 101.4 101.8
Hopper-medium 97.5 59.2 97.6 78.6 100.5 100.6
Mt 736.2 706.4 813.1 805.7 829.1 832.3

T MR AEIZAT S5 TP A R e

AN, &2 G T SE0M T B X g
o BEASCEE T IR S PR R R AT L
B, Ho—JR T AR ST [ 35 R FOR b ( Perf-
Decay ), H — bR MEFE £ 0 ( ExpDecay ) . 45 5
FH, 4 ExpDecay RE WS 7E J 1M 24 42 i 45
K, BTE R I B B2 o i 55, T 350K w29 £ s

S DX 3w R AN ARUE P 5 PerfDecay 18 i3 1 BE e
Tt A 0 R R R R R, R — R e TR
WigsE o, (AR MR TRATH I . AHER
ZN, BRI T VA BR S T 29 R 5 SR AN b 2z ) S
B S QO S Bl VAR TN S B e N TTTD =1 W
FEIHAE AT X L Afe s e vk S PE e s 7t

K2 AXFEETRSHATHAXNMNLER

Table 2 Comparison results of our method with different parameter adjustment strategies

1255 ExpDecay PerfDecay D2020
Walker2d-medium-expert 110.3 111.1 111.3
Walker2d-medium-replay 95.3 95.4 96.6

Walker2d-medium 85.0 85.3 85.6
Halfcheetah-medium-expert 95.6 95.9 95.9
Halfcheetah-medium-replay 52.9 57.1 65.4

Halfcheetah-medium 62.8 72.7 77.4
Hopper-medium-expert 107.6 108.3 112.1
Hopper-medium-replay 97.9 101.6 101.8
Hopper-medium 96.8 100.2 100.6
At 804.2 827.6 832.3

A1k R PR A AR S 3 S8
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Fig. 3 Policy fine-tuning performance of the proposed method compared to its variant
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