
Thesis for Bachelor’s Degree

ANCHOR: KL-Anchored Adaptation for Stable

Offline-to-Online Reinforcement Learning

Geonwoo Cho

Department of Electrical Engineering and Computer Science,

College of Information and Computing

Gwangju Institute of Science and Technology

2026



Y‹Y�| 8

ANCHOR: H��x $�|x-,-(|x

�TYµD �\ KL uä` 0� �Q

pt°

� ô ô Ł � � Y

� 0 � � ô Ł 0 ı Y ü

� ü ü Y 0  —

2026



ANCHOR: KL-Anchored Adaptation for Stable
Offline-to-Online Reinforcement Learning

Advisor: Sundong Kim

by

Geonwoo Cho

Department of Electrical Engineering and Computer Science

College of Information and Computing

Gwangju Institute of Science and Technology

A thesis submitted to the faculty of the Gwangju Institute of Science

and Technology in partial fulfillment of the requirements for the degree

of Bachelor of Science in the Department of Electrical Engineering and

Computer Science Concentration

Gwangju, Republic of Korea

June 15, 2026

Approved by

Professor Sundong Kim

Committee Chair



ANCHOR: KL-Anchored Adaptation for Stable

Offline-to-Online Reinforcement Learning

Geonwoo Cho

Accepted in partial fulfillment of the requirements for

the degree of Bachelor of Science

June 15, 2026

Committee Chair

Sundong Kim

Committee Member

Euiseok Hwang



Dedicated to my family.



BS/EC
20195171

Geonwoo Cho(pt°). ANCHOR: KL-Anchored Adaptation for Stable
Offline-to-Online Reinforcement Learning (ANCHOR: H��x $�|x-
,-(|x�TYµD�\ KL uä`0��Q). Department of Electrical
Engineering and Computer Science, College of Information and Computing
. 2026. 55p. Prof. Sundong Kim.

Abstract

This paper studies offline-to-online reinforcement learning in the setting where

the original offline replay buffer is unavailable during online fine-tuning. We analyze

two competing failure modes: early catastrophic collapse when adaptation begins,

and suppressed asymptotic performance when conservative regularization remains too

strong. To address this tension, we propose ANCHOR, which keeps the actor close

to the offline-pretrained policy through KL anchoring during the vulnerable early

phase and then anneals the constraint while retaining a small residual critic regularizer.

Across FrankaKitchen, AntMaze, and Adroit tasks, this design improves early stability

while maintaining strong final performance. The paper also includes a theoretical

interpretation of why anchoring helps preserve critic reliability under local occupancy

shift, together with empirical ablations that clarify when the method is most effective.
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Chapter 1

Introduction

The pretrain-�netune paradigm has driven much of the recent success in modern machine

learning across diverse domains such as natural language processing and computer

vision [1, 2]. Inspired by these advances, reinforcement learning (RL) has adopted

a similar paradigm: an agent is �rst pretrained on historical o�ine data and then

�ne-tuned through online interaction with the target environment [3, 4]. This setting,

known as o�ine-to-online RL, allows the agent to e�ectively leverage prior knowledge

while adapting to the target environment with fewer costly or risky online interactions.

Prior work in this direction has shown that modifying the training objective or

algorithmic structure during the online phase leads to better performance than naively

deploying o�ine RL algorithms without modi�cation [ 5{ 7]. However, catastrophic

failure often occurs, i.e., there is an early collapse in performance when the agent �rst

transitions from o�ine to online. This raises a central question: how can we adapt a

pretrained agent online while avoiding early collapse and maintaining strong asymptotic

performance? This question is particularly critical in safety-sensitive applications such

as healthcare and robotics [8, 9]. In such settings, catastrophic failure is not merely a

transient performance drop; it can lead to unsafe or harmful decisions during deployment.

We study this question on robot-control benchmarks, including FrankaKitchen and

AntMaze from D4RL [10] and Adroit dexterous manipulation tasks [11]. Controlled

experiments show that removing o�ine replay can induce catastrophic failure, while

retaining the conservative regularization inherited from o�ine RL can reduce �nal online

performance. We further �nd that common stabilization strategies, including UTD-ratio

tuning [7] and warmup-based online data collection [6], do not reliably prevent early

collapse. We also show that the critic-side mechanisms we test can be insu�cient on

their own.
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Motivated by these �ndings, we propose ANCHOR, a simple KL-anchored adapta-

tion method for o�ine-to-online �ne-tuning without o�ine replay. ANCHOR regularizes

the online actor toward the o�ine-pretrained policy on online replay states during the

vulnerable early phase, and gradually removes this constraint through KL annealing

to enable online improvement. For the critic, ANCHOR keeps only a small residual

conservative regularization term, avoiding excessive pessimism while retaining mild

protection against overestimation.

We provide theoretical and empirical support for this design. Our analysis interprets

KL anchoring as a mechanism for preserving critic reliability across nearby occupancy

distributions, and gives a two-phase regret bound explaining when anchoring should be

maintained or relaxed depending on pretrained policy quality. Empirically, ANCHOR

substantially reduces catastrophic failure while achieving strong asymptotic performance,

with the best average �nal success rate across the six tasks. Ablations show that KL

annealing improves over both keeping the KL constraint �xed and removing it from

the start, that the residual conservative regularization controls the stability-adaptation

balance, and that ANCHOR is most bene�cial when the pretrained policy contains

useful behavior to preserve.
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Chapter 2

Preliminaries

2.1 Conservative Q-Learning (CQL)

In o�ine RL, an agent is trained on a �xed dataset D collected by a behavior 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 [12] addresses this issue

by adding a regularization term to the standard temporal-di�erence (TD) loss,L TD ,

that penalizes Q-values of actions sampled from the policy relative to those from the

dataset:

L CQL = L TD + �
�
Es�D; a��(�js) [Q� (s; a)] � E (s;a)�D [Q� (s; a)]

�
; (2.1)

where� > 0 controls the penalty strength. This discourages overly optimistic Q-values

for out-of-distribution actions. We adopt CQL as the backbone of our method.

2.2 O�ine-to-Online Reinforcement Learning

O�ine-to-online (O2O) RL considers the setting in which an agent is �rst pretrained

on a �xed o�ine dataset and then further adapted through online interaction with

the target environment [5{ 7, 13]. We focus on the setting where the original o�ine

trajectories are not available during online adaptation. In this case, the agent must

reuse knowledge encoded in the pretrained model while learning from an online data

distribution.

This setting presents two simultaneous requirements: the agent should avoid early

performance degradation during the transition, while still improving beyond the o�ine

solution through online interaction. We evaluate these two aspects using two metrics.

Catastrophic failure measures the drop from the initial online performance to the
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minimum success rate observed within the �rst 100K online steps; we use early stability

to refer to low catastrophic failure. Asymptotic performance measures the average

success rate over the �nal 50K online steps, corresponding to the 350K-400K window,

and captures the late-stage plateau. Together, these metrics assess whether an O2O

method can maintain early stability while enabling further online improvement. Further

justi�cation for these evaluation windows is provided in Appendix F.

{ 4 {



Chapter 3

Diagnosing Failure Modes in Replay-Free

O�ine-to-Online RL

3.1 How Do O�ine Data and Conservative Regularization Shape Online

Adaptation?

We �rst examine the individual roles of o�ine data access and conservative regu-

larization during the o�ine-to-online transition. To isolate their e�ects, we conduct

controlled CQL experiments. Unless otherwise noted, all reported experiments are run

with �ve random seeds, and we report the mean with 95% con�dence intervals shown

as shaded regions. Step 0 denotes the beginning of online �ne-tuning. In Figure 3.1,

\with o�ine replay" mixes o�ine data into online �ne-tuning batches, while \without

o�ine replay" uses only newly collected online data. Similarly, \with � " retains the

CQL conservative regularizer during online �ne-tuning, whereas \without� " removes

it.

Our �rst observation is that conservative regularization can limit asymptotic online

performance. To isolate the e�ect of the CQL regularizer, we remove o�ine replay in

both settings and compare two variants: one that retains the conservative regularization

coe�cient � , and one that removes it. As shown in Figure 3.1(a), removing� achieves

comparable or better �nal performance across all four tasks. This suggests that the

pessimism induced by CQL, while useful for o�ine pretraining, can become restrictive

once the policy must improve beyond the support of the o�ine dataset.

Our second observation is that removing o�ine data access can induce catastrophic

early degradation. To isolate this e�ect, we compare standard CQL �ne-tuning with

and without o�ine replay. Figure 3.1(b) shows that removing o�ine replay often causes

a sharp performance drop at the beginning of online �ne-tuning. The main exception is

{ 5 {



(a)

(b)

Figure 3.1: Controlled analysis of o�ine data and conservative regularization.
Success rates of CQL during online �ne-tuning across four tasks. (a) Keeping the
conservative regularizer� during online �ne-tuning can reduce asymptotic performance.
(b) Removing o�ine replay can induce early performance degradation.

door-binary, where the initial success rate after o�ine pretraining is already low, making

the drop less pronounced. This indicates that o�ine replay serves as an important

stabilizing mechanism during the early online phase.

Together, these results identify two distinct factors that shape o�ine-to-online

adaptation: o�ine replay stabilizes the early online phase, while strong conservative

regularization can restrict asymptotic improvement. When o�ine replay is unavailable,

we therefore need an adaptation mechanism that prevents early catastrophic failure

without maintaining overly conservative regularization throughout online �ne-tuning.

3.2 Can Existing Stabilization Strategies Prevent Catastrophic Failure?

Section 3.1 shows that o�ine-to-online �ne-tuning can become unstable without

o�ine replay. We therefore test whether existing stabilization strategies can mitigate

catastrophic failure in this setting.

We �rst show that standard stabilization strategies fail to consistently resolve early

collapse across tasks. We consider the update-to-data (UTD) ratio, which increases

the number of critic updates per online interaction and has been suggested to alleviate

catastrophic failure [7]. As shown in the top row of Figure 3.2, varying the UTD ratio

does not consistently reduce early collapse across tasks. We next evaluate a warmup

phase, where the agent collects online trajectories with the o�ine-pretrained policy

{ 6 {



Figure 3.2: Common stabilization strategies do not prevent catastrophic failure.
E�ects of varying standard online �ne-tuning choices across four tasks. Top: UTD ratio;
Bottom: warmup length. Increasing UTD, or extending warmup does not reliably prevent
early performance collapse.

before parameter updates, following Zhou et al.[6]. As shown in the bottom row of

Figure 3.2, varying the warmup length also fails to reliably prevent catastrophic failure.

We further evaluate batch size, actor learning rate, critic learning rate, critic hidden

dimension, actor hidden dimension, LayerNorm in the critic, LayerNorm in the actor, and

the duration of the o�ine pretraining phase. Figure 3.3 shows that none of these choices

consistently reduces catastrophic failure across the four tasks, reinforcing our conclusion

that such collapses are not reliably resolved by existing stabilization strategies.

Figure 3.3: Hyperparameter and architectural tweaks do not consistently
mitigate catastrophic failure. From top to bottom, the plots correspond to: batch
size, actor learning rate, critic learning rate, critic hidden dimension, actor hidden
dimension, LayerNorm in the critic, LayerNorm in the actor, and the duration of the
o�ine pretraining phase. Across all settings and tasks, none of these factors consistently
mitigates catastrophic failure.
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Figure 3.3: Hyperparameter and architectural tweaks do not consistently
mitigate catastrophic failure. (continued)

3.3 Can Critic-Side Stabilization Prevent Catastrophic Failure?

We next test whether online calibration of the conservatively pretrained Q-function

can stabilize �ne-tuning. Cal-QL provides a natural testbed for this question, as it

modi�es the CQL conservative penalty to calibrate the Q-function using an online

evidence-based reference value [5]. The coe�cient � Cal-QL controls the strength of this

calibrated conservative regularization. As shown in Figure 3.4, tuning� Cal-QL can reduce

early collapse in antmaze-large-diverse and antmaze-large-play, but the e�ect is not

consistent across tasks or hyperparameter values. Moreover, Appendix F shows that

ANCHOR achieves lower catastrophic failure than Cal-QL on average, suggesting that

there remains room for improvement.

The limited e�ectiveness of Cal-QL raises the question of whether critic-side stabi-

lization alone is su�cient. Motivated by the hypothesis of Zhou et al.[6] that rapid

critic shift contributes to early collapse, we test this question by explicitly penalizing
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Figure 3.4: Cal-QL does not consistently prevent catastrophic failure. Tuning
� Cal-QL does not reliably prevent early performance collapse.

Figure 3.5: Critic-shift regularization does not prevent catastrophic failure.
E�ects of varying the critic-shift penalty strength � KL across four tasks. Top: critic distri-
bution shift during online �ne-tuning, measured byDKL

�
softmax(Qo� ) k softmax(Q� )

�
.

Bottom: corresponding success rates. Increasing� KL slows the critic shift, but does not
reliably prevent early performance collapse.

deviation from the o�ine-pretrained critic:

min
�

L TD (�) + � KL E(s;a)�B

�
DKL

�
softmax

�
Qo�ine (s; �)

�
k softmax

�
Qonline (s; �)

���
;

where B is the online replay bu�er, DKL denotes the KL divergence,Qo�ine is the

o�ine-pretrained critic, and Qonline is the critic being updated during online �ne-tuning.

The coe�cient � KL > 0 controls the strength of this critic-shift penalty. As shown in

Figure 3.5, increasing� KL slows critic distribution shift, yet the corresponding success

curves show that catastrophic failure persists.

In response to the limited e�ect of critic-side stabilization, we further examine

whether Q-driven diagnostics can explain or predict early collapse. We evaluate four

tasks: antmaze-large-diverse, kitchen-partial, kitchen-mixed, and pen-binary. Since

catastrophic failure typically occurs early in online �ne-tuning, we report all metrics

over the �rst 30K online steps. Due to computational constraints, this analysis is run

{ 9 {



with three random seeds.

For a minibatch of statess, let at � � t (�js) denote an action sampled from the

current online policy and letao� � � o� (�js) denote an action sampled from the o�ine-

pretrained policy. Let Qt denote the critic at online stept, and let Q�nal denote the

critic checkpoint after 400K online steps for the same random seed. We de�ne

� t (s) = Q t (s; at ) � Q t (s; ao� ); � �nal (s) = Q �nal (s; at ) � Q �nal (s; ao� ):

Intuitively, � t measures the current critic's relative preference between the online-policy

action and the o�ine-policy action, while � �nal provides a post-hoc reference after

online �ne-tuning has stabilized.

Spurious Q-optimism ratio and mismatch magnitude. We �rst examine two

preference-based Q diagnostics. LetBt denote the minibatch of states sampled from the

online replay bu�er at step t, and let sgn(�) denote the sign function. The �rst metric is

the spurious Q-optimism ratio:

SQOR(t) =
1

jBt j

X

s2B t

1 [� t (s) > 0 ^ � �nal (s) < 0] :

SQOR measures the fraction of batch states where the current critic favors the current-

policy action, while the �nal critic favors the o�ine-policy action. The second metric

measures the magnitude of preference mismatch. De�ne the set of mismatched states

within the current online batch as

M t = fs 2 B t : sgn(� t (s)) 6= sgn(� �nal (s))g :

We de�ne the spurious Q-optimism gap as

SQOG(t) =
1

jM t j

X

s2M t

j� t (s) � � �nal (s)j ;

with the value set to zero when Mt is empty.
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Figure 3.6: SQOR and SQOG do not reliably predict catastrophic failure.
We compare success rate, the spurious Q-optimism ratio (SQOR), and the spurious
Q-optimism gap (SQOG) across four tasks. Both metrics show task-dependent and
inconsistent alignment with early performance collapse. The vertical dashed line marks
the timestep at which the largest performance drop occurs.

As shown in Figure 3.6, neither SQOR nor SQOG consistently tracks catastrophic

failure across tasks and stress settings. In some cases, the metrics increase without a

corresponding collapse; in others, early performance drops are not preceded by a clear

rise in either metric. This suggests that these preference-based Q diagnostics alone do

not provide a reliable explanation for catastrophic failure.

Q-update volatility. We also examine whether abrupt critic updates explain early

collapse. We de�ne volatility as the square root of the bias-corrected exponential moving

average of squared one-step Q-updates [14]:

Volatility t =
r

mt

1 � � t
; mt = �m t�1 + (1 � �)E (s;a)�B t

�
(�Q t (s; a))2�

;

where � Qt (s; a) = Qt+1 (s; a) �Q t (s; a) and � = 0:9. This metric measures the aggregate

magnitude of critic changes over minibatch state-action pairs.

Figure 3.7 shows that Q-update volatility also fails to consistently align with catas-

trophic failure. High volatility does not always lead to collapse, and severe collapse can
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