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Abstract

Offline policy learning aims to optimize decision-making policies using historical
data and plays a central role in many real-world applications, such as personal-
ized advertising, medical treatment recommendation, and pricing decisions. A
major challenge in this setting is the potential mismatch between the training
environment—where the data were collected—and the test environment—where
the learned policy is evaluated. This challenge has motivated extensive research on
distributionally robust methods, which aim to maintain performance under worst-
case distribution shifts. However, such approaches can be overly conservative
when the environment changes in more structured ways. In this paper, we focus
on the offline learning setting where the only difference between the training and
test environments lies in the distribution of the context variables. Adopting the
concept of transfer exponents from the transfer learning literature to model such
covariate shift, we establish minimax-optimal sample complexity bounds for offline
decision-making with general nonparametric reward functions. We further show
that a pessimism-based algorithm attains these optimal rates.

1 Introduction

In many real-world applications, rich historical data are readily available, whereas online
experimentation—such as randomized trials or active data collection—can be costly or imprac-
tical. Examples include personalized healthcare, digital advertising, and dynamic pricing. In such
contexts, offline policy learning—the problem of learning effective decision-making policies from
logged data without further environment interaction—has become a central paradigm in data-driven
decision-making. A common and general formalism for this problem is the contextual bandit model,
where the decision maker observes a context, selects an action, and then observes the reward only
for the chosen action. This model captures a wide range of real-world scenarios and has motivated
extensive algorithmic and theoretical developments [13, 28, 20, 9, 3].

While significant progress has been made in recent years on offline learning algorithms for both
bandit and reinforcement learning settings [1, 39, 10, 21, 33, 29, 38, 37, 14, 25, 16, 34, 22], a
growing line of work highlights a fundamental challenge in offline policy learning: distribution shift,
where the distribution under which the training data were collected may differ from the distribution
in which the learned policy is eventually deployed [2, 27, 30, 23, 6, 36, 19, 18, 26, 24, 15]. For
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example, in medical decision-making, data may be collected from large urban hospitals with relatively
homogeneous patient populations, while the learned policy may need to generalize to rural or
underserved populations with different demographic profiles or treatment access. In such scenarios,
even if the conditional relationship between covariates and outcomes remains stable, the distribution
of covariates shifts across environments.

A popular approach to addressing this challenge is distributionally robust offline policy learning,
which seeks to ensure reliable performance under covariate shifts by optimizing for the worst-
case scenario within a specified uncertainty set over the joint distribution of the observed data
[27, 30, 23, 6]. However, optimizing over worst-case joint distributions can be overly conservative in
practice. Returning to the clinical example, if the covariate distribution changes while the conditional
relationship between treatments and outcomes remains stable, modeling shifts at the joint level may
ignore this structure and lead to unnecessarily pessimistic solutions.

Motivated by these limitations, this paper focuses on a structured and practically relevant setting:
offline policy learning under covariate shift. Here, we assume that the change between training and
deployment environments lies only in the marginal distribution of covariates, while the conditional
outcome model remains unchanged. We formalize the setting in Section 2. Our goal is to learn a
policy π̂ from logged data whose expected reward under a target covariate distribution is close to
optimal. To quantify the shift between the source and target covariate distributions, we adopt the
notion of transfer exponent from the transfer learning literature [5, 3, 4, 12], as formally defined in
Definition 1. Within this framework we obtain minimax-optimal guarantees: a unified upper bound
under partial coverage and a matching minimax lower bound (up to logarithmic factors), achieved by
a simple pessimism-based algorithm.

Finally, in addition to the technical contributions, we would like to highlight a conceptual perspective
presented by this work—namely, the use of tools from transfer learning to address distributional
robustness in offline policy learning. Our approach provides a solution to distributional robustness by
leveraging tools from the transfer learning literature (see Section 2 for a detailed discussion of the
similarities and differences between the two settings). We hope this perspective will inspire further
research at the intersection of these two areas, as already explored in recent works [35, 7, 31].

2 Problem Setup and Assumptions

We consider a two-armed contextual bandit problem, where the action space is {0, 1}1. For each arm
a ∈ {0, 1}, there exists an unknown reward function fa : X → R, where the covariate space is taken
to be X = [0, 1]d throughout this paper. Given a covariate X ∈ X , the potential reward associated
with arm a is modeled as Y (a) = fa(X) + ε, where ε is a zero-mean sub-Gaussian random variable
independent of both X and a. In the offline learning setting, the learner has access to a dataset of
the form Dn ≡

{(
Xt, at, Yt(at)

)}
t∈[n]

, where the (Xt, at, Yt(at)) is generated i.i.d. according to
the following joint distribution: for each t, the context Xt is sampled from some source distribution
P , the action at is then sampled from a randomized logging policy πoff(· | Xt), and finally the
reward Yt(at) is observed. The goal is to use this observed data to learn a policy π̂ : X → {0, 1}
that performs well under a potentially different target distribution Q over X . Specifically, we aim to
minimize the sub-optimality gap

SubOpt(π̂;Q) ≡ Ex∼Q

[
fa∗(x)(x)− fπ̂(x)(x)

]
, where a∗(x) = argmax a∈{0,1} fa(x). (1)

To describe the covariate shifts, we introduce the following concept of transfer exponent between
P and Q, originally proposed in [12] for classification tasks. For any x ∈ Rd and h > 0, we let
B(x, h) ≡ {x′ ∈ Rd : ∥x− x′∥ ≤ h}.

Definition 1 (Transfer Exponent). We say that P and Q have a transfer exponent upper bound
α for some α ≥ 0, or equivalently κ(P,Q) ≤ α, if there exists a constant Cα > 0 such that
P (B(x, h)) ≥ Cαh

αQ(B(x, h)),∀x ∈ supp(Q),∀h ∈ (0, 1].

1For simplicity of presentation, we focus on the two-armed setting in this paper, all results can be extended
straightforwardly to the general K-armed case.
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(a) Worst-case distribution of (3) for any π. (b) Reasonable adversarial distribution of (2).

Figure 1: Comparison of objective functions (2) and (3) in Example 1.

Connection to Distributionally Robust Policy Learning. With the covariate shift assumption,
minimizing (1) can be interpret as pursuing a worst-case guarantee

max
Q:κ(P,Q)≤α

SubOpt(π̂;Q) = max
Q:κ(P,Q)≤α

Ex∼Q

[
fπ∗(x)(x)− fπ̂(x)(x)

]
(2)

whereas in distributionally robust policy learning, the goal is to minimize a sub-optimality gap defined
with respect to the worst-case expected reward

SubOptDRO(π̂) ≡ max
π

min
Q:κ(P,Q)≤α

Ex∼Q[fπ(x)(x)]− min
Q:κ(P,Q)≤α

Ex∼Q[fπ̂(x)(x)]. (3)

However, we clarify that optimizing objective functions (3) and (2) generally lead to different policies.
In particular, when using a transfer-exponent-based uncertainty set, objective (3) can be overly
pessimistic and may fail to guide informative policy learning in certain scenarios, as shown in the
following example:
Example 1 (Failure of DRO Objective Function). Consider a two-armed bandit instance with
X = [0, 1] and P = Unif([0, 1]). If the reward functions f1, f2 are non-negative and satisfy
f1(x) = f2(x) = 0 on some interval [a, b] ⊂ [0, 1], then any policy π minimizes (3) for all α ≥ 0.

Proof of Example 1. Simply note that for any α ≥ 0, the distribution Q0 ≡ Unif([a, b]) satisfies
κ(P,Q0) ≤ α. As a result, any policy π attains worst-case expected reward Ex∼Q0

[fπ(x)(x)] = 0
and thus minimizes the objective (3).

While part of the DRO objective’s limitations may come from the choice of the uncertainty measure κ
used in our analysis, one might suggest replacing it with more standard metrics—such as Wasserstein
distance or information-theoretic divergences like KL—as commonly done in prior DRPL works [27,
23, 11]. However, these alternatives may be less effective in capturing a broad class of covariate shifts
under which optimal statistical efficiency is still achievable. For instance, when P = Unif([0, 1]) and
Q = Unif([0, 0.5]), we have κ(P,Q) = 0, indicating that the shift does not affect the learning rate,
as shown in Theorem 1. In contrast, we have KL(P∥Q) = +∞,W2(P,Q) = 1

2
√
3

, which means an
ambiguity set with at least a constant radius is required to capture such distribution. Consequently,
the corresponding algorithms must account for worst-case distributions that are significantly different
from the empirical data, potentially leading to slower learning rates even when no harmful shift is
present. In other words, they guard against unnecessarily adversarial distributions.

Finally, we state our assumptions on the observed data for our theoretical results.
Assumption 1 (Unconfoundedness). For any x ∈ X , the potential outcomes Y (0) and Y (1) are
independent of at conditional on Xt = x, that is, (Y (0), Y (1)) ⊥⊥ at | Xt = x.

Assumption 2 (Policy Coverage). The logging policy πoff satisfies infx∈X πoff(a
∗(x) | x) ≥ ζ.

Assumption 3 (β-Hölder Reward Function). There exist constants L > 0 and β ∈ (0, 1] such that for
a ∈ {0, 1}, the reward function fa : X → R satisfies |fa(x)− fa(x

′)| ≤ L∥x− x′∥β ,∀x, x′ ∈ X .

Assumption 1 is a standard identification condition in offline policy learning [1, 39, 27]. It ensures
that, conditional on covariates, the action assignment mechanism does not depend on unobserved
factors that influence the potential outcomes. Assumption 2 is a standard partial coverage condition in
offline policy learning, relaxing the uniform coverage requirement used in [3]. Roughly speaking, ζn
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provides a lower bound on the number of samples corresponding to optimal actions under the target
distribution. As shown in Theorem 1, ζ > 0 is also necessary for consistent learning. Assumption 3
places fa in a β-Hölder class; β governs the smoothness-driven rate.

3 Main results

In this section, we introduce a pessimistic algorithm for offline nonparametric contextual bandits,
which combines local reward estimation with a lower confidence bound (LCB) decision rule. We
provide theoretical guarantees on its sub-optimality under covariate shift.

Algorithm 1 Nadaraya–Watson estimator based Lower Confidence Bound (NW-LCB)

Require: Dataset Dn = {(Xt, at, Yt)}t∈[n], smoothness β
1: for each x ∈ X do
2: for each a ∈ {0, 1} do
3: Define index set Ia ← {t ∈ [n] : at = a} and set ha,x as the minimizer of RHS of (4)
4: Compute:

f̂a;ha,x
(x)←

∑
i∈Ia

Yi · 1{Xi ∈ B(x, ha,x)}∑
i∈Ia

1{Xi ∈ B(x, ha,x)}
· 1

{∑
i∈Ia

1{Xi ∈ B(x, ha,x)} > 0
}

5: end for
6: Define pessimistic policy: π̂(x)← argmax a∈{0,1} f

LCB
a (x) with fLCB

a defined as in (5)
7: end for
8: return Learned policy π̂

NW Estimator for Non-Parametric Regression. In the first block (line 1 to line 4) of Algorithm 1,
we use the Nadaraya–Watson estimator [17, 32] to perform the estimation of functions associated
with each action a. The following lemma provides a point-wise error bound for the NW estimator.
Lemma 1. Suppose Assumptions 1 and 3 hold. Then, for any given x ∈ X , h > 0, and a ∈ {0, 1},
there exists some constant C > 0 independent of n such that with probability at least 1− Cn−2,

|f̂a;h(x)− fa(x)| ≤
(
hβ + C

√
logn
Na(x)

)
1{Ga(x)}+ ∥fa∥∞1{Gca(x)}, (4)

where Ga(x) ≡ {
∑

t∈Ia
1{Xt ∈ B(x, h)} ≥ 1} and Na(x) ≡

∑
t∈Ia

1{Xt ∈ B(x, h)}.

Note that given the smoothness factor β, RHS of (4) can be access to the learner, thus its minimizer,
required in line 3 of Algorithm 1 is computable.

Pessimistic Decision Making via LCB. Based on (4), we define the pessimistic estimator for fa as

fLCB
a (x) ≡ f̂a;ha,x

(x)−
(
hβ
a,x + C

√
logn
Na(x)

)
1{Ga(x)} − ∥fa∥∞1{Gca(x)} (5)

and set the pessimistic policy via taking the action point-wisely with maximal LCB values.

We now present a sub-optimality bound for Algorithm 1 and a matching minimax lower bound up to
logarithmic factors.
Theorem 1. Suppose Assumptions 1–3 hold and κ(P,Q) ≤ α for some α > 0. Then, the output of
Algorithm 1 satisfies

SubOpt(π̂;Q) = Õ
(
(ζn)−

β
2β+α+d

)
.

Additionally, for any policy π, there exists an instance satisfying Assumptions 1–3 such that

SubOpt(π;Q) = Ω
(
(ζn)−

β
2β+α+d

)
.

We note that exact knowledge of neither ζ nor α is required to achieve the rate in Theorem 1. Thus,
the algorithm is fully adaptive to the observed offline data distribution, including both its coverage
and its shift. However, to keep the same sub-optimality rate guarantee, adaptivity with respect to the
smoothness factor β is generally impossible unless additional conditions, such as self-similarity, are
imposed, as studied in [8].
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