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Abstract

In offline-to-online reinforcement learning (O20-RL), policies are first safely trained offline using
previously collected datasets and then further fine-tuned for tasks via limited online interactions. In
a typical O20-RL pipeline, candidate policies trained with offline RL are evaluated via either off-
policy evaluation (OPE) or online evaluation (OE). The policy with the highest estimated value is
then deployed and continually fine-tuned. However, this setup has two main issues. First, OPE can
be unreliable, making it risky to deploy a policy based solely on those estimates, whereas OE may
identify a viable policy with substantial online interaction, which could have been used for fine-
tuning. Second—and more importantly—it is also often not possible to determine a priori whether
a pretrained policy will improve with post-deployment fine-tuning, especially in non-stationary
environments. As a result, procedures committing to a single deployed policy are impractical in
many real-world settings. Moreover, a naive remedy that exhaustively fine-tunes all candidates
would violate interaction budget constraints and is likewise infeasible. In this paper, we propose
a novel adaptive approach for policy selection and fine-tuning under online interaction budgets in
020-RL. Following the standard pipeline, we first train a set of candidate policies with different
offline RL algorithms and hyperparameters; we then perform OPE to obtain initial performance
estimates. We next adaptively select and fine-tune the policies based on their predicted performance
via an upper-confidence-bound approach thereby making efficient use of online interactions. We
demonstrate that our approach improves upon O20-RL baselines with various benchmarks.

Keywords: Offline-to-Online Reinforcement Learning, Adaptive Policy Selection & Fine-Tuning

1. Introduction

Dynamic physical systems that employ reinforcement learning (RL) are becoming central to com-
plex missions across civilian, industrial, and defense domains. Examples include autonomous vehi-
cles (Feng et al., 2023; Tian et al., 2024) and robotic platforms (Singh et al., 2022; Campanaro et al.,
2024; Chang et al., 2025), which increasingly operate in dynamic, nonstationary environments. By
deriving decisions and control directly from onboard sensing and perception, these systems can
substantially reduce operator workload and, in turn, lower the incidence of human error (Zhang
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et al., 2022). Deep RL (Tang et al., 2025) has been widely adopted to synthesize control poli-
cies for high-dimensional, nonlinear physical systems where manual controller design is infeasible.
Despite the flexibility and power of this framework, standard RL methods typically require exten-
sive direct interaction with the physical environment for exploration (Ladosz et al., 2022) and are
therefore impractical for training policies from scratch when such interactions are costly, risky, or
time-consuming (Dulac-Arnold et al., 2021).

Offline RL (Levine et al., 2020; Prudencio et al., 2023) has emerged as an alternative to online
RL, enabling the training of policies from large, existing datasets. These datasets are usually col-
lected under safe, controlled conditions (Zhou et al., 2023); often, though not exclusively, by human
operators. A central challenge in offline RL is that the performance of a pretrained policy becomes
unpredictable as its behavior diverges from that of the policy that collected the dataset (Kostrikov
et al., 2021). Due to this distributional shift, a policy pretrained via offline RL can perform arbitrar-
ily poorly in the real environment (Qin et al., 2022). To partially mitigate this issue, offline policy
selection, usually via off-policy evaluation (OPE) (Paine et al., 2020; Uehara et al., 2025), is used
to identify high-performing policies among candidates pretrained under different hyperparameters.
However, OPE estimates are mostly not reliable enough to determine which policy to deploy, pri-
marily since they are also vulnerable to distributional shift (Brandfonbrener et al., 2021), a difficulty
further exacerbated by nonstationary real-world environments that demand online adaptation (Julian
etal., 2021).

The necessity of online evaluation and fine-tuning of policies pretrained via offline RL has mo-
tivated the offline-to-online RL (O20-RL) paradigm, which treats the entire pipeline as a single
joint problem. By combining offline pretraining with a small amount of online interaction, O20-
RL can efficiently yield high-performing policies, enabling broader deployment of RL in physical
domains. As a result, O20-RL has attracted substantial attention and has led to the development
of numerous methods. Most O20-RL approaches (e.g., Nair et al., 2020; Lee et al., 2022; Ball
et al., 2023) focus on improving the offline stage to produce pretrained policies that adapt more
effectively to real environments via fine-tuning. While these methods improve performance overall,
they do not address the fundamental sensitivity of policy performance to hyperparameters and envi-
ronments. Recently, several methods have examined policy selection in O20-RL (e.g., Konyushova
et al., 2021; Kurenkov and Kolesnikov, 2022), aiming to identify the best candidate by evaluating
pretrained policies under a limited budget of online interactions. Yet, these methods do not incor-
porate fine-tuning into policy selection and overlook the trade-offs that fine-tuning imposes on the
same interaction budget.

In this work, we address the problem of obtaining high-performing, deployable policies in the
context of O20-RL from a broader and more practical perspective. Prior work and our experi-
ments show that pretrained policies can perform arbitrarily poorly in real environments, and that
fine-tuning may require substantial interaction to improve performance and can even cause regres-
sions, with outcomes varying across algorithms, hyperparameters, and environments. To manage
this volatility in performance under interaction budgets, we propose, to our knowledge, the first
approach (Figure 1) that jointly combines adaptive policy selection with fine-tuning. In the offline
stage of the approach, we first train a diverse set of candidate policies with offline RL, spanning
a representative range of algorithms and hyperparameters, and then use OPE to obtain initial per-
formance estimates, similar to Konyushova et al. (2021). In the novel online stage, we actively
select and fine-tune candidate policies using an upper-confidence-bound (UCB) criterion on their
predicted future performance until the interaction budget is exhausted. After each online episode,
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Figure 1: Proposed O20-RL Framework. (a) The datasets are typically collected in controlled,
task-agnostic settings. (b) Offline RL trains a diverse set of candidate policies across
algorithms and hyperparameters. (c) A linear model predicts the future performance of
each policy with a UCB. (d) The policy with the highest UCB is selected and fine-tuned;
its predicted performance and UCB are updated during fine-tuning; whenever its UCB
falls below that of another candidate, the selected policy is replaced by that candidate.

we evaluate the performance of the policy, then update the prediction and the confidence bound for
the selected policy via a linear autoregressive model. We adaptively switch policies when the bound
for the selected policy falls below that of another candidate policy. We evaluate our approach on
multiple benchmarks and show consistent improvements over O20-RL baselines.

2. Related Work

2.1. Offline Reinforcement Learning

Basic Approaches. A naive approach to offline RL is to train policies via standard online, off-
policy algorithms such as deep deterministic policy gradient (DDPG, Lillicrap et al., 2016), twin
delayed DDPG (TD3, Fujimoto et al., 2018), and soft actor-critic (SAC, Haarnoja et al., 2018) on
batches drawn from previously collected datasets. However, such policies can fail catastrophically,
as they may lead to states outside the dataset due to substantially inaccurate value estimates arising
from distributional shift. In contrast, behavior cloning (BC; e.g., Torabi et al., 2018; Florence et al.,
2022), which aims to imitate the dataset behavior and thereby largely prevent distributional shift,
often cannot surpass the performance of the behavior policy, which is undesirable for non-expert
datasets.

Offline RL for Distributional Shift. The central objective in offline RL is to improve upon the
behavior policy of the dataset while avoiding catastrophic failures caused by distributional shift.
Most offline RL methods therefore balance this trade-off by permitting off-policy updates with ad-
ditional regularization or constraints. Some approaches, such as batch-constrained deep Q-learning
(BCQ, Fujimoto et al., 2019), bootstrapping error accumulation reduction (BEAR, Kumar et al.,
2019), and policy in the latent action space (PLAS, Zhou et al., 2021), focus on constraining actions
to prevent policies from taking actions outside the dataset. Other approaches, such as conservative
Q-learning (CQL, Kumar et al., 2020) and TD3+BC (Fujimoto and Gu, 2021), incorporate, respec-
tively, Q-value and BC regularization terms into the policy updates. We refer readers to Levine et al.
(2020) and Prudencio et al. (2023) for comprehensive reviews of offline RL approaches.



BOZKURT XU ZHANG PAJIC MOTAI

2.2. Offline-to-Online Reinforcement Learning

Offline RL for Fine-Tuning. The fundamental limitation that the performance of offline RL meth-
ods is upper-bounded by dataset quality necessitates fine-tuning pretrained policies via online in-
teractions. This insight has motivated methods that treat the entire offline-to-online framework as a
unified problem, where the main objective is to improve the final performance of policies after fine-
tuning. Advantage weighted actor critic (AWAC, Nair et al., 2020) improves the efficiency of fine-
tuning with off-policy data via dynamic programming. Implicit Q-learning (IQL, Kostrikov et al.,
2021) utilizes a policy-extraction step during training that aids fine-tuning. Calibrated Q-learning
(CalQL, Nakamoto et al., 2023), building on CQL, learns conservative Q-values better suited for
fine-tuning. Revisited behavior regularized actor-critic (ReBRAC, Tarasov et al., 2023) extends
TD3+BC with simple hyperparameter choices that benefit both offline training and fine-tuning. Hy-
brid RL (Hy-Q, Song et al., 2023) augments offline and online data and applies a fitted Q-iteration
procedure. In this work, we do not attempt to improve any specific offline RL algorithm. Instead,
we treat the choice of algorithm as a high-level hyperparameter when training candidate policies
and fine-tuning, since no single offline RL method is uniformly best in all environments.

Online Policy Selection. A recent line of work, Konyushova et al. (2021) and Kurenkov and
Kolesnikov (2022), studied the policy selection problem in O20-RL. In a setting similar to ours,
these studies use a limited online-interaction budget to identify the best-performing pretrained poli-
cies, rather than relying on OPE estimates as in prior offline RL approaches (Paine et al., 2020;
Uehara et al., 2025). Since evaluating all candidates online would quickly exhaust the budget, they
propose active selection strategies to decide which policies to evaluate, thereby allocating the bud-
get efficiently. In contrast, our focus is to allocate online interactions to identify the policies that
will perform best after fine-tuning under the given budget.

3. Adaptive Policy Selection and Fine-Tuning
3.1. Problem Formulation

Following the standard RL framework, we model the interaction with an environment to perform
tasks as Markov decision processes (MDPs). Formally, an MDP M is a tuple (S, A, P, po, R,7)
where S is the state set, A is the action set, P and pg are the transition and the initial-state dis-
tributions, R is the reward function, and -y is the discount factor. The ultimate objective in RL
is to obtain a policy 7 : S — A maximizing the expected cumulative discounted reward; i.e.,
m* == argmax_[E [Z;’i 0 fytrt] . In offline RL, this objective must be achieved using a dataset D of
transitions {(s;, a;, r, s;)}f\il collected by a typically unknown behavior policy 7, in M without
further interaction with the environment.

In this work, we extend the offline RL setting by allowing a limited budget N of online interac-
tions in addition to the dataset D; i.e., a set of at most N new transitions may be collected from the
environment. Unlike Konyushova et al. (2021) and Kurenkov and Kolesnikov (2022), in our O20-
RL setting these online interactions can be used not only for evaluation but also for fine-tuning,
introducing a novel trade-off. Given an MDP M, a dataset D collected from M, and an interaction
budget N, our aim is to yield the highest performing policy achievable, in the sense of minimizing
regret. We formally define our specific problem as follows:
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Problem 1 Consider a set of K candidate policies trained offline on a dataset using different

hyperparameter settings, and let T; denote the policy that is obtained from the ith pretrained pol-

icy after j fine-tuning iterations, and let v§ =E_ [Zfi 0 'ytrt] denote its corresponding value.
J .

For a given interaction budget N, the optimal selection is then a policy mj. such that 5t =

argmax v’. Our objective is to devise a procedure that fine-tunes each pretrained policy 71'6 for
1<i<K,0<j<N
Ji iterations and estimates the values {0y, . . ., 9% } under the constraint Zlil Ji < N such that the
Ji 1=
value of the selected policy b = max max 0; minimizes regret = vi. — 0.
1<i<K 0<j<j;

<

3.2. Main Approach

Our overall procedure is shown in Algorithm 1. We now explain our approach in detail below.

Offline Initialization. We follow the standard O20 pipeline. First, we train a diverse pool of
K candidate policies {75, ... ,77{)( } with offline RL on the given dataset D by sweeping across
multiple algorithmic families and hyperparameter ranges to cover the design space suitable for the
environment M. We then perform OPE using off-the-shelf methods to estimate the value 6 pg Of
each pretrained policy 7r6 using off-the-shelf OPE methods. As we show in our experiments, these
OPE estimates could be substantially inaccurate but are often correlated with the actual values.
Thus, we use these estimates to rank the policies for initial policy selection and do not directly
incorporate them into our fine-tuning value estimation. Instead, we initialize the estimates 9 with
the value estimate ¥ of the behavior policy 75 calculated using the transitions in D.

Fine-Tuning Value Evolution Model. As we demonstrate in Figure 2, the values of policies dur-
ing fine-tuning do not always monotonically increase; they may stall or regress, exhibit sudden
drops or jumps, and pass through both high- and low-variance regimes. We model this nonstation-
arity in value during fine-tuning with an autoregressive (AR) process combined with a condition-
ally heteroscedastic (ARCH) (Engle, 1982) process. In particular, we adopt a linear AR(2) model
with two lags and the standard ARCH(1) model with only one lag to capture the short-term up-
ward/downward trends and time-varying variance, respectively. While we favor this minimalist de-
sign to highlight the key aspects, other richer models such as AR with (integrated) moving-average
(ARMA, ARIMA, Box et al., 2015), or generalized ARCH (GARCH, Bollerslev, 1986) models
with higher lags can also be employed, depending on the application. Formally, we consider the
following model:

pe = Bo + 10}y + Badi_y (D
0 = e + € @)
€ = Ot 3)
O'tZ =aqp + 0416,52_1 “

where 7 YN (0,1) are identically and independently distributed standard normal residuals. Here,
B0, B1, B2, and g, o1 are mean and variance parameters to be estimated from observed values. The
standard methods such as ordinary least squares (OLS) or quasi-maximum likelihood (QML) can
be used to estimate these variables using off-the-shelf tools. To mitigate the initial identification
problem due to the lack of early observations, we start with ¢ pseudo-observations (9%, . ..,d}),
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Algorithm 1: Adaptive Policy Selection and Fine-Tuning
Input :an MDP M, a dataset D, an interaction budget N
Output: a policy 7*

# Offline Stage

Estimate behavior policy value v using D

Train K candidate policies {7} X on D with diverse offline RL algorithms/hyperparameters
Estimate the initial policy values {0{pg } /5 ; via OPE

Argsort the policies based on {0¢pg } X ; to obtain OPE ranks {r} X,

Initialize value list v*«(0" ,, ..., ?{) with pseudo-observations 0 g for each 7,

heap <« PriorityQueue({ (7}, 05, TZ)}zK:I) # prioritizes values over OPE ranks
II {} # policy storage

N A A W N -

# Online Stage
8 for j =1to N do

# Fine-Tuning & Evaluation
9 ¢ < heap.pop()

10 T, < finetune(M, ;)
1 j 41 < evaluate(M, )
12 IL.append((944.1, ™ 41))

13 v*.append (9} ;)

# Value Forecast .
14 Fit an AR(2)-ARCH(1) model m to v*

15 T {t+2,...,t+14+N—j} # forecast iteration numbers
16 Simulate values {(ﬁt(f ))t'ef}f‘zl using the fitted m
17 Compute the UCB (the 95th percentile) value v}, from {ﬁt(,s )}f'zl forallt’ € T
18 U, < maxuy,
ter ] )
19 heap.push((7},,,7,,0)) # zero implies higher priority than OPE orders
20 end

21 ﬂ*é—IDaX{rH'# max based on value estimates
22 return 7*

each set to 0, with ¢ chosen according to model complexity. We refer readers to Box et al. (2015)
and Francq and Zakoian (2019) for methodological estimation details.

Fine-Tuning Value Forecast. After each fine-tuning iteration, we re-estimate the parameters of
AR(2)-ARCH(1) accounting for the new observed value estimate and then use these estimated pa-
rameters to forecast the future values. Although the mean and the variance in (1) and (4) admit
closed-form multi-step forecasts, we rely on simulation to keep our framework more compatible
with general models. Concretely, for a fine-tuned policy 7 and a remaining budget n, we simulate
R sequences of values {(67&?17 o ,17£i)n) R | with residuals drawn from a standard normal distri-
bution. For each future fine-tuning iteration t' € {¢t+1,...,t+n}, we compute the 95th percentile
of {5(1) ~(R)

iy U }, and use these percentiles as UCBs, denoted @g,, on the forecasted values. We

then calculate the maximum UCB (max-UCB), v = ,_ max, oi,, and push the policy 7} with
/= + yerey +n

its max-UCB ©’ to a max-priority queue data structure.



ADAPTIVE POLICY SELECTION AND FINE-TUNING UNDER INTERACTION BUDGETS

Seed 1 Seed 2 —e— AWAC-bs1.0-Ir1.0
—=— AWAC-bs1.0-1r0.5
7001 —— AWAC-bs0.5-Ir1.0
—— AWAC-bs0.5-1r0.5
6001 IQL-bs1.0-Ir1.0
£ 5001 IQL-bs1.0-Ir0.5
E IQL-bs0.5-r1.0
&£ 400 IQL-bs0.5-1r0.5
o —s— CalQL-bs1.0-Ir1.0
® 3001 Y i\ —=— CalQL-bs1.0-r0.5
S T —— CalQL-bs0.5-1r1.0
2009 . —+— CalQL-bs0.5-1r0.5
WAL ) | y \ —s— ReBRAC-bs1.0-Ir1.0
100 "J’A" X ‘V":"‘i"é —=— ReBRAC-bs1.0-r0.5
0 NAVAR = M 3ZE= —+— ReBRAC-bS0.5-Ir1.0
20 40 60 80 100 120 20 40 60 80 100 120 —* ReBRACDs0.5r0.5
Finetuning Steps (K=1000) Finetuning Steps (K=1000)

Figure 2: Evolution of the mean return values of pretrained policies during fine-tuning on WALKER-
RANDOM for two random seeds. Policies are pretrained offline for 200 K steps using
default and half-default batch sizes (bs) and learning rates (Ir). Values are obtained by
averaging returns over 100 rollouts. The value curves are highly irregular: they may
improve (e.g., CalQL), regress after initial improvement (e.g., AWAC), or exhibit high
variance. Even with the same algorithms and hyperparameters, changing the seed can
significantly alter the outcome of offline training and the progression of the value curves,
which necessitates an adaptive policy selection approach.

Policy Selection for Fine-Tuning. The online stage proceeds as an iterative fine-tuning loop. At
each iteration, we pop from a priority queue the policy 7 with the largest max-UCB, fine-tune it
to obtain 7} 1, evaluate e 1 Via online interaction, and store o 1 With its estimated value o 4110
the policy set II. We then forecast the values, compute the updated max-UCB v+, and push 7y,
back into the queue with ¥**. Once the interaction budget is exhausted, we return the policy with
the largest estimated value from the policy set II. To incorporate OPE estimates into selection, we
rank the OPE scores and initialize the queue by pushing them alongside U5, with the queue ordering
prioritizing max-UCBs over OPE ranks. This allows OPE to guide early choices, since all policies
initially share the pseudo max-UCB v . Fine-tuned policies are pushed with the highest OPE rank to
maintain consistency and to prioritize them over policies that have not yet been fine-tuned whenever
their max-UCB is greater than or equal 0.

4. Experiments

4.1. Implementation Details

We evaluate our approach on four standard legged-robot locomotion tasks from the D4RL offline
RL benchmark (Fu et al., 2020), implemented in PYBULLET (Coumans and Bai, 2021): HOPPER,
(HALF)CHEETAH, WALKER(2D), and ANT, where each non-terminated trajectory contains 1,000
transitions. For each environment, we use four datasets (16 in total), covering increasing levels of
expertise, namely, RANDOM, MEDIUM, MEDIUM-REPLAY, and MEDIUM-EXPERT, each containing
1,000 K (K=1,000) transitions. See (Farama, 2021) for details on how these datasets are generated.



BOZKURT XU ZHANG PAJIC MOTAI

We employ four representative training algorithms designed for offline pretraining followed
by online fine-tuning: AWAC (Nair et al., 2020), IQL (Kostrikov et al., 2021), CalQL (Nakamoto
etal., 2023), and ReBRAC (Tarasov et al., 2023). We adopt the implementations of these algorithms
provided by the offline RL library d3rlpy (Seno and Imai, 2022). For each algorithm, we consider
four hyperparameter settings from the cartesian product of two batch sizes (default and half-default)
and two learning rates (default and half-default). We pretrain a candidate policy for each setting
for 200 K iterations on datasets, with all remaining hyperparameters fixed to the d3rlpy defaults,
yielding 16 pretrained candidate policies in total. We then utilize the Fitted Q-Evaluation (FQE,
Le et al., 2019) implementation from d3rlpy to obtain OPE estimates of these pretrained policies,
alongside the estimates produced by their respective critic networks. We fine-tune the pretrained
policies with online interactions with the environments using the same hyperparameters used to
pretrain them. We use the Python library ARCH (Sheppard, 2021) to estimate the AR(2)-ARCH(1)
model parameters and forecast the future values of policies.

4.2. Main Results

We compare our adaptive policy selection and fine-tuning approach with several standard O20-RL
baselines. OPE: The pretrained policy with the highest OPE estimate is selected without fine-tuning.
Best: The pretrained policy with the highest true value is selected without fine-tuning (hypothet-
ical upper bound for reference). OE (Online Evaluation): All pretrained policies are evaluated
online by sharing the interaction budget equally across them; the policy with the highest estimated
value is then selected without fine-tuning. FT: The policy selected by OPE is fine-tuned using the
entire interaction budget. Ours: See Algorithm 1. The value lists are initialized with t=>5 pseudo-
observations. In each fine-tuning iteration, 10 K online transitions are used for fine-tuning and
another 10 K for evaluation, for a total cost of 20 K transitions per iteration. The values are forecast
and the UCBs are computed with R = 100 simulations.

Our main results for online interaction budgets of 160 K and 320 K are presented in Tables 1
and 2, respectively. We compare O20-RL approaches by evaluating the policies they select, using
the mean return over 100 rollouts. For each environment, we rescale the mean returns using min-
max normalization, with the minimum set to the value estimate of a random policy on the dataset,
and the maximum set to the value of the highest-performing policy (v;'-i; see Problem 1) that would
be obtained if future fine-tuning values were known a priori. The experiments are repeated with
four seeds and scores are reported as mean values with associated standard deviations, expressed as
percentages.

Across all environments and datasets, the OPE scores are typically lower and thus entail higher
opportunity loss (regret) relative to the maximum achievable score (i.e., 100%) with fine-tuning,
which underscores the importance of leveraging the online interaction budget. The OE scores are
higher mainly because the budget is large enough to obtain reliable and unbiased value estimates
for each pretrained policy through online evaluation. However, OE could struggle when the num-
ber of candidate policies is large and the budget is insufficient; in such cases, adaptive evaluation
approaches (e.g., Konyushova et al. (2021)) can be employed. Nevertheless, the maximum scores
attainable by any policy selection approach without fine-tuning—online or offline—is upper-bounded
by the values of the best pretrained policies, shown in the Best column. By contrast, as F'T scores
indicate, straightforward fine-tuning does not substantially improve upon offline algorithms, since
some policies may stagnate or regress during fine-tuning, dragging down the average score.
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Table 1: Results for O20-RL baselines and our approach under a 160 K online interaction budget.

. Offline Online
Environment
OPE | Best OE \ FT |  Ours

» RANDOM 0.6 0.6 38+1.1 3.8+1.1 57.6 £8.7 621 +20.9
& MEDIUM-REPLAY | 27.0£40 726=£13.0 | 721+13.6 352+49 83.6£8.7
5 MEDIUM 304+49 86.0£29 | 859+29 295+96 84.7+£56
= MEDIUM-EXPERT | 122449 740+364 |73.9+366 33.6+3.1 7724263
Average 17.6 236 59.14+13.3| 589+135 390+6.6 769154
oo RANDOM 558+27 9194+5.1 91.8+52 765+£59 91.7+13
E MEDIUM-REPLAY | 684 +73 847476 847+7.6 754+£53 958+25
K MEDIUM 469+66 900+59 | 89.8+6.0 569+63 92.0+2.6
O MEDIUM-EXPERT | 403 £32 987409 | 97.8+16 51.0+69 974408
Average 529+49 91.3+49 | 91.0+51 650+6.1 942+18
o RANDOM 136 26 451+45 | 4124103 304+46 471+17.2
£ MEDIUM-REPLAY | 34.14+81 95843.1 | 953+38 287+68 963 +2.0
2 MEDIUM 249+23 929+29 | 91.9+3.7 203+2.1 89.9 +2.8
%  MEDIUM-EXPERT | 22.7 + 39 100.0£0.0 | 100.0 0.0 6.1 =2.1 97.5+23
Average 23.8+42 834+26 | 82.1+44 214+39 82.7+6.1
RANDOM 90+6.8 82.1+104|814+10.8 55+£9.0 83.4 + 6.7
& MEDIUM-REPLAY | 29.1 289 774 +13.1 | 774£13.1 376+24.1 81.8+11.2
< MEDIUM 33.6+53 69.7+34 | 697+34 228+15 823+34
MEDIUM-EXPERT | 47.8 £9.9 99.1+1.5 98.7 - 1.4 1944+19 96.6 2.7
Average 299+77 821471 81.8+72 21.3+91 86.0+6.0

Overall Average | 31.0+51 79.0+7.0 | 785+76 367+64 85.0+7.3

Our approach combines online evaluation and fine-tuning through an adaptive mechanism, ef-
fectively taking the best of both worlds. For example, datasets without good transitions such
as HOPPER-RANDOM can yield weak pretrained policies resulting in very low scores, whereas
fine-tuning can severely deteriorate high-performing pretrained policies as in WALKER-MEDIUM-
EXPERT. Our method monitors whether selected policies are improving with fine-tuning and allo-
cates budget accordingly. If a selected policy is improving, the budget is used for further fine-tuning,
avoiding the mistake of spending the entire budget on evaluation, as OE does for HOPPER-RANDOM.
If a selected policy is not improving, other candidate policies are selected, resulting in the evalua-
tion of more policies. In this way, the budget is devoted to identifying a high-performing pretrained
policy rather than to degrading performance with unnecessary fine-tuning. As a result, by avoiding
these pitfalls, our approach achieves the best average scores for each environment and overall.

Finally, increasing the online interaction budget (e.g., from 160 K to 320 K; see Table 2) pre-
dictably increases the regret of purely offline approaches, since additional fine-tuning raises the
achievable maximum score. However, the differences in scores after doubling the budget are mod-
est, suggesting that offline RL with small interaction budgets is often sufficient to obtain high-
performing policies, provided the budget is allocated adaptively and effectively as in our approach.

5. Conclusion

We propose, to our knowledge, the first adaptive O20-RL framework that jointly performs policy
selection and fine-tuning under an online interaction budget. We begin by training a diverse set of
candidate policies with offline RL across algorithms and hyperparameters, then use OPE to obtain



BOZKURT XU ZHANG PAJIC MOTAI

Table 2: Results for O20-RL baselines and our approach under a 320 K online interaction budget.

. Offline Online
Environment
OPE [ Best OE \ FT | ours

o RANDOM 0.54+0.5 2.8+ 1.5 284+ 15 61.5+99 63.3+13.2
& MEDIUM-REPLAY | 248 +3.0 66.6+10.0 | 66.1+103 614+60 80.3+5.6
S MEDIUM 288+ 62 808+76 | 808+76 44.6+23 843+ 8.4
T MEDIUM-EXPERT | 11.64+4.6 7074351 | 70.5+353 527425 754+225
Average 164 +£36 552135 | 550£13.7 550+52 758+124
oo RANDOM 46085 751496 | 751 +£96 764+94 77.1+10.8
E MEDIUM-REPLAY | 64.1 £9.6 793 +10.1 | 793 £10.1 758+£7.8 90.7 6.8
= MEDIUM 46.7 6.7 89.7+5.5 806+56 728+50 91.8+23
O  MEDIUM-EXPERT | 39.7 +34 97.1 +£3.7 971 +3.7 604+49 955+35
Average 49.1 71 853+72 85.3+72 714+68 88.8+58
o RANDOM 104 +£05 351+338 351+3.8 504+27 407+46
£ MEDIUM-REPLAY | 33.8 483 949439 | 949+39 5644+22 92.1+6.8
= MEDIUM 244 +25 909+£39 | 90.0+49 314+£21 89.6+28
= MEDIUM-EXPERT | 22.7 =39 100.0£0.0 | 100.0 = 0.0 28.0+3.5 96.7+3.2
Average 228+38 8024+29 | 80.0+32 415+26 79.7+4.3
RANDOM 87+£65 80.1%£99 |794+103 469+39 85.1+4.6
= MEDIUM-REPLAY | 26.6 6.1 7334172 | 733+172 547+56 789 +114
< MEDIUM 330+48 68.7+£20 | 687+20 48.6+7.1 825+21
MEDIUM-EXPERT | 47.8 9.9 99.1 +£1.5 991 +£15 582+99 972+£29
Average 29.1+68 803+77 | 80.1+77 521+66 859+5.2

Overall Average | 294+53 753£78 | 751+£79 550+53 82.6+7.0

initial rankings. Acknowledging that pretrained policies can perform arbitrarily poorly and that
fine-tuning may stall or regress, depending on the algorithm, hyperparameters, environment, or even
random seeds, we allocate scarce online interactions adaptively via a UCB criterion on predicted
future values. After each fine-tuning iteration, we evaluate the selected policy, update a linear
autoregressive model to refine the value predictions and confidence bounds, and switch when the
UCB of another policy exceeds the current one, thereby using the budget efficiently. Across multiple
benchmarks, our adaptive selection and fine-tuning procedure consistently improves over O20-RL
baselines.

Although it outperforms strong baselines, our approach leaves ample room for improvement.
One limitation is that, after each fine-tuning iteration, it requires a considerable amount of online
interaction to evaluate the fine-tuned policy. A future direction could be to leverage exploration
rollouts to monitor progress during fine-tuning with little or no explicit online evaluation. Another
direction is to incorporate policy similarities, as suggested by Konyushova et al. (2021) to improve
efficiency. An orthogonal direction is to develop OPE methods tailored to O20-RL that focus more
on ranking and on the fine-tuning potential of pretrained policies. A further direction is to extend the
problem setting to align with the concept of deployment complexity (Huang et al., 2022; Su et al.,
2022). Lastly, beyond benchmark evaluation, ablation studies, theoretical analysis, and connections
to other paradigms such as Hybrid RL (Song et al., 2023) could provide further understanding
and guide future improvement. We believe our framework will contribute to offline RL research
by taking one more step toward practical, deployable recipes for real-world systems where online
interactions are costly or risky.
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