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Abstract
Integrating historical data into multi-armed ban-
dits is a critical challenge, as indiscriminately in-
corporating biased offline data can lead to un-
wanted negative transfer. Motivated by high-
stakes clinical settings where skewed training dis-
tributions have historically induced algorithmic
bias (Kallus et al., 2020), we investigate how to
safely bridge the offline-to-online gap. We extend
the Artificial Replay meta-algorithm (Banerjee
et al., 2022) to contextual neural bandits, accom-
modating the continuous context space by intro-
ducing closeness heuristics that enforce conser-
vative adaptation by restricting historical replays
to contexts with high spatial proximity. Empir-
ically, we show that under severe domain shift,
both full pre-training and unconstrained replay
perform worse than learning entirely from scratch.
Conversely, our spatial filtering approach effec-
tively extracts the utility of biased historical data
while avoiding negative transfer, consistently out-
performing pure online baselines, full historical
starts, and unrestricted Artificial Replay.

1. Introduction
Correctly dosing medications like Warfarin presents a signif-
icant clinical challenge due to high physiological variability
among individuals. Compounding this difficulty, previous
dosing algorithms have exhibited disproportionate perfor-
mance across protected classes, largely driven by unbal-
anced training data (Kallus et al., 2020). As a motivating
example, this highlights a broader challenge in offline-to-
online adaptation: historically underrepresented groups fre-
quently suffer from algorithmic bias stemming from skewed
offline datasets (Suresh & Guttag, 2021).
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For sequential decision-making challenges such as person-
alized medicine, we can formulate these problems within a
contextual multi-armed bandit framework, mapping clinical
and demographic features to high-dimensional context vec-
tors. Recent advancements in neural bandits have enabled
greater expressivity for such complex contexts by adap-
tively training networks to map high-dimensional inputs
into embedding spaces for reward and uncertainty estima-
tion (Riquelme et al., 2018). However, deep learning algo-
rithms remain notoriously sensitive to the distributions of
their training data (Zhang et al., 2021; Boopathy et al., 2023;
Shwartz-Ziv et al., 2023; Yan et al., 2024; Ye et al., 2021).
This sensitivity is exacerbated by domain shift, where the
target distribution of online samples diverges significantly
from the historical offline data.

Determining how best to effectively integrate potentially
biased historical data into neural bandits remains a criti-
cal, yet underexplored, area. Recently, Artificial Replay
was introduced as a meta-algorithm for finite-armed bandits
which historical data as a strategic replay buffer rather than
a static training set, only integrating historical samples as
they become relevant during online arm selection (Banerjee
et al., 2022). We hypothesize that neural bandits represent a
valuable setting for Artificial Replay, allowing algorithms to
mitigate representation bias by dynamically filtering histori-
cal samples rather than blindly absorbing them into network
priors.

In this short paper, we investigate the offline-to-online gap
for neural bandits under domain shift. First, we characterize
adversarial problem settings where naively warm-starting
on biased offline data leads to catastrophic negative transfer,
yielding worse online performance than utilizing no history
at all. Second, we extend Artificial Replay from finite-
armed bandits to contextual neural bandits by replacing
exact historical matches with distance-based and structural
“closeness heuristics.” By restricting historical replays to
contexts with high spatial proximity to the online state,
these heuristics enforce conservative adaptation, allowing
algorithms to safely extract the utility of skewed offline data
without succumbing to it. Third, we empirically show that
our approach can outperform both full historical pre-training
and unconstrained replay by 20.3% and 38.1%, respectively,
under severe distribution mismatch.
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2. Related Work
Offline-to-online bandits under distribution shift. While
the broader machine learning community has extensively
studied domain shift and concept drift (Li et al., 2024), ad-
dressing the offline-to-online gap remains an emerging fron-
tier for multi-armed bandits. Recent works have explored
transfer learning for contextual bandits with non-matching
contexts (Cai et al., 2024) and established theoretical bounds
for non-contextual bandits under concept drift (He et al.,
2026). Our work directly targets this gap by building upon
the Artificial Replay (AR) meta-algorithm (Banerjee et al.,
2022). While AR offers theoretical advantages in sample
efficiency and reduced computational overhead for storing
historical data, a limitation of the original framework is that
empirically it only demonstrated the ability to match, rather
than strictly improve upon, the performance of a full his-
torical start. Furthermore, AR was originally designed for
finite-armed bandits in stationary environments. We extend
AR to the contextual setting under explicit domain shift.
Because standard AR relies on exact historical matches—
which are vanishingly rare in continuous, high-dimensional
spaces—we introduce distance-based heuristics to enforce
conservative behavior. This targeted spatial filtering pre-
vents blind historical incorporation, unlocking the ability
to actively outperform full pre-training when domains are
misaligned.

Representation bias in neural bandits. Deep learning
models are highly prone to overfitting when trained on nar-
row or skewed data distributions (Zhang et al., 2021), result-
ing in brittle representations that generalize poorly to out-
of-distribution data. This fragility is exacerbated in sequen-
tial online environments, where the hypothesis space must
adapt without access to a perfectly representative historical
dataset (Boopathy et al., 2023). In high-stakes applications
like personalized healthcare, initializing a model on biased
data can disproportionately harm historically underrepre-
sented groups. We advance the Neural Linear framework
(Riquelme et al., 2018) by demonstrating how this repre-
sentation bias manifests as harmful negative transfer under
domain shift, and how conservative replay mechanisms can
successfully mitigate it.

3. Model and Approach
Problem formulation. We consider contextual bandit prob-
lems with K discrete actions. We assume access to a static,
historical offline dataset H = {(xh, ah, rh)}Hh=1. A his-
torical datapoint h includes contexts xh ∈ Rd drawn from
an offline distribution Doff, historical action ah ∈ [K], and
observed reward rh ∈ R. During online deployment, at
each timestep t, the environment reveals a new context xt

drawn from an online distribution Don. Crucially, we con-
sider settings with domain shift (Doff ̸= Don). To handle

complex context-reward mappings, we utilize the Neural
Linear framework (Riquelme et al., 2018), learning a neural
network to map raw contexts xt to dense representations zt
for Bayesian linear regression of the form

r̂a = z⊤t βa

to estimate both the reward and uncertainty for each arm.
While highly expressive, deep neural networks—and by
extension, the Neural Linear algorithm—are prone to over-
fitting and poor generalization when naively initialized on
heavily biased offline data (Zhang et al., 2021).

Artificial Replay for conservative adaptation. To bridge
the offline-to-online gap, we extend the neural linear frame-
work with Artificial Replay. Rather than universally warm-
starting the algorithm by pre-training on the entirety of the
historical dataH (“Full Start”)—which risks embedding the
biases of Doff into the model priors—we treat the offline
dataset as a dynamic episodic memory buffer.

During online interaction, if the neural linear algorithm pro-
poses an action at for context xt, it dynamically queriesH.
We enforce conservative behavior by replaying a historical
sample only if its logged action matches at and its context
satisfies a defined “closeness heuristic”. We introduce three
distinct heuristics to filter these approximate matches:

• Baseline AR: Greedily selects the nearest, unused his-
torical context that shares the proposed action, utilizing
a chosen distance metric d(·, ·):

h⋆ = arg min
{h∈[H]|ah=at}

d(xt, xh).

• AR (Match Signs): Acts as a lightweight structural
prior. A historical sample is only eligible for replay if
its context vector lies within the exact same orthant as
the online context xt (i.e., identical feature signs).

• AR (ϵ-matching): Enforces strict spatial proximity.
It only permits replays if a matching-action historical
context falls within an absolute distance threshold ϵ of
the online context:

h⋆ = arg min
{h∈[H]|ah=at, d(xt,xh)≤ϵ}

d(xt, xh).

The complete, mathematically formal execution sequence
of the Neural Linear framework augmented with this con-
servative adaptation mechanism is detailed in Appendix A.

4. Synthetic Experiments
We design a 2D synthetic benchmark to isolate the effects
of distribution shift between historical datasets and online
deployment, evaluating how safely methods leverage biased
priors.
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4.1. Environment Setup

Contexts, Actions, and Rewards. Contexts x ∈ R3

(including an intercept) are sampled from a 2D unit ball.
We evaluate K = 4 arms, where each arm’s weight vec-
tor θa is constrained to a distinct quadrant (Figure 1).
We primarily utilize a cubic reward function, r(x, a) =
10(x⊤θa)

3 − 2(x⊤θa), creating complex, nonlinear rela-
tionships between context geometry and expected reward.

Figure 1. Optimal arm regions for the cubic reward function
r(x, a) = 10(x⊤θa)

3 − 2(x⊤θa) with d = 2 and K = 4.
The arm intercept is dropped and weight vectors are constrained
so each arm behaves predictably in a given quadrant: θ0 =
[+0.09, +0.42], θ1 = [+0.13, −0.49], θ2 = [−0.43, +0.36],
θ3 = [−0.61, −0.22].

Domain Shift and Action Bias. To simulate realistic distri-
bution shifts, offline and online contexts are sampled from
distinct distributions over the unit ball. Offline contexts are
either drawn uniformly, or subjected to a spatial bias where
a probability mass p ∈ (0, 1] is strictly concentrated within
a target quadrant, with the remaining 1−p drawn uniformly.
We independently skew the historical action distribution
(e.g., an offline policy that pulls Arm 1 80% of the time) to
decouple context mismatch from action coverage mismatch.
This design mirrors real-world scenarios—such as clinical
dosing—where historical logged data may be biased toward
a specific standard-of-care intervention, reflecting a lack of
past exploration across alternative treatments.

4.2. Evaluation Protocol

We evaluate over T = 1000 online timesteps with a histori-
cal buffer of H = 100, averaging across 36 trials (reporting
mean ± 1 SEM). We use the Neural Linear bandit from

Riquelme et al. (2018) (MLP sizes [50, 50], learning rate
0.01). Baselines include Full Start (pre-training on all
offline data), No History (pure online learning), and our Ar-
tificial Replay (AR) variants. Standard AR greedily replays
the nearest matching-action historical sample, while AR
(ϵ = 0.5) restricts replays to contexts within a 0.5 Euclidean
distance, and AR (Match Signs) requires identical feature
signs.

4.3. Experiment 1: Opposing Quadrant Mismatch

We first examine an adversarial shift where offline data is
drawn entirely from Q1 and the online environment draws
entirely from Q4. We assume a historical policy that pulls
Arm 1 80% of the time. Because the optimal arm in Q1 is
suboptimal in Q4, incorporating offline data naively risks
reinforcing incorrect action preferences.

0 200 400 600 800 1000
Timestep

0

20

40

60

80

100

C
um

ul
at

iv
e 

R
eg

re
t

Offline arms: Arm 1 (80%)

Artificial Replay
AR ( =0.5)
Full Start
No History

Figure 2. Cumulative regret for Q1 → Q4 domain shift (H = 100,
T = 1000, 36 trials, mean ± 1 SEM). AR (ϵ=0.5): 53.9 ± 4.6;
Full Start: 67.6± 7.3; No History: 63.0± 3.9; AR: 87.1± 11.7.
AR (Match Signs) is excluded because it has identical performance
to No History in this setting.

As shown in Figure 2, both Full Start (67.6 ± 7.3) and
standard AR (87.1 ± 11.7) suffer from the heavily biased
initialization, performing worse or no better than the pure
online No History baseline (63.0± 3.9). This suggests that
indiscriminately incorporating out-of-domain historical data
can delay genuine exploration and hinder online adaptation.

However, the Artificial Replay framework remains highly
effective when properly constrained. By enforcing spatial
proximity before a replay is accepted, AR (ϵ=0.5) achieves
the lowest regret at 53.9±4.6, outperforming No History by
a significant margin. The ϵ-threshold successfully filters out
misleading offline data, enabling the agent to safely extract
value from a smaller fraction of historically relevant samples
while avoiding the negative transfer that harms Full Start
and standard AR.
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4.4. Experiment 2: Biased Offline to Uniform Online

We next test a softer mismatch: offline data is entirely from
Q4 under a historical policy that pulls Arm 0 80% of the
time, while online contexts are drawn uniformly across the
unit ball. This evaluates whether our methods can gracefully
adapt to broader online exploration when partial domain
overlap exists.
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Figure 3. Cumulative regret for Q4 → Uniform domain shift
(H = 100, T = 1000, 36 trials, mean ± 1 SEM). AR (ϵ=0.5):
66.6± 3.5; Full Start: 72.9± 5.5; AR (Match Signs): 74.5± 4.9;
AR: 78.8± 5.6; No History: 91.9± 5.4.

As shown in Figure 3, all history-aware methods substan-
tially outperform the No History baseline (91.9± 5.4), con-
firming that even highly biased offline data can carry value
when the domains partially overlap. However, AR (ϵ=0.5)
again achieves the best performance (66.6 ± 3.5). Stan-
dard AR (78.8±5.6) noticeably underperforms its ϵ-filtered
counterpart, consistent with our findings from Experiment
1 that unconstrained replay dilutes useful signals by indis-
criminately injecting unrelated samples.

These pathological examples suggest that dynamically gat-
ing data reuse via spatial proximity offers a promising alter-
native to either wholesale pre-training or unrestricted replay.
Rather than claiming universal reliability, these findings
showcase how spatial filtering can provide a compelling
mechanism for conservative adaptation, effectively miti-
gating negative transfer even under severe distributional
mismatch.

5. Conclusion and Next Steps
Integrating historical data into sequential decision-making
is a double-edged sword under domain shift. As we have
shown, indiscriminately incorporating out-of-domain histor-
ical data can delay exploration and trigger negative transfer.
However, our findings suggest that the Artificial Replay
meta-algorithm can serve as a promising framework when

properly constrained. By extending it with spatial closeness
heuristics, algorithms can encourage conservative offline-
to-online adaptation. Dynamically gating replays based on
spatial proximity provides a potential mechanism for mod-
els to extract the utility of skewed offline datasets while
mitigating their representation bias.

Next Steps. While our ϵ-matching heuristic successfully
filters misleading data in our low-dimensional benchmarks,
it highlights two key methodological challenges. First, de-
termining the optimal distance threshold ϵ a priori without
online interaction remains an open problem; future work
will explore adaptive thresholding mechanisms that adjust ϵ
based on online reward uncertainty. Second, as these meth-
ods scale to higher-dimensional context spaces, Euclidean
distance may suffer from the curse of dimensionality. We
plan to evaluate alternative distance metrics, such as cosine
similarity, to preserve the robustness of our spatial filtering.
Finally, we intend to validate these conservative adaptation
techniques on real-world clinical benchmarks, specifically
targeting the IWPC Warfarin dosing dataset, to assess their
practical efficacy in mitigating algorithmic bias in precision
medicine.

Impact Statement
This research is fundamentally motivated by the need to
address algorithmic bias and disparate impact in high-stakes
sequential decision-making, such as personalized healthcare
and clinical dosing. Historically underrepresented groups
frequently suffer when predictive models are trained on
skewed or unrepresentative offline datasets. By developing
conservative adaptation methods that prevent neural mod-
els from over-leveraging biased historical priors, our work
provides a technical mechanism to mitigate representation
bias. While our current empirical results are simulated, the
ultimate goal of this research is to ensure that machine learn-
ing systems deployed in social welfare and medical settings
adapt safely and equitably to diverse target populations.
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A. Neural Linear Bandit with Artificial Replay
In this section, we detail the formal integration of Artificial Replay within the Neural Linear bandit architecture introduced
by Riquelme et al. (2018).

Algorithm 1 Neural Linear Bandit with Artificial Replay (AR)

Require: Historical offline datasetH, online horizon T , arm space K, distance metric d(·, ·), closeness threshold ϵ
1: Initialize Neural Network representation layers ϕθ

2: Initialize Bayesian linear regression heads (mean βk, precision Σk) for each arm k ∈ [K]
3: for t = 1, 2, . . . , T do
4: Observe online context xt ∈ Don
5: Extract feature embedding zt ← ϕθ(xt)
6: Compute expected rewards r̂k = z⊤t βk and select action at ← argmaxk TS(r̂k,Σk)

▷ Artificial Replay Phase
7: QueryH for samples matching action at: Hat = {(xh, ah, rh) ∈ H | ah = at}
8: ifHat

is not empty then
9: Find closest matching historical context: h∗ = argminh∈Hat

d(xt, xh)
10: if d(xt, xh∗) ≤ ϵ then ▷ Enforce spatial ϵ-matching proximity constraint
11: Extract historical embedding zh∗ ← ϕθ(xh∗)
12: Update Bayesian regression parameters (βat ,Σat) using (zh∗ , rh∗)
13: if network retrain interval reached then
14: Retrain representation layers ϕθ on active sample buffer
15: end if
16: goto Step 5 ▷ Return to calculate a new feature embedding without taking an online step
17: end if
18: end if

▷ Online Interaction Phase
19: Execute action at in environment and observe online reward rt
20: Update Bayesian regression parameters (βat

,Σat
) using (zt, rt)

21: if network retrain interval reached then
22: Retrain representation layers ϕθ on active sample buffer
23: end if
24: end for
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