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ABSTRACT

Adopting the pretrain-finetune paradigm, offline-to-online reinforcement learn-
ing (RL) first pretrains an agent on historical offline data and then finetunes it
through online interactions, aiming to leverage prior knowledge while adapting
efficiently and safely to the new environment. A central challenge, however, is the
tradeoff between catastrophic failure, i.e., a sharp early collapse in performance
when the agent first transitions from offline to online, and the asymptotic success
rate, i.e., the long-term performance the agent ultimately achieves after sufficient
training. In this article, we first conduct a systematic study using various control
benchmarks and find that existing offline and offline-to-online RL methods fail to
simultaneously prevent catastrophic failure and achieve high asymptotic success
rates. Next, we examine how offline data and conservative regularization influ-
ence this tradeoff. Then, we identify spurious Q-optimism as the key driver of
collapse, i.e., early in fine-tuning, the learned value function can mistakenly rank
inferior actions above those from offline training, steering the policy toward fail-
ure. Finally, we introduce Smooth Offline-to-Online Annealing for RL (SOAR), a
simple but effective dual annealing scheme that gradually reduces reliance on of-
fline data and conservative penalties, thereby mitigating catastrophic failure while
improving long-term performance. We carry out extensive numerical experiments
to confirm the efficacy and robustness of SOAR across diverse RL tasks.

1 INTRODUCTION

The pretrain-finetune paradigm has driven much of the recent success in modern machine learning
across diverse domains such as natural language processing and computer vision (Min et al., 2023;
Khan et al., 2024). Inspired by these advances, reinforcement learning (RL) has adopted a similar
paradigm: an agent is first pretrained offline using historical static data, is then subsequently fine-
tuned via online interactions with the target environment (Agarwal et al., 2022; Luo et al., 2024).
This setting, known as offline-to-online RL, allows the agent to leverage effectively the prior knowl-
edge, while adapting efficiently and safely to the new environment, reducing the reliance on costly
and risky online interactions.

Previous studies along this direction have shown that modifying the training objective or algorithmic
structure during the online phase leads to a better long-term performance than naively deploying
offline RL algorithms without modification (Nakamoto et al., 2023; Zhou et al., 2025; Xiao et al.,
2025). However, catastrophic failure often occurs, i.e., there is a sharp early collapse in performance
when the agent first transitions from offline to online. This raises a challenging and open question:
how can we achieve both high asymptotic success rates and reduced catastrophic failure during the
transition to the online phase?

This question is particularly critical in safety-sensitive applications such as healthcare and robotics
(Singh et al., 2022; Liu et al., 2020). For instance, in the medical domain, offline datasets may
capture prior treatment information, while online fine-tuning involves real-time patient interactions.
Catastrophic failure in this scenario could result in harmful interventions. Ideally, the agent should
remain aligned with the optimal actions learned from the offline data, while using online explorations
to uncover additional optimal actions not represented in the offline data.

To address this question, we first conduct a systematic study on complex and realistic robot control
environments from D4RL (Fu et al., 2020), Adroit, FrankaKitchen, and AntMaze. We evaluate two



representative of ine RL algorithms, IQL (Kostrikov et al., 2022) and CQL (Kumar et al., 2020), as
well as three of ine-to-online RL algorithms, Cal-QL (Nakamoto et al., 2023), PORL (Xiao et al.,
2025), and recent state-of-the-art WSRL (Zhou et al., 2025). We analyze their catastrophic failure
modes and success rates during online ne-tuning. On AntMaze, we further extend our study to the
challenging ultra-diverse variant, where none of the baseline methods achieves a perfect success rate,
thereby stress-testing the algorithms in the most dif cult settings. We have found that the existing
methodscannotsimultaneously prevent catastrophic failure and achieve high long-term success rate.

Next, to better understand the drivers of collapse and the ingredients for high asymptotic perfor-
mance, we perform a controlled study with CQL. We have found that, eliminating the conservative
regularizer improves the asymptotic performance, whereas phasing out the of ine data yields faster
convergence. Nevertheless, removing either the conservative regularizer, which serve as inductive
biases tailored to of ine training, or the of ine data, substantially increases the incidence of catas-
trophic failure. Nevertheless, removing either the conservative regularizer, an inductive bias tailored
to of ine training, or the of ine data substantially increases the incidence of catastrophic failure.

We further hypothesize that a main driving factor for catastrophic failuBpigious Q-Optimism
Thatis, early in online ne-tuning, the agent incorrectly reverses the relative value ordering between
the actions from of ine pre-training and those proposed by the current policy for the same state,
causing the agent to favor the actions that later prove inferior under convergence. We quantify this
effect via a new metric calle8purious Q-Optimism Ratio (SQQRm)hich is de ned as the fraction

of states whose current versus nal value ordering disagrees, and show that SQOR closely tracks
the incidence of collapses across tasks and settings. Furthermore, we show that alternative strategies
proposed in prior works (Fujimoto & Gu, 2021; Zhou et al., 2025; Xiao et al., 2025), including regu-
larizing critic KL divergence, adjusting update-to-data (UTD) ratios, modifying warmup lengths, or
tuning hyperparameters such as batch size, network dimensions and learning rates, are insuf cient
to effectively mitigate catastrophic failure.

Finally, motivated by these insights, we propoSeooth Of ine-to-Online Annealing for RL
(SOAR), a simple yet effective method that gradually decreases both the of ine data ratio and the
conservative regularizer weightvia annealing during online ne-tuning. Empirical results show

that this dual annealing strategy lowers the incidence of catastrophic failure compared with exist-
ing baselines, while achieving superior long-term performance. We also conduct extensive ablation
studies on SOAR's hyperparameters and on the contribution of each annealing component. These
studies offer an actionable guidance: to prioritize stability and suppress early catastrophic failures,
one may apply a single-component annealing in a task-dependent manner. We also outline concrete
design choices and practical heuristics for hyperparameter selection.

Our contributions are four-fold. First, we provide a systematic study demonstrating that prevail-
ing of ine and of ine-to-online methods fail to balance catastrophic failure suppression with high
asymptotic success. Second, we show how of ine data and conservative regularization shape this
trade-off, which points to a pathway toward achieving both goals simultaneously. Third, we identify
the key driving factor behind catastrophic failure and derive a metric to quantify it. Finally, we in-
troduce SOAR, a simple yet effective dual annealing scheme that consistently reduces catastrophic
failure and improves long-term performance.

2 RELATED WORKS

Of ine-to-Online RL. While of ine RL methods such as CQL (Kumar et al., 2020), IQL (Kostrikov

et al., 2022), and others (Kostrikov et al., 2021; Tarasov et al., 2023) can be deployed online, strong
online performance typically requires additional ne-tuning. Simply ne-tuning the of ine objective
without modi cation often limits gains (Nakamoto et al., 2023), motivating methods that explicitly
leverage online interaction. Proposed approaches include relaxing excessive conservatism in value
estimates (Nakamoto et al., 2023; Luo et al., 2024; Hu et al., 2024), inserting an adaptation phase
between of ine pre-training and online ne-tuning (Zhou et al., 2025; Shin et al., 2025; Xiao et al.,
2025), using multiple Q-functions (Lee et al., 2022; Zhao et al., 2023), tuning the UTD ratio (Feng
etal., 2024; Xiao et al., 2025), and incorporating uncertainty (Guo et al., 2023; Wen et al., 2024b). In
contrast to methods that update both value functions and policies (including ours), some approaches
rely exclusively on pretrained policies (Uchendu et al., 2023; Xiao et al., 2025; Hu et al., 2023).



Several works observe catastrophic failure during the transition from of ine pre-training to on-
line ne-tuning, attributing it to distributional shift and unstable Q-learning (Wen et al., 2024a;
Nakamoto et al., 2023). Many proposed remedies introduce additional computation, e.g., uncertainty
estimation (Wen et al., 2024a), calibration penalties (Nakamoto et al., 2023), or actor-critic align-
ment (Yu & Zhang, 2023). In contrast, our method employs a minimal design based on annealing,
which adds essentially no computational overhead while also improving asymptotic performance.

3 EXPERIMENTAL SETUP

Environments and Datasets.Following the evaluation protocol of WSRL (Zhou et al., 2025), we
assess our method on three challenging, realistic environments: FrankaKitchen and AntMaze from
D4RL (Fu et al., 2020), and the dexterous manipulation environment Adroit from AWAC (Nair
et al., 2020). Within these environments, we evaluate the following tasks: for Adroit, pen-binary
and door-binary; for FrankaKitchen, kitchen-mixed and kitchen-partial; and for AntMaze, antmaze-
large-diverse and antmaze-large-play. All of ine pre-training datasets match those used in WSRL.
Further details on the tasks and datasets are provided in Appendix G.

Training Procedure. For training, we pretrain for 1M

steps in AntMaze, 250K steps in FrankaKitchen, and 40K

steps in Adroit, followed by 400K online ne-tuning steps

for all tasks. Compared to WSRL (Zhou et al., 2025),

which used only 300K ne-tuning steps, we extend ne-

tuning steps to 400K steps to better observe asymptotic

performance trends. On Adroit, we found that increas- )

ing pen-binary pre-training from 20K (used in WSRL) t&9ure 1:Evaluated Environments.
40K yields more consistent gains; for door-binary, of indlustration of the environments used in
pre-training variance is higher and the difference betwe@Hl €xperiments: AntMaze, FrankakK-
20K and 40K is less pronounced, but we adopt 40K to stfehen, and Adroit.

bilize trends.

Baseline Methods.We include WSRL (Zhou et al., 2025) and PORL (Xiao et al., 2025) as recent
of ine-to-online methods, Cal-QL (Nakamoto et al., 2023) due to its explicit treatment of catas-
trophic failure, and CQL (Kumar et al., 2020), IQL (Kostrikov et al., 2022), and SAC (Haarnoja
et al., 2018) to align with prior evaluations in WSRL and ensure comprehensive comparisons. Fur-
ther details on all baselines are provided in Appendix F.

We largely follow the experimental setup of WSRL (Zhou et al., 2025). Modi cations on the exper-
imental setup to stabilize training are detailed in Appendix G.3. Due to computational constraints,
we use ve random seeds in all experiments (unless otherwise noted) and report 95% con dence in-
tervals with shaded regions in the plots. Across all experimental results, Step 0 marks the beginning
of the online ne-tuning phase.

CQL. We adopt CQL as the backbone of our method, following WSRL and Cal-QL. In ofine

RL, the agent is trained using a xed dataget= f(si;a;ri;s9)g\; collected by some behav-

ior policy, without interacting with the environment. A key challenge is that standard Q-learning
objectives can assign erroneously high values to actions not present in the dataset, leading to poor
policy performance when deployed online. CQL (Kumar et al., 2020) addresses this by adding a
regularization term to the standard Bellman error that penalizes Q-values of actions sampled from
the policy relative to those from the dataset:

Lcoqu=Lm+ Espa [Q(s;d] Esap [Q (s;d)] ; 1)
where > 0 controls penalty strength. This discourages high Q-values for OOD actions.

Metrics. We de ne catastrophic failureas the drop between the success rate at the start of ne-
tuning and the minimum success rate observed within the rst 100K steps, isolating the effect of
the of ine-to-online transition from training stochasticity. As reported in Appendix K, extending
the window to the full 400K steps yields no statistically signi cant change in the measured failure
magnitude, which justi es our choice of a 100K step window.

We de ne theasymptotic success rasés the mean success rate a¥80K-400K steps. As evidentin
Figure 2, all baselines have convergedBpK, and Appendix K con rms no statistically signi cant



Figure 2: Annealing Bridges Of ine and Online RL. Existing of ine and of ine-to-online meth-

ods fail to simultaneously mitigate catastrophic failure and attain high asymptotic success. In con-
trast, our method (SOAR) reduces early performance collapse and achieves superior nal perfor-
mance across tasks. Step 0 marks the start of online ne-tuning.

difference between performance380K and400K. Hence, performance in this interval is a valid
proxy for asymptotic behavior.

4 CHALLENGES IN BRIDGING OFFLINE AND ONLINE RL: PERFORMANCE
VS. STABILITY

We rst show that existing of ine RL algorithms and of ine-to-online approaches are unable to
simultaneously prevent catastrophic failure during online ne-tuning and attain high asymptotic
success rates. As illustrated in Figure 2, when baselines are netuned without retaining of ine data,
none of the methods meet both objectives. Notably, the only objective-level difference between the
of ine algorithm CQL and the online algorithm SAC is CQL's conservative regularizer (Equation 1).
Among of ine-to-online methods, WSRL and PORL set CQL's conservative weightzero during
ne-tuning, whereas CQL and Cal-QL keepequal to its of ine pre-training value. Empirically,
WSRL and PORL achieve higher asymptotic performance than CQL and Cal-QL, but suffer larger
catastrophic failures. This motivates a controlled analysis of how removing the conservative regu-
larizer affects both outcomes. In addition, because the availability of of ine data is a key distinction
between the of ine and online phases, we also study how retaining versus discarding of ine data
in uences performance and stability.

5 ROLE OF OFFLINE DATA AND CONSERVATIVE REGULARIZATION IN
ONLINE FINE-TUNING

To disentangle the effects of of ine data and conservative regularization, we conduct controlled
studies with CQL during online ne-tuning. As shown later, removing eitheor of ine data
increases the incidence of catastrophic failure. Accordingly, when analyzing catastrophic failure,
we vary one factor while holding the other xed: we keemt its of ine-pre-training value when
assessing the effect of of ine data, and we x the of ine replay mixture2&#6 per update when
assessing the effect of Conversely, when analyzing asymptotic performance, we ablate one factor
by removing it entirely while varying the other, so as to evaluate the agent's ability to discover
optimal actions absent from the of ine prior. TI2&% of ine data ratio is held constant across all
tasks and seeds for these experiments.

We observe on kitchen-partial, kitchen-mixed, and pen-binary that retaining of ine data and main-
taining the conservative regularizerboth mitigate catastrophic failure, whereas keepingup-
presses asymptotic performance (Figure 3). When of ine data is fully removed, nal returns are
typically lower than when using a xed mini-batch composition of 25% of ine samples at every
update. In contrast, annealing the of ine fraction to zero, as in our method (Section 7.1), yields
faster convergence and nal performance comparable to retaining of ine data. As highlighted by
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Figure 3: Controlled analysis of of ine data and conservative regularization. Success rates of
CQL during online ne-tuning across four tasks (kitchen-partial, kitchen-mixed, door-binary, pen-
binary). (a) Keeping the conservative regularizey educes early collapses. (b) Keepindowers
asymptotic performance. (c) Dropping of ine data induces severe early drops. (d) Annealing of ine
data speeds convergence; with a suitable schedule, performance can match retaining of ine data.

WSRL (Zhou et al., 2025), persisting of ine data during online ne-tuning can depress asymptotic
performance, especially when the online and of ine distributions are mismatched or the of ine data
are of lower quality, and also incurs storage/throughput overhead. Hence, if one can avoid using
of ine data online without sacri cing performance, avoiding of ine data online is preferable.

In the door-binary, the low initial success rate makes it dif cult to meaningfully compare the effect

of each factor on catastrophic failure. However, the conclusion regarding success rates remains con-
sistent with the other tasks. These ndings suggest that the inductive bias inherited from of ine RL,
as well as the continued reliance on of ine data during online training, hinder effective exploration

of the optimal policy. Thus, while mechanisms to mitigate catastrophic failure remain necessary,
removing these constraints is essential for achieving higher asymptotic performance.

6 SPURIOUSQ-OPTIMISM AS A DRIVER OF CATASTROPHIC FAILURE

Why does removing the conservative regularizer and of ine data in CQL trigger catastrophic failure
during online ne-tuning? We posit a single overarching mechaniSpurious Q-OptimismEarly

in ne-tuning, the critic can erroneously reverse the relative value ordering between the of ine-
pretrained policy's action and the action proposed by the current policy for the same state, which
steers learning toward actions that later prove inferior under the converged critic. In this section, we
(i) formalize this phenomenon, (ii) show that its incidence tracks catastrophic failure across tasks,
and (iii) demonstrate that neither tuning hyperparameter in baselines nor slowing the critic's drift
from its of ine initialization reliably prevents collapse.

6.1 QUANTIFYING SPURIOUSQ-OPTIMISM

To test this mechanism, we quantify spurious Q-optimism at each online step via a preference sign
mismatch between the current and converged critics. For a minibatch of statese (s) =

Qt S;acur Qi Sia , nat ()= Qna S;@ur  Qna S;a , whereag, is sampled



Figure 4: SQOR tracks catastrophic failure across tasks.Lower Spurious Q-Optimism Ratio
(SQOR) consistently aligns with fewer and milder collapses across all four tasks. Vertical lines
mark the onset of catastrophic failure for each method.

from the policy at stepp anda, from the of ine-pretrained policy on the same states. A state is
agged as optimistic if the signs disagree, equivalently, whafs) na (S) < 0. The Spurious
Q-Optimism Ratio (SQOR} the fraction of batch states satisfying this sign mismatch attstep

To analyze the association between SQOR and catastrophic failure, we consider the two stress set-
tings that induce failures in Figure 3: (i) removing of ine data during ne-tuning and (ii) removing

the conservative regularizer Because door-binary exhibits a very low initial success rate and does
not manifest a meaningful failure drop (Figure 3), we report results on four tasks, antmaze-large-
diverse, kitchen-partial, kitchen-mixed, and pen-binary.

To obtainQ nq , We use the checkpoint aftdO0K online steps for the same random seed, since
success rates are stable by that point (Figure 3). Because catastrophic failure emerges within
30K steps (Figure 3), we report SQOR over the BK steps to capture onset dynamics while
keeping computation tractable. Due to computational constraints, all experiments analyzing SQOR
are conducted with three random seeds.

Empirically, SQOR exhibits a strong correlation with catastrophic failure. As shown in Figure 4,
across four tasks and both stress settings, lower SQOR coincides with fewer and milder collapses.
In Appendix A, we further examine related diagnostics, Spurious Q-Optimism Gap (SQOG)
(aggregate magnitude of preference mismat€hjline-only SQOR (O-SQORgounts only cases

with ¢(s) > Oand 4 (S) < 0), andvolatility (step-to-step Q-value uctuations). None of these
alternatives consistently explain failures across all tasks.

This pattern suggests that the count of misordered state-action comparisons (SQOR) is the primary
predictor of collapse. SQOR capturesdiject errors where the current policy is pulled toward ac-

tions that ultimately underperform the of ine-pretrained actions (the immediate trigger of collapse),
and (ii) anindirect effect where unusually high values assigned to of ine-pretrained actions reveal
critic instability, although not a direct cause when those actions are selected, such instability can
precipitate future direct errors. The fact that O-SQOR (which removes the indirect component) fails
to account for failures while SQOR does indicates that this indirect effect materially contributes to
catastrophic failure. Formal de nitions and full correlation analyses are provided in Appendix A.
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