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ABSTRACT

Offline-to-online reinforcement learning (RL) has emerged as a practical
paradigm that leverages offline datasets for pretraining and online interactions for
fine-tuning. However, its empirical behavior is highly inconsistent: design choices
of online-fine tuning that work well in one setting can fail completely in another.
We propose a stability–plasticity principle that can explain this inconsistency:
we should preserve the knowledge of pretrained policy or offline dataset during
online fine-tuning, whichever is better, while maintaining sufficient plasticity.
This perspective identifies three regimes of online fine-tuning, each requiring
distinct stability properties. We validate this framework through a large-scale
empirical study, finding that the results strongly align with its predictions in 45 of
63 cases. This work provides a principled framework for guiding design choices
in offline-to-online RL based on the relative performance of the offline dataset
and the pretrained policy.

1 INTRODUCTION

Reinforcement learning (RL) has achieved impressive successes in a variety of domains (Mnih et al.,
2015; Silver et al., 2017; Degrave et al., 2022), but its reliance on large amounts of online interac-
tion often makes direct application to real-world problems challenging. To address this challenge,
recent research has turned to leveraging pre-collected datasets for offline learning through offline
RL (Levine et al., 2020) or imitation learning (Osa et al., 2018). This paradigm reduces the need for
costly or unsafe online exploration by providing a strong initial policy trained entirely from offline
data. However, policies trained purely offline are often suboptimal and fail to generalize to states
outside the dataset’s support, making online fine-tuning essential. Offline-to-online RL addresses
this issue by first pretraining an agent on an offline dataset and then fine-tuning it with additional
online interactions to further improve performance.
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Figure 1: Comparison between WSRL (pre-
trained policy only) and RLPD (offline
dataset only) on two representative offline-
to-online RL tasks. All learning curves are
shown as mean ± 95% CI.

While offline-to-online RL has led to promising re-
sults (Nair et al., 2020; Lee et al., 2022), online RL
fine-tuning suffers from highly inconsistent empiri-
cal behavior: design choices that work well in one
setting can fail completely in another. For exam-
ple, as shown in Figure 1, on D4RL tasks (Fu et al.,
2020) such as antmaze-large-play-v2, Warm-Start
RL (WSRL) (Zhou et al., 2024), which relies on the
pretrained policy and discards the offline dataset dur-
ing online fine-tuning, substantially outperforms RL
with Prior Data (RLPD) (Ball et al., 2023), which
uses only the offline dataset. In contrast, on D4RL
tasks such as relocate-binary-v0, the opposite pat-
tern emerges, with RLPD outperforming WSRL by
a wide margin. These seemingly inconsistent outcomes raise one fundamental question:

What underlying factors cause design choices to succeed in some settings but fail in others?

To answer this question, we propose a stability–plasticity principle for offline-to-online RL that
can explain these seemingly inconsistent outcomes, which is inspired by prior research on plasticity
and stability in neuroscience (McClelland et al., 1995) and machine learning (Kirkpatrick et al.,
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Superior Regime 

𝑱(𝝅𝟎) > 𝑱(𝝅𝑫)

Comparable Regime 

𝑱(𝝅𝟎) ≈ 𝑱(𝝅𝑫)

Inferior Regime 

𝑱(𝝅𝟎) < 𝑱(𝝅𝑫)

Online Data Warm-up

Offline RL Regularization

Offline Data Replay

Fully Parameter Reset

Regime Level Stability-Plasticity 

Level

Algorithm Level

Offline-to-Online RL

Stability around 𝝅𝟎

Stability around 𝑫

Plasticity

Figure 2: Overview of the three regimes in offline-to-online RL, defined based on the relative
performance of the pretrained policy J(π0) and the offline dataset J(πD). For each regime, our
framework indicates which property is most needed during fine-tuning. The boxes at the right show
representative design choices that implement these enhancing stability or plasticity. Dashed arrows
denote weaker connections than solid arrows.

2017; Wolczyk et al., 2024; Dohare et al., 2024). Guided by the principle, effective fine-tuning re-
quires a careful balance between stability and plasticity. Stability refers to the preservation of useful
prior knowledge, ensuring that competencies acquired during pretraining are not substantially de-
graded. Plasticity, in contrast, denotes the capacity of the model to adapt flexibly and efficiently to
new data. Furthermore, we identify two distinct forms of stability in offline-to-online RL: stability
around the pretrained policy π0, which emphasizes preserving knowledge explicitly encoded in the
policy parameters, and stability around the offline dataset D, which emphasizes retaining knowl-
edge implicitly encoded in offline data. As stability and plasticity are inherently in trade-off, this
distinction indicates that fine-tuning is more efficient when stability is enhanced with respect to the
stronger source of prior knowledge, whether it is the pretrained policy or the offline dataset.

Building on this insight, we propose a taxonomy of three regimes for offline-to-online RL, each
capturing a distinct relationship between the pretrained policy and the offline dataset. As shown in
Figure 2, the three regimes are defined based on which source of prior knowledge is stronger, either
the pretrained policy or the offline dataset. Moreover, different fine-tuning methods can be system-
atically categorized according to whether they enhance stability around π0, stability around D, or
plasticity. By first determining the regime, one can select or design fine-tuning strategies that match
its stability-plasticity requirements. This yields two practical benefits: it helps choose the most suit-
able method for each setting rather than applying a single uniform state-of-the-art algorithm, and it
narrows the search space by indicating whether one should focus on leveraging the pretrained policy
or on exploiting the offline dataset, thereby reducing unnecessary trial-and-error.

To validate this framework, we conduct a large-scale empirical study that covers 21 dataset-task
compositions across four D4RL domains (MuJoCo locomotion, AntMaze, Adroit, and Kitchen) and
three representative pretraining algorithms, yielding 63 settings. The results on stability, plasticity,
and final performance, align closely with the predictions of our framework, supporting its utility as
a principled basis for guiding design choices of fine-tuning in offline-to-online RL.

Contributions of this paper can be summarized as:

• We propose a stability–plasticity principle for offline-to-online RL that decomposes the fine-
tuning performance into quantifiable stability and plasticity.

• Grounded in this principle, we develop a framework featuring a three-regime taxonomy defined
by the relative performance of π0 and D.

• We conduct an extensive empirical study across 63 settings to validate and analyze this framework.

2 PRELIMINARY: OFFLINE-TO-ONLINE RL

Consider an MDP M = (S,A, P,R, γ), where the performance of a policy π : S → ∆(A) is mea-
sured by its expected discounted return: J(π) = Eπ,M[

∑
t γ

trt]. Offline-to-online RL begins by
pretraining the agent on an offline dataset D, which is collected from M under an unknown behavior
policy (or mixture of policies), using an offline RL algorithm Aoff. This yields an offline pretrained
agent whose policy is given by π0 = Aoff(D). The fine-tuning step consists of using an online algo-
rithm Aon that starts from π0 and interacts with M to obtain a final policy πN after N iterations:

πN = Aon (M,D, π0) . (1)

The offline dataset D may be reused (Nakamoto et al., 2023) or discarded (Zhou et al., 2024) during
fine-tuning. The objective of offline-to-online RL is to co-design (Aoff, Aon) such that the final
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policy πN maximizes J(πN ). In this work, we focus on understanding and improving the online
RL fine-tuning component Aon by fixing the offline pretraining component Aoff.

3 A STABILITY–PLASTICITY PRINCIPLE ON KNOWLEDGE ACQUISITION

This section introduces a formal framework for reasoning about fine-tuning in offline-to-online RL.
Our goal is to characterize when and how online training leads to improvements over the offline ini-
tialization or degradations of what was already learned. We define two complementary properties of
online fine-tuning: stability, the ability to preserve previously acquired performance, and plasticity,
the capacity to improve further. These are grounded in the notion of a knowledge level, understood
as the expected return encoded either in the dataset or in the pretrained policy. We show that final
performance admits a decomposition into three terms — prior knowledge, stability, and plasticity.
We leverage this perspective provides both theoretical insight and practical guidance.

3.1 QUANTIFYING PRIOR KNOWLEDGE

We distinguish two sources of prior knowledge available before online fine-tuning. The first is the
knowledge encoded in the dataset, captured by the performance of the behavior policy that generated
it. The second is the knowledge embodied in the pretrained policy, obtained by running an offline
RL algorithm on the dataset. Both can serve as baselines for measuring stability.

Knowledge from the dataset: J(πD). Let D be the offline dataset and πD be an abstract behavior
policy representing the data-generating process. While D may be collected from a mixture of poli-
cies, πD serves as a convenient abstraction. Its performance can be estimated by the average return:

J(πD) ≈
1

L

L∑
k=1

T∑
t=1

rk,t,

where L is the number of trajectories in D, and rk,t is the reward at time step t in the k-th trajectory.
This measure provides a scalar summary of the return level encoded in the dataset.1

Knowledge from the pretrained policy: J(π0). Let π0 be the policy produced by applying an
offline RL algorithm Aoff to D. Its performance, J(π0), reflects not only the quality of the dataset but
also the inductive biases of Aoff and the difficulty of the MDP M. This policy can provide a strong
initialization for online fine-tuning, though it does not necessarily dominate the dataset baseline. We
therefore consider both J(πD) and J(π0) jointly as candidate sources of prior knowledge.

3.2 KNOWLEDGE DECOMPOSITION AND THE THREE REGIMES OF OFFLINE-TO-ONLINE RL

Online fine-tuning produces a sequence of policies {πn}Nn=0 with corresponding performances
{J(πn)}Nn=0. Our goal is to understand how these trajectories of performance can be expressed
in terms of the prior knowledge identified above and the two complementary properties of stabil-
ity and plasticity. This leads to a decomposition of final performance that makes explicit what is
preserved from offline training and what is gained during online interaction.

Stability with regard to a knowledge level. We define the stability of an online RL training process
with respect to a knowledge level l, as the ability to retain the relative performance:

Stability(l) := min

(
min

0≤n≤N
J(πn)− l, 0

)
. (2)

This metric captures the worst-case performance drop during online fine-tuning relative to a given
baseline l. A stability score of zero indicates that performance was never degraded below l; a
negative score reflects how much was lost.

In our setting, the appropriate reference level is the best performance available from the offline
pretraining phase, either from the dataset or from the pretrained policy:

J∗
off := max (J(π0), J(πD)) . (3)

1We do not assume access to additional quantities such as data coverage or performance surrogates (e.g.,
dense rewards for sparse-reward tasks), which could further enrich the quantification of prior knowledge.
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We refer to this as the offline performance baseline, and the stability with respect to it is:

Stability(J∗
off) = min

0≤n≤N
J(πn)− J∗

off ≤ 0. (4)

This condition ensures that the fine-tuning process does not degrade below the strongest available
offline signal.

Plasticity. We define the plasticity as the ability to acquire new knowledge in online fine-tuning:

Plasticity := max
0≤i≤N

J(πi)− min
0≤j≤N

J(πj) ≥ 0. (5)

This metric measures the extent to which the performance can improve during fine-tuning, relative
to its lowest observed value. A larger value indicates stronger capacity to learn from new data.

By relating these concepts through a knowledge decomposition, we have:

max
0≤n≤N

J(πn)︸ ︷︷ ︸
Final knowledge

= J∗
off︸︷︷︸

Prior knowledge

+ Stability(J∗
off)︸ ︷︷ ︸

Degradation on prior knowledge≤0

+ Plasticity︸ ︷︷ ︸
Online knowledge≥0

. (6)

This equation states that the final knowledge an agent acquires after offline pretraining and online
fine-tuning is the outcome of three interacting components. (1) The first term is the prior knowl-
edge provided by the offline phase, either through the dataset or the pretrained policy, whichever
is stronger. (2) The second term measures stability, which records whether this prior knowledge is
preserved or degraded during fine-tuning; it is always non-positive since performance can at best
be maintained but not exceeded by this term. (3) The third term captures plasticity, the additional
knowledge acquired through online interaction, which is non-negative by definition. Therefore, the
improvement over the prior knowledge is given by the sum of plasticity and stability.

The three regimes of offline-to-online RL. With prior knowledge fixed, the objective of online fine-
tuning is to improve final performance by maintaining stability with respect to max(J(π0), J(πD))
while ensuring sufficient plasticity. Based on this perspective, we identify three regimes for the
online fine-tuning phase of offline-to-online RL: Superior: where J(π0) > J(πD); Comparable:
where J(π0) ≈ J(πD); Inferior: where J(π0) < J(πD). These regimes are intended to reflect sub-
stantial differences in J(π0) and J(πD), since small performance gaps may not be meaningful and
therefore should not determine regime assignment. We additionally explore alternative taxonomies
using different metrics; the full details are given in Appendix C.

This regime taxonomy provides a principled framework for reasoning about the stability–plasticity
trade-off in offline-to-online RL. It clarifies which source of prior knowledge should anchor stabil-
ity in a given setting, as shown in Figure 2. In the Superior Regime, stability relative to π0 should
be prioritized, because π0 contains more useful knowledge than D. In the Inferior Regime, sta-
bility relative to D should be emphasized, as D contains more useful knowledge than π0. In the
Comparable Regime, both baselines provide similar knowledge, so preserving either helps. At the
same time, maintaining sufficient plasticity across all regimes is essential for efficient fine-tuning.
By categorizing design choices according to the stability or plasticity they promote, our framework
turns what previously appeared as a disconnected set of practices into a structured and predictable
landscape, providing a principled foundation for future algorithm design.

4 DESIGN CHOICES IN IMPROVING STABILITY OR PLASTICITY

Building on the stability–plasticity principle and the regime taxonomy, we now examine concrete
design choices that instantiate these principles. To study these factors systematically, we isolate and
analyze representative modules, each of which targets one of the three directions: stability around
π0, stability around D, or increased plasticity. Although many existing offline-to-online RL algo-
rithms combine multiple components that promote these aspects simultaneously, such entanglement
makes it difficult to attribute effects to a specific source. To obtain a clearer scientific understanding,
we isolate and analyze representative modules individually.

Minimal baseline. We begin with defining a naive online RL fine-tuning baseline that serves as
the reference point for introducing additional components, which is intentionally minimalist. It
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applies a standard online RL algorithm (e.g., SAC (Haarnoja et al., 2018)) initialized with an offline-
pretrained agent, without any further modifications. This baseline anchors the analysis and makes
the marginal effect of each added component interpretable.

4.1 STABILITY RELATIVE TO THE OFFLINE DATASET D

Design choices in this category promote stability by reusing the offline dataset during online fine-
tuning. Incorporating D into the online learning process helps preserve the knowledge in the offline
dataset and mitigates distribution shift between offline and online data.

A common strategy for incorporating offline data during fine-tuning is to reuse the offline dataset
together with newly collected online transitions. One approach initializes the replay buffer with the
entire offline dataset, after which new online experiences are appended as the agent interacts with
the environment. In this case, the ratio of offline to online data is determined by the dataset size and
gradually shifts toward online data as training progresses. An alternative approach maintains two
separate replay buffers: one fixed buffer containing the offline dataset and another buffer for online
experiences. During training, each batch is sampled from both buffers according to a specified offline
data ratio α. For instance, RLPD (Ball et al., 2023) uses α = 0.5, corresponding to a symmetric
50% offline and 50% online sampling ratio.

4.2 STABILITY WITH RESPECT TO THE PRETRAINED POLICY π0

Design choices in this category focus on preserving and building upon the knowledge encoded in
the pretrained policy π0. The goal is to reduce the risk of catastrophic forgetting and ensure that
fine-tuning does not erase useful behaviors learned during pretraining.

Online data warmup. Before applying gradient updates, the agent π0 first collects a larger amount
of online data (K steps). This strategy reduces the mismatch between the pretraining distribution
and the online data distribution, lowering the chance that early updates overwrite prior knowledge.
It was introduced in WSRL (Zhou et al., 2024).

Offline RL regularization. Fine-tuning can also reuse the same offline RL algorithm that produced
the pretrained policy, thereby inheriting its conservative regularization. This regularization penal-
izes state-action pairs outside the online data. Since the online data is collected by the sequence of
policies from π0 to πN , the regularization implicitly anchors learning around the region visited by
π0, even if π0 is not stored during fine-tuning. When offline data D is also used with regularization,
we consider it as promoting stability towards both π0 and D; since π0 is derived from D, this setting
tends to have the strongest stability. Such regularization is widely adopted in prior work (Nair et al.,
2020; Kostrikov et al., 2021; Tarasov et al., 2023; Nakamoto et al., 2023).

4.3 PLASTICITY: PARAMETER RESET

A direct way to increase plasticity is to periodically reset network parameters while retaining the
accumulated training data. Randomly initialized networks tend to exhibit higher plasticity than
pretrained ones (Nikishin et al., 2022), although this strategy may come at the cost of severe for-
getting and performance degradation. In the context of offline-to-online RL, parameter reset can
be interpreted as starting from any pretrained agent π0 and then resetting its weights to a randomly
initialized agent π1. While this approach severely degrades initial performance (i.e., J(π1)− J(π0)
is highly negative), it can significantly enhances plasticity. RLPD (Ball et al., 2023) directly trains
an online RL agent from random initialization, which can be viewed as pretraining followed by fully
parameter reset before fine-tuning.

5 EMPIRICAL STUDY

We test the validity of our three-regime framework through a large-scale empirical study, examining
whether its regime-specific predictions align with observed outcomes. To connect the design mod-
ules described above with this framework, we group algorithms by the primary source of stability
they emphasize. Methods that preserve knowledge from the pretrained policy π0 are labeled π0-
centric, while those that anchor stability to the offline dataset D are labeled D-centric. Approaches
that combine elements of both are called mixed π0 +D methods. Finally, the minimal baseline
corresponds to maximum plasticity with no explicit stability mechanism.

5
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We study a diverse set of benchmark tasks and pretraining dataset compositions, following the ex-
perimental protocols of prior work (Nakamoto et al., 2023; Zhou et al., 2024). Specifically, we
include MuJoCo locomotion, AntMaze, Kitchen, and Adroit domains from D4RL (Fu et al., 2020),
covering a total of 21 dataset-task compositions. All experiments are conducted with 10 random
seeds to ensure statistical reliability.

Offline pretraining phase. We employ two representative offline RL algorithms, Calibrated Q-
Learning (CalQL) (Nakamoto et al., 2023) and ReBRAC (Tarasov et al., 2023), as well as behavior
cloning (BC) (Schaal, 1996) using a deterministic policy. To pair a behavior-cloned policy with a
critic, we pretrain the critic by FQE (Voloshin et al., 2019) after BC. Combining the 21 dataset-
task compositions with these 3 pretraining algorithms yields 63 experimental settings in total. Each
setting is defined by a specific combination of pretraining algorithm, dataset, and task. In this work,
since we focus on cases where the offline dataset and the task are from the same MDP, the pretraining
algorithm and dataset are sufficient to uniquely specify a setting.

We use the regime classification introduced in Section 3 to organize our analysis and to interpret
the outcomes of the fine-tuning methods. Each of the 63 experimental settings, defined by a unique
combination of pretraining algorithm, dataset, and task, is assigned to one of the three regimes
based on the relative performance of the pretrained policy and the offline dataset. Specifically, we
conduct t-tests with a margin δ = 0.05 to assess whether the difference between J(π0) and J(πD)
is statistically significant. The margin δ is introduced for robustness, since J(πD) is approximated
by the dataset average return and small gaps between J(π0) and J(πD) may not be meaningful.
It prevents over-interpreting numerical noise in regime assignment. The complete set of regime
assignments is reported in Table 13 in the appendix.

Online fine-tuning phase. To ensure consistency between offline pretraining phase and online fine-
tuning phase, we fine-tune each agent using the corresponding base algorithm. Specifically, we fine-
tune CalQL-pretrained agents using SAC (Haarnoja et al., 2018) and ReBRAC-pretrained agents
using TD3 (Fujimoto et al., 2018). For the deterministic BC pretraining, we use TD3 for fine-tuning
to match its deterministic actor structure, and use ReBRAC when applying regularization.

Since evaluating every possible design and their combinations is infeasible, and we have grouped
them into four categories: the minimal baseline, π0-centric methods, D-centric methods, and mixed
π0+D methods. We then evaluate six representative methods spanning these four categories, which
collectively capture the key design choices explored in prior offline-to-online RL literature.

• Baseline: Fine-tuning the pretrained policy using an online RL algorithm with only online data.
• π0-centric methods: Two variants of such methods are evaluated: the baseline with (i) online

data warmup (K = 5,000 steps) and (ii) offline RL regularization using the pretraining coefficient.
• D-centric methods: Two variants of such methods are evaluated: the baseline with (i) offline

data replay, and (ii) with offline data replay and reset. Both variants use separate replay buffers
with an offline data ratio of α = 0.5.

• Mixed π0 + D methods: The baseline combined with offline data replay and offline RL
regularization, a combination widely adopted in prior work (Nair et al., 2020; Kostrikov et al.,
2021; Tarasov et al., 2023; Nakamoto et al., 2023).

In each setting, we focus and compare the strongest π0-centric and D-centric methods to better
approximate the ideal performance achievable by each stability source, while minimizing confound-
ing from implementation details and hyperparameter tuning. In the following subsections, we first
present the empirical values of stability and plasticity across the three regimes and discuss how they
align with intuition. We then present and analyze the fine-tuning results across the three regimes.
Finally, we examine how the Q-function evolves during fine-tuning in the different regimes.

5.1 EMPIRICAL VALUES OF STABILITY AND PLASTICITY

To ground the concepts in knowledge decomposition (Eq. 6) in practice, we report the empirical
values of stability, plasticity, and the improvement for different fine-tuning methods in Table 1 (Su-
perior and Inferior regimes), Table 7 (Comparable regime), and Table 8 (all regimes).

We observe that the empirical values of stability and plasticity align well with intuition:

• Stability and Plasticity: The “offline RL + offline data” method attains the highest average stability
across all regimes, as it improves stability relative to both π0 and D. It also achieves the highest

6
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Table 1: Empirical values of stability, plasticity, and improvement (stability + plasticity) for
different fine-tuning methods in the Superior and Inferior regimes (500k environment steps).

Fine-tuning method Stability ↑ Plasticity ↑ Improvement ↑
Superior Regime (500k environment steps)
baseline −0.399± 0.363 0.832± 0.275 0.433± 0.276
+ warmup (π0-centric) −0.394± 0.371 0.865± 0.251 0.471± 0.258
+ offline RL (π0-centric) −0.199± 0.268 0.519± 0.291 0.319± 0.256
+ offline data (D-centric) −0.376± 0.380 0.796± 0.282 0.421± 0.251
+ offline data + reset (D-centric) −0.615± 0.338 1.011± 0.183 0.396± 0.271
+ offline RL + offline data (mixed π0 +D) −0.124± 0.213 0.393± 0.288 0.270± 0.233

Inferior Regime (500k environment steps)
baseline −0.692± 0.307 0.475± 0.378 −0.217± 0.480
+ warmup (π0-centric) −0.677± 0.306 0.495± 0.389 −0.182± 0.490
+ offline RL (π0-centric) −0.650± 0.322 0.262± 0.283 −0.388± 0.489
+ offline data (D-centric) −0.674± 0.308 0.696± 0.340 0.023± 0.451
+ offline data + reset (D-centric) −0.769± 0.275 0.870± 0.299 0.101± 0.205
+ offline RL + offline data (mixed π0 +D) −0.614± 0.354 0.440± 0.297 −0.174± 0.441

Table 2: Confusion matrix of fine-tuning results across the three regimes. Green cells: correct
predictions (45/63); red cells: opposite mismatches (3/63); gray cells: adjacent mismatches (15/63).
Overall, the framework achieves 71% correct predictions with only 5% opposite mismatches.

Pretraining Regime

Superior Comparable Inferior

Fi
ne

-t
un

e π0-centric > D-centric 24 2 1
π0-centric ≈ D-centric 6 2 3
π0-centric < D-centric 2 4 19

plasticity in the Comparable regime. In contrast, “offline data + reset” yields the highest average
plasticity in the Superior and Inferior regimes, but this comes at the cost of driving stability to its
lowest possible level due to the full parameter reset. We also provide additional analysis in B.2.

• Improvement: The highest average improvement is regime-dependent. In the Superior regime,
it is achieved by “warmup”, which is a π0-centric method; in the Inferior regime, it is achieved
by “offline data + reset”, which is a D-centric method. In the Comparable regime, the best-
performing method is “offline RL + offline data”, with a small advantage. These patterns are
consistent with intuition: in the Superior regime, π0 provides more valuable knowledge to lever-
age, whereas in the Inferior regime, the offline dataset D contains the more valuable knowledge.

• Across versus within regimes: Aggregated results (Table 8) show modest differences across meth-
ods, but regime-specific tables reveal clear, method-dependent patterns, highlighting the practical
utility of the stability–plasticity principle and the three-regime framework.

5.2 SUPERIOR REGIME: J(π0) > J(πD)

In this regime, the pretrained policy π0 achieves substantially higher performance than the behavior
policy, i.e., J(π0) > J(πD). In such cases, the offline dataset offers limited additional value, and
the primary concern becomes preserving stability relative to π0 during online fine-tuning.

Representative results are shown in Figure 3, with the complete results in this regime provided in the
appendix (Figure 7). We perform t-tests between the strongest π0-centric and D-centric methods in
each setting. The results indicate π0-centric methods outperform D-centric methods in 24 out of 32
settings (75%), while the remaining settings mostly show no statistically significant difference. Only
two settings exhibit the opposite outcome, and in both cases the difference in average performance is
negligible. One such case is shown in the bottom-right plot of Figure 3. These statistics correspond
to the Superior column of the confusion matrix in Table 2.

These aggregate outcomes strongly support our principle that, in the Superior regime, π0-centric
methods tend to be more effective than D-centric methods. In other words, when the pretrained
policy π0 already outperforms the dataset (the superior case), methods that stick close to π0 work
better than those that keep leaning on the offline dataset. While the prediction accuracy is not per-
fect, such discrepancies are anticipated given the influence of hyperparameters and implementation
details. Importantly, the overall observed patterns remain consistent with our principle.

Beyond aggregate comparisons, the analysis of specific design choices highlights key trade-offs be-
tween stability and plasticity. Within the two variants of π0-centric methods, online data warmup
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Figure 3: Representative fine-tuning results in the Superior regime: the first row and first two sub-
plots in the second row are correct predictions, while the remaining two show an adjacent mismatch
and an opposite mismatch. Markers on the curves indicate the better-performing variant within π0-
centric methods and within D-centric methods.
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Figure 4: Representative results in the Inferior regime: the first six results are correct predictions,
while the remaining two show an adjacent mismatch and an opposite mismatch.
achieves better performance in 27 out of 32 settings, reflecting its ability to preserve the pretrained
policy’s knowledge while maintaining sufficient plasticity for fine-tuning. In contrast, offline RL
regularization provides stronger stability, leading to substantially less performance degradation dur-
ing the early fine-tuning phase. However, this strong stability comes at the cost of reduced plasticity,
which limits long-term improvements during fine-tuning, making it better than online data warmup
in only 5 out of 32 settings, where the pretrained policy is already close to the optimal policy. The
same applies to the combination of offline RL regularization with offline data replay, which exhibits
the strongest stability among all methods considered. These contrasts highlight the importance of
considering each setting and identifying the the method that best balances the underlying stabil-
ity–plasticity trade-off.

Takeaway: In the Superior regime, where the pretrained policy π0 substantially outperforms
the offline dataset D, π0-centric methods are typically more effective than D-centric methods.
Stronger stability proves beneficial primarily when π0 is already close to optimal.

5.3 INFERIOR REGIME: J(π0) < J(πD)

In this regime, the pretrained policy π0 performs much worse than the behavior policy underlying the
offline dataset, i.e., J(π0) < J(πD). Thus, π0 contributes substantially less useful knowledge than
the offline dataset, making it crucial to retain and leverage the offline data during online fine-tuning.
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Figure 5: Representative fine-tuning results for the Comparable regime. The first two subplots
illustrate cases consistent with our framework’s predictions, while the latter two show mismatches
with only small mean differences.

Representative results are shown in Figure 4, with the complete results in this regime provided in
the appendix (Figure 8). D-centric methods outperform π0-centric methods in 19 out of 23 settings
(83%), while the remaining settings mostly show no statistically significant difference. Only one
setting exhibits the opposite outcome, which is illustrated in the rightmost plot of the second row
in Figure 4. These statistics correspond to the Inferior column of the confusion matrix in Table 2.
Taken together, these aggregate results show that in the Inferior regime, D-centric methods tend to
be more effective than π0-centric methods, consistent with the prediction of our framework.

Notably, offline data replay with reset achieves better performance than offline data replay in 13 out
of 24 settings, despite the fact that reset initially causes significant degradation. This indicates that
in these cases the offline pretraining phase substantially reduces plasticity while offering limited
useful knowledge, and resetting the parameters allows the agent to adapt and acquire new knowl-
edge more effectively. Furthermore, combining offline RL regularization with offline data generally
underperforms compared to D-centric methods. Although this design leverages offline data during
fine-tuning, which is essential in this regime, the excessive stability limits plasticity and thereby
hinders further improvement.

Takeaway: In the Inferior regime, where the pretrained policy π0 performs substantially worse
than the offline dataset D, D-centric methods typically provide more effective fine-tuning than
π0-centric methods. Parameter reset can also be beneficial, particularly when the pretrained agent
performs very poorly, as it restores plasticity and allows the agent to adapt more effectively.

5.4 COMPARABLE REGIME: J(π0) ≈ J(πD)

In this regime, the pretrained policy and the behavior policy achieve similar performance, i.e.,
J(π0) ≈ J(πD). Representative results are shown in Figure 5, with the complete results provided
in the appendix (Figure 9).

Our framework predicts that π0-centric and D-centric methods should yield comparable outcomes
once fully optimized. Empirically, only 2 out of 8 settings are statistically indistinguishable under t-
tests. This seems at odds with the prediction. However, closer inspection shows that the differences
are minor: in 6 of 8 settings the mean gap between categories is less than 0.1. These small gaps
indicate that both anchors provide similar prior knowledge, exactly as the framework suggests.

Why, then, do mismatches arise at all? The key is that effect sizes in this regime are small by
construction. When π0 and D are nearly tied, outcomes become highly sensitive to hyperparameters,
initialization, and other implementation details. In our study, we fixed a limited set of representative
variants and hyperparameters across all settings to avoid over-tuning. This conservative design
choice helps comparability but can also tip results in such close cases.

Takeaway: In the Comparable regime, where the pretrained policy π0 and the offline dataset D
exhibit similar performance, π0-centric and D-centric methods should in principle yield compa-
rable fine-tuning outcomes when fully optimized, though in practice their relative performance is
often sensitive to implementation details.

5.5 ANALYSIS OF Q-FUNCTION DURING FINE-TUNING

Lastly, because critic learning is central to value-based methods, we examine how the Q-function
evolves during fine-tuning in the Superior and Inferior regimes. Figure 6 illustrates a representative
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Figure 6: Comparison of Q-function behavior in different regimes. Fine-tuning without offline data
results in significantly higher TD loss on the offline dataset in the Inferior regime compared to the
Superior regime, and also leads to divergence of the Q-values on the offline dataset.

pattern using CalQL pretraining, with one Superior regime (kitchen-partial-v0) and one Inferior
regime (kitchen-complete-v0). In each regime, we compare a π0-centric method (warmup) with a
D-centric method (offline data).

In both regimes, the two methods exhibit similarly low TD loss on the online data distribution. As
expected, fine-tuning with the offline dataset results in small TD loss on the offline dataset. However,
warmup (without offline dataset) produces much larger TD loss on the offline dataset in the Inferior
regime than in the Superior regime, especially in the first 100k steps, and the corresponding Q-
values diverge more severely. This further illustrates why the offline dataset is crucial in the Inferior
regime, whereas it is not necessary in the Superior regime.

6 CONCLUSION

This paper introduced the stability–plasticity principle as a way to reconcile the puzzling variability
of offline-to-online RL. We showed that the key determinant of fine-tuning success is which source
of prior knowledge (pretrained policy or offline dataset—serves as the stronger anchor). From this
observation we derived a taxonomy of three regimes, each dictating where stability should be en-
forced and how plasticity should be managed. The value of this framework is twofold. First, it
provides a clear explanation for the conflicting empirical evidence in the literature: design choices
that seem inconsistent across benchmarks in fact reflect different underlying regimes. Second, it of-
fers actionable guidance for practitioners. By identifying the regime of a given setting, one can select
methods that align with its stability–plasticity requirements, reducing reliance on trial-and-error.

Our regime taxonomy provides an efficient lens for understanding offline-to-online RL by com-
pressing complex phenomena into a small number of discrete categories. Such taxonomies have
been highly successful in both the natural sciences and machine learning, for example in imita-
tion learning, where regimes have been proposed based on density ratios (Spencer et al., 2021) or
dataset size (Belkhale et al., 2023). At the same time, we recognize that discretizing behavior into
three regimes is a simplification, particularly in situations where return does not adequately capture
the usefulness of pretrained policies or offline datasets, for example in long-horizon sparse-reward
settings. Real systems often lie along a continuum, and other dataset characteristics, such as cover-
age, play an important role but remain difficult to capture consistently. Extending the framework to
incorporate such dimensions is an important direction for future work.

Our work also connects offline-to-online RL to a broader body of research on the stability–plasticity
dilemma in deep learning and neuroscience. Recent studies in continual and online deep RL have
focused on characterizing forgetting and plasticity, but applications to the offline-to-online transition
have been limited. We show that stability–plasticity is not only a useful lens for analyzing this
setting, but also a source of practical guidance: it predicts which design choices are effective in
which regimes, moving beyond coining terminology to actionable prescriptions.
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Martial Mermillod, Aurélia Bugaiska, and Patrick Bonin. The stability-plasticity dilemma: Inves-
tigating the continuum from catastrophic forgetting to age-limited learning effects. Frontiers in
psychology, 4:504, 2013. 13

Volodymyr Mnih, Koray Kavukcuoglu, David Silver, Andrei A Rusu, Joel Veness, Marc G Belle-
mare, Alex Graves, Martin Riedmiller, Andreas K Fidjeland, Georg Ostrovski, et al. Human-level
control through deep reinforcement learning. nature, 518(7540):529–533, 2015. 1

Ashvin Nair, Abhishek Gupta, Murtaza Dalal, and Sergey Levine. Awac: Accelerating online rein-
forcement learning with offline datasets. arXiv preprint arXiv:2006.09359, 2020. 1, 5, 6, 13

Mitsuhiko Nakamoto, Simon Zhai, Anikait Singh, Max Sobol Mark, Yi Ma, Chelsea Finn, Aviral
Kumar, and Sergey Levine. Cal-ql: Calibrated offline rl pre-training for efficient online fine-
tuning. Advances in Neural Information Processing Systems, 36:62244–62269, 2023. 2, 5, 6

Evgenii Nikishin, Max Schwarzer, Pierluca D’Oro, Pierre-Luc Bacon, and Aaron Courville. The
primacy bias in deep reinforcement learning. In International conference on machine learning,
pp. 16828–16847. PMLR, 2022. 5, 13

Takayuki Osa, Joni Pajarinen, Gerhard Neumann, J Andrew Bagnell, Pieter Abbeel, Jan Peters, et al.
An algorithmic perspective on imitation learning. Foundations and Trends® in Robotics, 7(1-2):
1–179, 2018. 1

David Rolnick, Arun Ahuja, Jonathan Schwarz, Timothy Lillicrap, and Gregory Wayne. Experience
replay for continual learning. Advances in neural information processing systems, 32, 2019. 13

Andrei A Rusu, Neil C Rabinowitz, Guillaume Desjardins, Hubert Soyer, James Kirkpatrick, Koray
Kavukcuoglu, Razvan Pascanu, and Raia Hadsell. Progressive neural networks. arXiv preprint
arXiv:1606.04671, 2016. 13

Stefan Schaal. Learning from demonstration. Advances in neural information processing systems,
9, 1996. 6

David Silver, Julian Schrittwieser, Karen Simonyan, Ioannis Antonoglou, Aja Huang, Arthur Guez,
Thomas Hubert, Lucas Baker, Matthew Lai, Adrian Bolton, et al. Mastering the game of go
without human knowledge. nature, 550(7676):354–359, 2017. 1

Ghada Sokar, Rishabh Agarwal, Pablo Samuel Castro, and Utku Evci. The dormant neuron phe-
nomenon in deep reinforcement learning. In International Conference on Machine Learning, pp.
32145–32168. PMLR, 2023. 13

Yuda Song, Yifei Zhou, Ayush Sekhari, J Andrew Bagnell, Akshay Krishnamurthy, and Wen
Sun. Hybrid rl: Using both offline and online data can make rl efficient. arXiv preprint
arXiv:2210.06718, 2022. 13

Jonathan Spencer, Sanjiban Choudhury, Arun Venkatraman, Brian Ziebart, and J Andrew Bag-
nell. Feedback in imitation learning: The three regimes of covariate shift. arXiv preprint
arXiv:2102.02872, 2021. 10

Denis Tarasov, Vladislav Kurenkov, Alexander Nikulin, and Sergey Kolesnikov. Revisiting the min-
imalist approach to offline reinforcement learning. Advances in Neural Information Processing
Systems, 36:11592–11620, 2023. 5, 6, 17

Ikechukwu Uchendu, Ted Xiao, Yao Lu, Banghua Zhu, Mengyuan Yan, Joséphine Simon, Matthew
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A RELATED WORK

Offline-to-online RL. Offline-to-online RL seeks to combine the strengths of offline pretraining
with the adaptability of online fine-tuning. Early approaches focused on extending offline RL reg-
ularization methods into the online regime, constraining fine-tuning updates to remain close to the
pretrained policy. For example, Advantage Weighted Actor-Critic (AWAC) (Nair et al., 2020) and
Implicit Q-Learning (IQL) (Kostrikov et al., 2021) applied offline regularization techniques directly
to online fine-tuning. Building on the similar idea, PROTO (Li et al., 2023) introduced KL regular-
ization to explicitly constrain the online policy to the pretrained one. Another line of work proposes
new replay strategies for incorporating offline data more effectively. Lee et al. (2022) propose bal-
anced replay to mitigate distribution shift and bootstrap error when transitioning from offline to
online learning, Liu et al. (2024) employs a diffusion model to select or generate samples. Alterna-
tive strategies separate the roles of exploration and exploitation during fine-tuning. Jump-Start RL
(JSRL) (Uchendu et al., 2023), maintains a fixed guided policy from pretraining alongside an explo-
ration policy that is updated online, progressively transferring control from the pretrained policy to
the learned one. More recent directions include expanding the action space via policy set expansion
(PEX (Zhang et al., 2023)) and Bayesian methods for uncertainty-aware exploration (BOORL (Hu
et al., 2024)). Some approaches skip offline pretraining but still make use of offline data. For exam-
ple, Song et al. (2022) and Ball et al. (2023) start training directly with online RL while incorporating
offline datasets, providing another way to combine offline data with online interaction.

Plasticity and Stability. Plasticity and stability have long been recognized as central, often com-
peting, objectives in learning systems. In neuroscience, this tension is formalized as the stabil-
ity–plasticity dilemma (Mermillod et al., 2013), highlighting the challenge of integrating new knowl-
edge without overwriting previously acquired competencies. In machine learning, similar dynamics
manifest when agents must adapt to new data while preserving useful prior knowledge. Early work
on continual and lifelong learning addressed this challenge via regularization techniques (Kirk-
patrick et al., 2017), replay buffers (Rolnick et al., 2019) and modular architectures (Rusu et al.,
2016). More recently, researchers have observed that insufficient plasticity can also hinder online
deep RL, motivating methods designed to enhance plasticity of the neural network during train-
ing (Nikishin et al., 2022; Sokar et al., 2023; Dohare et al., 2024). In our work, we extend this
perspective by framing offline-to-online RL explicitly as a stability–plasticity problem, where the
central challenge is to balance the preservation of prior knowledge from pretraining with the adapt-
ability needed to learn from new online experiences.

B DETAILED EXPERIMENTAL SETUP AND COMPLETE RESULTS

B.1 OFFLINE PRETRAINING

For offline pretraining, we train CalQL for 1M gradient steps on AntMaze, 20k on Adroit, and
250k on both Kitchen and MuJoCo locomotion tasks. ReBRAC is trained for 1M gradient steps on
AntMaze, 100k on Adroit, 250k on Kitchen, and 500k on MuJoCo tasks. For the behavior cloning
(BC) baseline, we perform 500K gradient steps of policy learning followed by 100k steps of fitted
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Q evaluation (Voloshin et al., 2019) (FQE) to obtain a Q-function for subsequent RL fine-tuning.
Since this work primarily focuses on the online fine-tuning stage of offline-to-online RL, we do not
modify the offline pretraining algorithm or its default hyperparameters.

For regime classification, we employ the two one-sided t-test (TOST) procedure with a margin of
δ = 0.05 and a significance level of α = 0.05. The goal is to formally assess whether the pretrained
policy π0 and the offline dataset πD are statistically indistinguishable in performance, or whether
one is significantly superior. Let µ0 and µD denote the mean returns of π0 and πD. We conduct two
one-sided tests for the null hypotheses H0 : µ0 − µD ≤ −δ and H0 : µ0 − µD ≥ δ. If both null
hypotheses are rejected, the difference is within the margin and the two are considered comparable,
leading to assignment to the Comparable Regime. If only one hypothesis is rejected, the difference
is statistically significant and exceeds the margin, and the setting is assigned to either the Superior
or Inferior Regime depending on which policy achieves the higher mean return. The statistics for
each dataset and pretraining policy are reported in Table 13.

While we use the margin parameter δ = 0.05 in the main experiments, we further assess the sensi-
tivity to δ by comparing results under δ = 0 and δ = 0.1. The corresponding fine-tuning confusion
matrices are reported in Table 3 and Table 4.
Table 3: Confusion matrix of fine-tuning results across the three pretraining regimes with margin
δ = 0.

Pretraining Regime

Superior Comparable Inferior

Fi
ne

-t
un

e π0-centric > D-centric 26 0 1
π0-centric ≈ D-centric 8 0 3
π0-centric < D-centric 4 1 20

Table 4: Confusion matrix of fine-tuning results across the three pretraining regimes with margin
δ = 0.1.

Pretraining Regime

Superior Comparable Inferior

Fi
ne

-t
un

e π0-centric > D-centric 18 9 0
π0-centric ≈ D-centric 4 5 2
π0-centric < D-centric 2 9 14

B.2 ONLINE FINE-TUNING

Across all environments, online fine-tuning is performed for 500k environment steps with UTD=1.
The complete results, categorized according to the regime taxonomy, are reported in Figure 7, Fig-
ure 8, and Figure 9. To obtain the strongest performance for each class in each settings, we compare
the interquartile mean (IQM) of evaluation results of online data warmup and offline RL regular-
ization within π0-centric methods, and analogously compare offline data replay with and without
reset within D-centric methods. We then use the higher value from each class, comparing π0-centric
and D-centric methods using two-sided t-tests with α = 0.05. To obtain stable and reliable t-test
statistics, we base our analysis on the last 10 evaluation results from each random seed during on-
line fine-tuning, which correspond to the final 50k training steps given our evaluation frequency of
every 5k steps. An exception is made for door-binary-v0 and pen-binary-v0, where we instead use
results up to 200k steps, since by the end of training nearly all methods achieve a 100% success rate,
leaving no differences.

We report the empirical values of stability, plasticity, and improvement during fine-tuning for the
Superior, Inferior, Comparable, and all regimes. Since these quantities depend on the fine-tuning
steps, we present results at both 50k and 500k environment steps, representing the early and late
stages of fine-tuning, as shown in Table 5–Table 8.
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Further discussion on early and late fine-tuning stages. Plasticity often correlates with perfor-
mance improvement, but it is not sufficient on its own to guarantee strong results. Our analyses
reveal the following regime- and stage-dependent patterns:

• Superior regime. The “offline data + reset” method attains the highest plasticity, yet yields the
lowest improvement at 50k steps and only moderate improvement at 500k steps. This shows
that when π0 is strong, plasticity alone does not determine performance; maintaining stability is
essential.

• Inferior regime. The relationship between stability, plasticity, and improvement depends on
the fine-tuning stage. At the late stage (500k steps), methods with the highest plasticity tend to
achieve the greatest improvement because π0 performs poorly and can degrade toward near-zero
performance during fine-tuning. In cases where minj J(πj) = 0, the improvement simplifies to
plasticity − J∗

off, making plasticity the dominant factor. In contrast, at the early stage (50k steps),
the “offline RL + offline data” method attains the highest improvement while also exhibiting the
strongest stability, despite having only moderate plasticity. This indicates that stability can have a
stronger influence on improvement early in fine-tuning.

Takeaway: Plasticity should be emphasized when π0 is weak (Inferior regime) and the fine-
tuning budget is large (500k steps), while stability becomes more important when π0 is strong
(Superior regime) and the fine-tuning budget is small (50k steps).

Table 5: Empirical values of stability, plasticity, and improvement of different fine-tuning methods
in Superior Regime for 50k and 500k environment steps.

Fine-tuning method in Superior regime Stability ↑ Plasticity ↑ Improvement ↑
50k environment steps
baseline −0.352± 0.344 0.525± 0.325 0.172± 0.145
+ warmup (π0-centric) −0.328± 0.348 0.501± 0.315 0.173± 0.122
+ offline RL (π0-centric) −0.162± 0.242 0.289± 0.255 0.127± 0.151
+ offline data (D-centric) −0.293± 0.351 0.448± 0.318 0.155± 0.138
+ offline data + reset (D-centric) −0.615± 0.338 0.581± 0.349 −0.034± 0.311
+ offline RL + offline data (mixed π0 +D) −0.072± 0.128 0.204± 0.189 0.132± 0.138

500k environment steps
baseline −0.399± 0.363 0.832± 0.275 0.433± 0.276
+ warmup (π0-centric) −0.394± 0.371 0.865± 0.251 0.471± 0.258
+ offline RL (π0-centric) −0.199± 0.268 0.519± 0.291 0.319± 0.256
+ offline data (D-centric) −0.376± 0.380 0.796± 0.282 0.421± 0.251
+ offline data + reset (D-centric) −0.615± 0.338 1.011± 0.183 0.396± 0.271
+ offline RL + offline data (mixed π0 +D) −0.124± 0.213 0.393± 0.288 0.270± 0.233

B.3 HYPERPARAMETERS

We summarize the hyperparameters used in our empirical studies. The hyperparameters for SAC and
CalQL are given in Table 9. Common hyperparameters of TD3 and ReBRAC appear in Table 10,
while Table 11 contains the task-dependent hyperparameters for ReBRAC. Table 12 reports the
hyperparameters for BC and FQE.

B.4 COMPUTE DETAILS

All experiments were conducted on a single-GPU setup using an NVIDIA L40S GPU, 24 CPU
workers, and 20GB of RAM.
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Table 6: Empirical values of stability, plasticity and improvement of different fine-tuning methods
in Inferior Regime for 50k and 500k environment steps.

Fine-tuning method in Inferior regime Stability ↑ Plasticity ↑ Improvement ↑
50k environment steps
baseline −0.688± 0.348 0.216± 0.219 −0.472± 0.408
+ warmup (π0-centric) −0.671± 0.343 0.213± 0.217 −0.458± 0.422
+ offline RL (π0-centric) −0.665± 0.342 0.159± 0.197 −0.505± 0.428
+ offline data (D-centric) −0.670± 0.343 0.268± 0.215 −0.402± 0.398
+ offline data + reset (D-centric) −0.832± 0.191 0.417± 0.301 −0.415± 0.395
+ offline RL + offline data (mixed π0 +D) −0.640± 0.357 0.266± 0.219 −0.374± 0.415

500k environment steps
baseline −0.692± 0.307 0.475± 0.378 −0.217± 0.480
+ warmup (π0-centric) −0.677± 0.306 0.495± 0.389 −0.182± 0.490
+ offline RL (π0-centric) −0.650± 0.322 0.262± 0.283 −0.388± 0.489
+ offline data (D-centric) −0.674± 0.308 0.696± 0.340 0.023± 0.451
+ offline data + reset (D-centric) −0.769± 0.275 0.870± 0.299 0.101± 0.205
+ offline RL + offline data (mixed π0 +D) −0.614± 0.354 0.440± 0.297 −0.174± 0.441

Table 7: Empirical values of stability, plasticity and improvement of different fine-tuning methods
in Comparable Regime for 50k and 500k environment steps.

Fine-tuning method in Comparable regime Stability ↑ Plasticity ↑ Improvement ↑
50k environment steps
baseline −0.083± 0.084 0.163± 0.237 0.080± 0.251
+ warmup (π0-centric) −0.082± 0.085 0.163± 0.195 0.081± 0.212
+ offline RL (π0-centric) −0.079± 0.085 0.214± 0.264 0.135± 0.270
+ offline data (D-centric) −0.081± 0.085 0.147± 0.161 0.066± 0.166
+ offline data + reset (D-centric) −0.114± 0.147 0.261± 0.250 0.147± 0.237
+ offline RL + offline data (mixed π0 +D) −0.057± 0.058 0.240± 0.251 0.182± 0.258

500k environment steps
baseline −0.043± 0.071 0.560± 0.411 0.516± 0.452
+ warmup (π0-centric) −0.042± 0.072 0.543± 0.390 0.501± 0.423
+ offline RL (π0-centric) −0.043± 0.072 0.564± 0.382 0.521± 0.416
+ offline data (D-centric) −0.042± 0.072 0.680± 0.338 0.638± 0.361
+ offline data + reset (D-centric) −0.106± 0.139 0.623± 0.431 0.516± 0.431
+ offline RL + offline data (mixed π0 +D) −0.035± 0.061 0.682± 0.302 0.646± 0.314

Table 8: Empirical values of stability, plasticity and improvement of different fine-tuning methods
across all regimes for 50k and 500k environment steps.

Fine-tuning method Stability ↑ Plasticity ↑ Improvement ↑
50k environment steps
baseline −0.433± 0.379 0.397± 0.329 −0.036± 0.395
+ warmup (π0-centric) −0.413± 0.380 0.382± 0.315 −0.031± 0.389
+ offline RL (π0-centric) −0.311± 0.359 0.242± 0.246 −0.069± 0.404
+ offline data (D-centric) −0.391± 0.387 0.365± 0.298 −0.026± 0.357
+ offline data + reset (D-centric) −0.632± 0.349 0.486± 0.340 −0.146± 0.393
+ offline RL + offline data (mixed π0 +D) −0.247± 0.345 0.226± 0.206 −0.021± 0.357

500k environment steps
baseline −0.461± 0.381 0.667± 0.375 0.206± 0.502
+ warmup (π0-centric) −0.453± 0.382 0.689± 0.372 0.236± 0.495
+ offline RL (π0-centric) −0.344± 0.362 0.431± 0.327 0.087± 0.526
+ offline data (D-centric) −0.442± 0.388 0.745± 0.316 0.303± 0.415
+ offline data + reset (D-centric) −0.607± 0.360 0.910± 0.299 0.304± 0.318
+ offline RL + offline data (mixed π0 +D) −0.291± 0.360 0.447± 0.307 0.155± 0.433
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Table 9: SAC and CalQL’s hyperparameters.

Parameter Value
optimizer Adam
batch size 1024
learning rate 1e-4
Q-function soft-update rate (τ ) 5e-3
discount factor (γ) 0.999 on AntMaze, 0.99 on other

CQL n actions 10
CQL α 1 for Adroit, 5 for others
CQL max target backup True

Table 10: Common hyperparameters of TD3 and ReBRAC.

Parameter Value
optimizer Adam
batch size 1024
learning rate 1e-4 on AntMaze, 1e-3 on other
Q-function soft-update rate (τ ) 5e-3
discount factor (γ) 0.999 on AntMaze, 0.99 on other

Table 11: ReBRAC hyperparameters used in our experiments. All hyperparameters follow the best
hyperparameters reported in Tarasov et al. (2023), except for the Kitchen domain, which was not
included; for Kitchen, we performed a hyperparameter search and selected the best configuration.

Task Name β1 (actor) β2 (critic)

halfcheetah-random 0.001 0.1
halfcheetah-medium 0.001 0.01
halfcheetah-medium-expert 0.01 0.1
halfcheetah-medium-replay 0.01 0.001

hopper-random 0.001 0.01
hopper-medium 0.01 0.001
hopper-medium-expert 0.1 0.01
hopper-medium-replay 0.05 0.5

walker2d-random 0.01 0.0
walker2d-medium 0.05 0.1
walker2d-medium-expert 0.01 0.01
walker2d-medium-replay 0.05 0.01

antmaze-large-play 0.002 0.001
antmaze-large-diverse 0.002 0.002
antmaze-ultra-diverse 0.002 0.002

door-binary 0.1 0.01
pen-binary 0.1 0.01
relocate-binary 0.1 0.01

kitchen-complete 0.1 0.001
kitchen-mixed 0.1 0.001
kitchen-partial 0.1 0.001

17



918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

Under review as a conference paper at ICLR 2026

Table 12: BC and FQE’s hyperparameters.

Parameter Value
optimizer Adam
batch size 1024
learning rate 3e-4
action deterministic
FQE steps 1e5
Q-function soft-update rate (τ ) 5e-3
discount factor (γ) 0.999 on AntMaze, 0.99 on other

Table 13: Statistics (mean ± std) of offline datasets and pretrained policies. Pretrained policy scores
J(π0) are reported as averages over 10 random seeds.

Dataset Dataset CalQL ReBRAC BC
J(πD) #Trajs J(π0) order J(π0) order J(π0) order

halfcheetah-random-v2 -0.001 ± 0.006 1000 0.248 ± 0.014 > 0.275 ± 0.011 > 0.019 ± 0.001 ≈
halfcheetah-medium-replay-v2 0.271 ± 0.135 202 0.451 ± 0.002 > 0.504 ± 0.003 > 0.370 ± 0.007 >
halfcheetah-medium-v2 0.406 ± 0.029 1000 0.470 ± 0.003 > 0.651 ± 0.010 > 0.427 ± 0.002 ≈
halfcheetah-medium-expert-v2 0.643 ± 0.239 2000 0.519 ± 0.078 < 1.010 ± 0.019 > 0.563 ± 0.025 <

hopper-random-v2 0.012 ± 0.005 45240 0.091 ± 0.017 > 0.082 ± 0.036 ≈ 0.038 ± 0.022 ≈
hopper-medium-replay-v2 0.150 ± 0.157 2039 1.001 ± 0.009 > 0.965 ± 0.042 > 0.398 ± 0.037 >
hopper-medium-v2 0.443 ± 0.117 2187 0.672 ± 0.039 > 1.016 ± 0.012 > 0.554 ± 0.010 >
hopper-medium-expert-v2 0.648 ± 0.319 3214 1.058 ± 0.108 > 1.063 ± 0.042 > 0.556 ± 0.012 <

walker2d-random-v2 0.000 ± 0.001 48908 0.082 ± 0.043 > 0.058 ± 0.001 > 0.008 ± 0.001 ≈
walker2d-medium-replay-v2 0.148 ± 0.195 1093 0.843 ± 0.025 > 0.853 ± 0.045 > 0.276 ± 0.074 >
walker2d-medium-v2 0.620 ± 0.239 1191 0.742 ± 0.071 > 0.845 ± 0.008 > 0.507 ± 0.073 <
walker2d-medium-expert-v2 0.826 ± 0.285 2191 1.073 ± 0.035 > 1.113 ± 0.004 > 1.075 ± 0.004 >

pen-binary-v0 1.000 ± 0.000 846 0.657 ± 0.059 < 0.451 ± 0.086 < 0.589 ± 0.068 <
door-binary-v0 1.000 ± 0.000 82 0.112 ± 0.123 < 0.000 ± 0.000 < 0.000 ± 0.000 <
relocate-binary-v0 1.000 ± 0.000 36 0.010 ± 0.011 < 0.000 ± 0.000 < 0.000 ± 0.000 <

kitchen-partial-v0 0.586 ± 0.187 600 0.764 ± 0.094 > 0.133 ± 0.085 < 0.222 ± 0.079 <
kitchen-mixed-v0 0.598 ± 0.145 600 0.464 ± 0.092 < 0.034 ± 0.033 < 0.275 ± 0.049 <
kitchen-complete-v0 1.000 ± 0.000 19 0.043 ± 0.078 < 0.002 ± 0.004 < 0.385 ± 0.202 <

antmaze-large-diverse-v2 0.106 ± 0.308 999 0.305 ± 0.055 > 0.399 ± 0.080 > 0.000 ± 0.000 <
antmaze-large-play-v2 0.105 ± 0.307 999 0.247 ± 0.068 > 0.351 ± 0.072 > 0.000 ± 0.000 <
antmaze-ultra-diverse-v2 0.053 ± 0.224 999 0.118 ± 0.072 ≈ 0.127 ± 0.132 ≈ 0.000 ± 0.000 ≈
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Figure 7: Full fine-tuning results in the Superior regime.

19



1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079

Under review as a conference paper at ICLR 2026

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0

N
or

m
al

iz
ed

 S
co

re

antmaze-large-diverse-v2, BC
 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

antmaze-large-play-v2, BC
 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0
door-binary-v0, BC

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0

door-binary-v0, ReBRAC

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.00

0.25

0.50

0.75

1.00

N
or

m
al

iz
ed

 S
co

re

door-binary-v0, CalQL
 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.00

0.25

0.50

0.75

1.00

halfcheetah-medium-expert-v2, BC

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8
kitchen-mixed-v0, ReBRAC

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.00

0.25

0.50

0.75

1.00

1.25
hopper-medium-expert-v2, BC

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0

N
or

m
al

iz
ed

 S
co

re

kitchen-complete-v0, BC
 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0
kitchen-complete-v0, ReBRAC

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0

kitchen-complete-v0, CalQL
 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0

halfcheetah-medium-expert-v2, CalQL

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

N
or

m
al

iz
ed

 S
co

re

kitchen-partial-v0, BC

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8
kitchen-partial-v0, ReBRAC

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0
pen-binary-v0, BC

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0
pen-binary-v0, CalQL

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0

N
or

m
al

iz
ed

 S
co

re

relocate-binary-v0, BC
 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0
relocate-binary-v0, ReBRAC

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0
relocate-binary-v0, CalQL

 : 0 < D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

kitchen-mixed-v0, BC

o : 0 D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

1.0

N
or

m
al

iz
ed

 S
co

re

pen-binary-v0, ReBRAC

o : 0 D

0 1 2 3 4 5
Environment Steps1e5

0.00

0.25

0.50

0.75

1.00

1.25
walker2d-medium-v2, BC

o : 0 D

0 1 2 3 4 5
Environment Steps1e5

0.0

0.2

0.4

0.6

0.8

kitchen-mixed-v0, CalQL
× : 0 > D

baseline
+offline_data (D-centric)

+warmup ( 0-centric)
+offline_data+reset (D-centric)

+offline_RL ( 0-centric)
+offline_RL+offline_data ( 0 + D)

Figure 8: Full fine-tuning results in the Inferior regime.
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Figure 9: Full fine-tuning results in the Comparable regime.
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C ALTERNATIVE TAXONOMIES OF THREE REGIMES

While our framework is defined using the returns of the pretrained agents and the dataset, it is also
useful to consider alternative taxonomies based on different metrics. Below we present two such
taxonomies, derived from Q-functions and behavior-cloning performance, respectively.

C.1 Q-FUNCTION-BASED TAXONOMY

Conservative offline RL aims to outperform the behavior policy that generates the offline
dataset (Levine et al., 2020). Ideally, the value function of the pretrained policy π0 should therefore
exceed that of the behavior policy πD on in-dataset state-action pairs. Formally, Kostrikov et al.
(2021, Lemma 2) show that for in-sample Q-learning, the optimal value function satisfies

Qπ∗
0 (s, a) ≥ QπD (s, a), ∀(s, a) ∈ D, (7)

where π∗
0 denotes the optimal pretrained policy and Qπ is the ground-truth value function of policy

π. A weaker, expectation-based version of this condition is

E(s,a)∼D

[
Qπ∗

0 (s, a)
]
≥ E(s,a)∼D[Q

πD (s, a)] . (8)

Motivated by this result, we examine a taxonomy based on comparing E(s,a)∼D[Q̂
π0(s, a)] and

E(s,a)∼D[Q
πD (s, a)], where Q̂π0 denotes the pretrained Q-function. The intuition is that if

E(s,a)∼D[Q̂
π0(s, a)] ≥ E(s,a)∼D[Q

πD (s, a)],

then pretraining approximately satisfies Eq. 8, placing it in the Superior or Comparable regime;
otherwise, it falls into the Inferior regime.

In practice, we estimate QπD (s, a) using the Monte Carlo return G(s, a) from D. We then perform a
t-test to assess whether E(s,a)∼D

[
Q̂π0(s, a)−G(s, a)

]
is zero. Acceptance of the null corresponds

to the Comparable Q-regime; a significantly positive difference indicates the Superior Q-regime,
and a significantly negative difference indicates the Inferior Q-regime.

Finally, we evaluate how well this Q-based taxonomy aligns with the fine-tuning results. The cor-
responding confusion matrix is reported in Table 14. It achieves 32 out of 63 correct predictions
(51%), 19 opposite mismatches (30%), and 12 adjacent mismatches (19%). Although this accuracy
is substantially better than random guessing (33%), it remains noticeably lower than the performance
of our framework (71%).

Table 14: Confusion matrix of fine-tuning results using Q-based taxonomy. Green cells: cor-
rect predictions (32/63); red cells: opposite mismatches (19/63); gray cells: adjacent mismatches
(12/63). Overall, Q-based taxonomy achieve 51% correct predictions with 30% opposite mis-
matches.

Pretraining Q-based Regime

Superior Comparable Inferior

Fi
ne

-t
un

e π0-centric > D-centric 23 0 4
π0-centric ≈ D-centric 8 0 3
π0-centric < D-centric 15 1 9

C.2 BEHAVIOR-CLONING-BASED TAXONOMY

Instead of relying on the return of the behavior policy J(πD), one can define a taxonomy based on
the performance of a behavior-cloned policy πBC learned on the offline dataset D.

Similar to our taxonomy, we use a t-test with a margin of δ = 0.05 to assess whether J(πBC) and
J(πD) differ significantly, thereby identifying the three corresponding regimes. The corresponding
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confusion matrix is shown in Table 15. The BC-based taxonomy achieves 26 out of 63 correct
predictions (41%), 3 opposite mismatches (5%), and 34 adjacent mismatches (54%). While better
than random guessing, this result remains noticeably lower than the performance of our framework
(71%).

Table 15: Confusion matrix of fine-tuning results using BC-based taxonomy. Green cells: correct
predictions (26/63); red cells: opposite mismatches (34/63); gray cells: adjacent mismatches (3/63).
Overall, BC-based taxonomy achieve 41% correct predictions with 5% opposite mismatches.

BC-based Regime

Superior Comparable Inferior

Fi
ne

-t
un

e π0-centric > D-centric 17 10 0
π0-centric ≈ D-centric 4 6 1
π0-centric < D-centric 3 19 3
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