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Abstract

Offline policy learning from logged data is a critical paradigm
for enabling effective decision-making without costly online
exploration. However, its application has been largely con-
fined to single-objective problems, a stark contrast to real-
world scenarios where decision-making inherently involves
navigating multiple, often conflicting, objectives. This pa-
per introduces a comprehensive framework for Offline Multi-
Objective Bandits (OffMOB), providing a principled solution
to the fundamental challenge of learning Pareto-optimal poli-
cies from a static dataset. Our core contribution is a novel al-
gorithm that uniquely integrates the pessimism principle with
multi-objective optimization to safely learn from off-policy
data. Crucially, our approach transcends the primary limita-
tion of scalarization techniques, which are restricted to find-
ing a single policy for a pre-defined preference. Instead, Off-
MOB directly approximates the entire Pareto front, learning a
single, flexible policy model capable of generating an optimal
action for any desired trade-off. To rigorously evaluate per-
formance, we introduce the Tchebycheff sub-optimality met-
ric and establish the first finite-sample generalization bounds
for this problem class, proving that our algorithm converges
to the true Pareto front under practical data coverage as-
sumptions. Extensive experiments on complex benchmarks
demonstrate that OffMOB significantly outperforms existing
methods, identifying the complete set of optimal trade-offs
where naive extensions and single-objective methods fail.

Code — https://github.com/jicheng9617/OffMOB

1 Introduction

Sequential decision-making from logged data is a central
challenge in modern Al, with offline multi-armed bandits
(MABs) providing a foundational framework for applica-
tions from recommender systems to personalized medicine
(Slivkins et al. 2019; Lattimore and Szepesvari 2020; Dai
et al. 2022). In the offline (or batch) setting, an agent learns
a policy from a fixed dataset collected by a potentially un-
known behavior policy, without any further online interac-
tion. While significant progress has been made in offline
learning for single-objective rewards (Brandfonbrener et al.
2021; Nguyen-Tang et al. 2022; Sakhi, Alquier, and Chopin
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2023; Wang, Krishnamurthy, and Slivkins 2024; Liu et al.
2025), real-world problems rarely align with a single per-
formance metric. For instance, a recommender system must
balance user engagement with fairness and diversity (Cop-
polillo, Manco, and Gionis 2024), while a clinical treatment
plan must maximize efficacy while minimizing side effects
and costs (Kong, Xu, and Yang 2008). Optimizing for a sim-
ple scalar reward in such scenarios can lead to unintended
and detrimental outcomes.

The multi-objective bandit framework addresses this by
modeling rewards as vectors, where each component cor-
responds to a distinct objective (Drugan and Nowe 2013).
The goal is not to find a single best-performing policy, but
rather to learn a policy capable of generating the Pareto
front: the set of all policies that offer optimal trade-offs
(i.e., are not dominated by any other policy across all ob-
jectives) (Hayes et al. 2022). While online multi-objective
bandits have been studied extensively, the critical offline set-
ting remains largely unexplored. This gap is not incidental;
it stems from a fundamental technical challenge. Standard
offline methods fail because they are designed to estimate a
single expected value. Extending them naively, for example
by scalarizing the reward vector, requires pre-defined ob-
jective preferences (weights) which are often unavailable,
and fails to uncover the full spectrum of possible solutions.
Learning the entire Pareto front from off-policy data is a far
harder problem, as estimation errors in the high-dimensional
reward space can lead to a catastrophic collapse or misiden-
tification of the optimal policy set.

In this paper, we bridge this gap by providing the first
systematic study of Offline Multi-Objective Bandits (Off-
MOB). We tackle the core challenges of learning Pareto-
optimal policies from logged contextual bandit data. Our
work is centered on two fundamental questions: (i) Multi-
Objective Counterfactual Estimation: How can we reliably
estimate the vector-valued outcomes of policies from biased,
logged data, especially for actions that were rarely taken?
(ii) Pareto Front Learning: How can we construct a policy
that represents the entire set of Pareto optimal solutions from
these noisy and offline estimates, while ensuring robustness
against uncertainty?

To address these challenges, we develop a comprehensive
framework for Off MOB. Our main contributions are:

* We provide a rigorous formulation for the offline multi-



objective contextual bandit problem. We define the con-
cept of a preference-aware policy that can represent the
entire Pareto front and introduce a new performance met-
ric, the expected Tchebycheff (TCH) sub-optimality, to
measure the quality of a learned policy against the true
Pareto front across all possible trade-off preferences.

* We propose OffMOB, an algorithm designed specifi-
cally for this setting, which leverages neural networks to
model the vector-valued reward functions and integrates
the principle of pessimism into the scalarization frame-
work. This ensures that policy evaluation is robust to esti-
mation uncertainty, particularly for under-represented ac-
tions in the offline data.

* We establish the first finite-sample generalization bounds
for OffMOB. Our analysis shows that our algorithm’s
sub-optimality is bounded under a practical multi-
objective data coverage assumption, formally connecting
data quality to the ability to recover the true Pareto front.

We conduct experiments on synthetic data. Our results
demonstrate that our proposed methods significantly
outperform naive baselines, identifying complex Pareto
fronts where simpler approaches fail. We highlight cases
where ignoring the multi-objective structure leads to
demonstrably suboptimal or even harmful policies.

2 Problem Setting

In this section, we formalize the problem of offline multi-
objective contextual bandits. We extend the standard offline
bandit framework to accommodate vector-valued rewards
and define the objective of learning Pareto-optimal policies
from a pre-collected dataset.

2.1 Offline Multi-Objective Contextual Bandits

We consider a stochastic K -armed contextual bandit with m
objectives. The learning process is based on a static dataset,
Dy, = {(x¢, ar, ) }7 4, collected a priori by a behavior pol-
icy . For each entry in the dataset:

x; = {x1, € R?: a € [K]} is the full context observed
atround ¢, sampled from an unknown context distribution
p-

a; € [K] is the action taken by the behavior policy p.

r; € R™ is the vector-valued reward received, where
each component 7 ; corresponds to the i-th objective.

The reward for each objective i € [m] is generated as:
i = hi(@ea,) + i, M

where ; : R — R is an unknown reward function for the i-
th objective, and & ; is a conditionally RR-subgaussian noise
term.

In our multi-objective framework, a policy must balance
multiple objectives according to a decision-maker’s pref-
erences. We consider preference-aware policies 7 : R¢ x
A™~1 — [K], which map both the context = and a prefer-
ence vector A to a distribution over actions. The preference
vector A € A™~! (the (m — 1)-dimensional simplex where
2111 A; = 1 and A\; > 0) encodes the relative importance
of each objective.
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The expected vector-valued reward for a policy 7 given a
context & and preference A is:

v (2, A) = By e [P(za)] € R™,

where h(z,) = [h1(Z4), ..., hm(xa)]".

Our goal is to learn a single preference-aware policy that
can adapt to any preference vector, effectively representing
the entire Pareto front. For a fixed context x, different pref-
erence vectors A should lead to different trade-offs among
objectives, with the learned policy ideally selecting actions
corresponding to different Pareto-optimal solutions.

2

Definition 1 (Pareto Dominance) A reward vector v
Pareto-dominates another reward vector v’ (denoted
v = V') ifv; > v} forall i € [m] and there exists j € [m)]
such that v; > v}. A policy 7" is Pareto-optimal if its
reward vector is not Pareto-dominated by any other policy’s
reward vector. The set of all such policies constitutes the
Fareto front.

2.2 Performance Evaluation via Tchebycheff
Scalarization

To evaluate how well a preference-aware policy approxi-
mates the entire Pareto front, we need a metric that consid-
ers its performance across all possible preferences. We adopt
the Tchebycheff scalarization approach, which converts the
multi-objective problem into a scalar optimization problem
for each preference vector.

For a given preference vector A, the Tchebycheff scalar-
ization of a policy 7 given context x is defined as:

I"(x|A) = max {Xi (2 —vf (z, X))} 3)
S

where z = sup, v (x, A) is the ideal point for objective
given context .

The Tchebycheff scalarization approach is theoretically
grounded in its ability to recover the entire Pareto front:

Theorem 1 ((Choo and Atkins 1983)) A policy = is
weakly Pareto optimal if and only if there exists a weight
vector X € A™™Y such that © minimizes the Tchebycheff
scalarization function I™ (x|X).

This theorem guarantees that by varying the preference
vector A, we can in principle recover all Pareto-optimal
policies. Therefore, a well-trained preference-aware policy
should minimize ™ (x|A) for each A, effectively approxi-
mating the entire Pareto front.

Definition 2 (Sub-optimality in Multi-Objective Setting)
For a preference-aware policy w, the sub-optimality mea-
sures the average performance gap across all possible
preferences:

SubOpt(r) = B p rts(am—1) [zﬂ(mp\) NN
, (4)
where T, argming [™ (x|\) is the optimal policy for
the given preference vector A, and U(A™~Y) denotes the
uniform distribution over the simplex.




This metric evaluates the expected gap between the
learned policy and the optimal policy across all possible
preference trade-offs and contexts. By taking the expecta-
tion over the entire simplex, we ensure that the learned pol-
icy must perform well for all preferences, not just a sub-
set. A low sub-optimality indicates that the learned policy
successfully approximates the entire Pareto front, providing
near-optimal solutions for any preference vector a decision-
maker might specify.

2.3 Neural Network Reward Function
Approximation

To estimate the unknown reward functions h; without prior
knowledge of their parametric form, we model each one us-
ing a fully connected neural network (NN) and analyze its
behavior within the Neural Tangent Kernel (NTK) frame-
work (Jacot, Gabriel, and Hongler 2018).

For each objective ¢ € [m], we use a dedicated NN with
depth L > 2 and width myy per hidden layer. The architec-
ture for the ¢-th reward function is defined as:

hi(z;0;) = W5, -0 (Wi -o(--o(Wiz))), (5)

where o(z) = max{z,0} is the ReLU activation function,
Wi e Rmwwxd, W}} € R™MwWXmaw for 2 < ¢ < L, and
Wi € RYX™w,_ The parameter vector 8; contains all flat-
tened weights for the i-th network.

In the overparameterized regime, where myn is suffi-
ciently large, the NTK theory allows us to analyze the
network’s behavior. We consider a shared random initial-
ization 6, for all networks. The network’s output can be
well-approximated by a linear function in its gradient fea-
ture space. We define the gradient feature mapping as:
g(x;00) = Voh(x; 0 € RP, where p = mnn(d +
1) + mén(L — 2).

A key result from the NTK literature (Cao and Gu 2019;
Gu et al. 2024) is that for a sufficiently wide network, there
exists a parameter vector 8; such that the true unknown re-
ward function h; can be represented as:

hi(x) = (g(x;60),0; —6y), Ve cX. (6)

This linearizes the problem, allowing us to estimate the un-
known functions by learning the vectors ] in the high-
dimensional feature space defined by g(-; 6o).

) |0:90

3 Learning Algorithm

In this section, we introduce OffMOB, a novel algorithm de-
signed to learn a preference-aware policy from an offline
dataset. The core principle of OffMOB is to combine neu-
ral network-based reward estimation with a pessimistic ap-
proach to policy evaluation, tailored for the multi-objective
setting. This ensures that the learned policy is both robust to
the limitations of the offline data and capable of approximat-
ing the entire Pareto front.

The OffMOB algorithm, detailed in Algorithm 1, operates
in two primary stages at each step of processing the offline
data: (1) learning the underlying reward functions for all ob-
jectives, and (2) constructing a pessimistic policy based on
these learned functions and their associated uncertainty.
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3.1 Neural Reward Estimation in NTK Space

The foundation of our approach is the accurate estimation
of the unknown reward functions {h;}/" . As outlined in
Section 2.3, we model each h; with a neural network and
leverage the NTK framework to analyze its training dynam-
ics.

The learning process for the network weights is per-
formed via an online gradient descent update on a ridge re-
gression objective, as shown in Line 8 of Algorithm 1. For
each data point (x;, a;, r;) from the dataset D,,, we update
the weights W; of the i-th network to minimize the follow-
ing loss:

MNNA
= W =W
(7
This objective consists of two key components. The first
term is the standard squared error, which drives the net-
work’s prediction fw (@,,) towards the observed reward
r¢,;. The second term is a regularization penalty that keeps

the learned weights W close to their initial values Wi(o).

This specific form of regularization is crucial for the validity
of the NTK approximation, ensuring that the network oper-
ates within the regime where its behavior can be accurately
described by the linear model in the feature space induced
by the gradient at initialization. The special initialization in
Line 1 is a standard technique in NTK analysis to ensure
the resulting kernel is well-conditioned and the network has
sufficient expressive power.

LHW) = S (fw (@) 1)+

3.2 Pessimistic Policy Construction with
Confidence Bounds

A key challenge in offline reinforcement learning is miti-
gating distributional shift; the learned policy may favor ac-
tions that were rarely taken by the behavior policy, leading to
unreliable value estimates. To address this, OffMOB adopts
the principle of pessimism in the face of uncertainty. Instead
of optimistically exploring as in online settings, our policy
conservatively evaluates actions based on a lower confidence
bound (LCB) of their estimated rewards.

As detailed in Line 6 of Algorithm 1, the policy 7, for a
given preference A is constructed by selecting the action that
minimizes a pessimistic estimate of the Tchebycheff scalar-
ization. The objective for this minimization is:

(2 - fiw)

where the lower confidence bound for the reward of objec-
tive ¢ is defined as:

Li(u,A) = max A (8)

i1€[m]

AL 1

fi) = fype-n (W) =B ||V fyg oo (u) - magllag_ -
9

Here, the term subtracted from the mean prediction

T (u) represents the uncertainty. The matrix Af, up-

dated in Line 7, accumulates the outer products of the gra-
dient features. It serves as a covariance matrix in the NTK
feature space, capturing the amount of information we have
gathered for different contexts. The norm || - [|(a:_ )1 is



Algorithm 1: OffMOB: Offline Multi-Objective Bandit Algorithm

Require: Offline data D,, = {(x¢, ar, )}, step sizes {n; }-, regularization parameter Axy > 0, confidence parameters

{B¢}i-, number of preference samples B}.

1: Initialize WZ.(O) for each objective ¢ € [m] as follows: set Wi(’g) = [W;,0;0,W,],V¢ € [L — 1] where each entry of

W, is generated independently from N(0,4/mny), and set Wl(%) = [w?,

independently from N (0, 2/mxn).
2: A} < A forall i € [m).
3: fort=1,...,ndo

T —wT] where each entry of w is generated

€ [K]} and X,, where L;(u,A)

4:  Retrieve (¢, at, 7¢) from D,,.
5:  Sample B) preference vectors {\,} f >, uniformly from AML
6: T(xAy) < argminge(x) Li(€a, Ap), for all z = {x, € R? a
maxicim M (2 = (Fypoon (@) = BtV fyyn () - mn %l ag ) )
7 AL AL+ vee(V fir -1 (Zta,)) - vee(V i -1 (xt.0,))T /mnn, Vi € [m].
8 W e WY VL W), Vi€ ], where Li(W) = §(fw (@ea,) — i) + g W - WO
9: end for

Output: For a given preference A, return policy 7 (-|z, X) computed using the final parameters {m(”>};';1.

thus large for context-action pairs whose features are dissim-
ilar to those seen in the data, resulting in a lower, more pes-
simistic reward estimate. The hyperparameter 3;_; controls
the level of pessimism. By using this pessimistic Tcheby-
cheff value, the policy avoids actions with high uncertainty,
ensuring that its decisions are grounded in sufficient evi-
dence from the offline dataset.

3.3 Approximating the Full Pareto Front

The ultimate goal of OffMOB is to learn a single, unified
policy that can cater to any user preference A € A™ ™!, The
algorithm achieves this by integrating the preference vec-
tor directly into the policy construction while learning the
objective-specific reward functions independently.

The critical step for achieving this is Line 5 of Algorithm
1, where we sample a batch of preference vectors A, from
the simplex. Although these sampled preferences are used
to define the target policy 7; in Line 6, the actual model up-
dates in Lines 7 and 8 are performed independently for each
objective ¢. This design decouples the learning of the world
dynamics (the reward functions h;) from the application of
user preferences.

As a result, the final set of learned neural networks

{Wi(”)}i=1 implicitly encodes the reward functions for all
objectives. At deployment, a decision-maker can provide
any preference vector A, and the policy 7 (-|x, A) can in-
stantly compute the corresponding optimal action by solv-
ing the pessimistic Tchebycheff minimization problem. This
mechanism allows OffMOB to effectively represent and ap-

proximate the entire Pareto front with a single model.

4 Generalization Analysis

In this section, we provide a theoretical analysis of the Off-
MOB algorithm. Our goal is to derive an upper bound for
the multi-objective sub-optimality metric, SubOpt(r), de-
fined in Section 2.2. The analysis leverages the properties of
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the NTK to handle the non-linear reward function approxi-
mation and introduces a novel data coverage assumption tai-
lored for the offline multi-objective setting.

Our analysis is grounded in the NTK framework (Jacot,
Gabriel, and Hongler 2018), which characterizes the behav-
ior of infinitely wide neural networks. The NTK allows us
to analyze the complex dynamics of neural network training
through the lens of a fixed kernel.

Definition 3 ((Jacot, Gabriel, and Hongler 2018)) Let

{2rE = {x;, € R? : t € [n],a € [K]} be the set
of all possible context-action pairs from the dataset. The
NTK matrix H € R"EX"K s defined recursively. Let

I:IEE) = 2513) = <x(i),x(j)>. For layers £ = 1,...,L — 1,
define:
o _ = =
i, (e) @ |
2]12' Ej»j
041
25,;_ )= 2E(u,v)~N(O,A§2) [o(u)a(v)],

IF:IZ(,ZJ'H) = 2IF:I§?E(u,v)NN(O,AE‘ZJ)') [0/(11,)0/(2)] + El('-,zjfl)'

The final NTK matrix is given by H = (H(Z) 4 33(£)) /2,

The NTK matrix H captures the inner products of the gra-
dient feature vectors for all context-action pairs, effectively
defining a geometry over the input space. The complexity of
the function class that the neural network can represent on
the given data can be characterized by the effective dimen-
sion of this kernel matrix (Valko et al. 2013; Zhou, Li, and
Gu 2020).

Definition 4 (Effective Dimension) Given the NTK matrix
H and a regularization parameter Axn > 0, the effective
dimension d is defined as:

log det(I + H/Ann)

d= :
log(1 +nK/AxN)

(10)



The effective dimension d measures how quickly the eigen-
values of the Gram matrix H decay. It can be significantly
smaller than the ambient dimension nkK, especially if the
eigenvalues exhibit a fast decay (e.g., polynomial or expo-
nential), and it often grows only logarithmically with the
number of data points n.

We now introduce the assumptions required for our
analysis, extending standard assumptions from the single-
objective NTK and offline bandit literature to our multi-
objective context. The first assumption ensures the NTK ma-
trix is well-behaved.

Assumption 1 (NTK Regularity and Input Structure)
There exists a constant Ny > 0 such that the NTK matrix
H > M\oL. Furthermore, for any context-action feature vec-
tor x4 q, we assume || Tt 4|2 = 1 and (x4 q]; = €40 j44/2
forall j €[d/2].

The positive definiteness of H is a standard non-singularity
condition in kernel and NTK literature (Arora et al. 2019;
Zhou, Li, and Gu 2020), ensuring that the learned function is
well-defined. The structural conditions on the input vectors
are mild technical requirements for the theoretical analysis,
which guarantee that the network output at initialization is
zero, simplifying the subsequent regret bounds (Zhou, Li,
and Gu 2020).

Our second key assumption concerns the data coverage of
the offline dataset D,,. In the offline setting, we cannot ac-
tively explore, so the quality of the learned policy depends
entirely on the data collected by the behavior policy p. A
common, but often restrictive, assumption is uniform cover-
age, which requires p to explore all actions sufficiently. We
relax this significantly by extending the concept of empiri-
cal single-policy concentration (eSPC) (Rashidinejad et al.
2021) to the multi-objective domain.

Assumption 2 (MO-eSPC) Ler 75, = argming g™ (z|\)
be the optimal policy for a given preference vector X\. We
assume there exists a constant . € (0,00) such that for all
t € [n]:

mA ()
(| Dy, at)

This assumption requires the behavior policy p to provide
sufficient coverage only over the set of Pareto-optimal poli-
cies, indexed by all possible preference vectors A. Unlike
uniform coverage assumptions that demand exploration over
all possible policies, MO-eSPC only requires that for any
trade-off preference, the corresponding optimal action has a
non-trivial probability of being selected by p. This is a far
more practical condition, as it allows the behavior policy to
have been goal-oriented itself, as long as its goals were suf-
ficiently diverse to cover the Pareto front. It also accommo-
dates non-stationary behavior policies, such as those used in
active data collection scenarios.

We now present the main theoretical result of this paper:
an upper bound on the sub-optimality of the policy 7 learned
by the OffMOB algorithm. The bound characterizes the pol-
icy’s performance as a function of the number of data points
n, the number of objectives m, the complexity of the prob-

< K.

(11)

sup
AeAm-1

‘ oo
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lem measured by the effective dimension d, and the quality
of the offline data quantified by the MO-eSPC coefficient .

Theorem 2 (Sub-optimality Bound for OffMOB)

Assume Assumptions 1 and 2 hold. For any § € (0,1),
there exist sufficiently large polynomial dependencies of
the network width myy on (n, K, L, \xx, Ao * log(m/9))
such that with probability at least 1 — 6, the final policy 7
returned by Algorithm 1 satisfies:

subop () = 0 LK ) 78|

12)

This theorem establishes that the sub-optimality of Off-
MOB converges to zero as the size of the offline dataset n
increases. The bound scales linearly with the data coverage
coefficient x and with the number of objectives m. Impor-
tantly, the dependence on the number of data points and ac-
tions (n, K) is captured by the effective dimension d, which
is typically much smaller than the ambient dimension, thus
avoiding a vacuous bound.

We highlight several key aspects of this result. First, this
theorem provides the first provably efficient generalization
guarantee for offline multi-objective bandits using overpa-
rameterized neural networks. A critical feature is that the
bound scales with the effective dimension d, which often
grows only logarithmically with the sample size n. This en-
sures the bound is non-vacuous and meaningful for modern
deep learning models. Second, the linear dependence on the
coefficient £ demonstrates that OffMOB succeeds under a
practical, concentrated data coverage assumption, avoiding
the need for restrictive uniform exploration. These proper-
ties establish OffMOB as a theoretically sound and practical
algorithm for this challenging setting.

S Experimental Results

In this section, we conduct experiments on synthetic datasets
to evaluate the empirical performance of our proposed algo-
rithm, OffMOB. We compare it with several representative
baselines adapted for the offline multi-objective setting.

5.1 Experimental Setup

Baselines. We compare OffMOB with five baseline meth-
ods, each adapted to the multi-objective framework by using
the Tchebycheff scalarization for decision-making.

* MOLinLCB: An extension of LinLCB (Jin, Yang, and
Wang 2020) to the multi-objective setting. It models each
of the m reward functions with a separate linear model
and uses a pessimistic (LCB) approach for policy selec-
tion based on the Tchebycheff scalarization.

MOKernLCB: An offline multi-objective counterpart of
KernelUCB (Valko et al. 2013). It models each reward
function within a Reproducing Kernel Hilbert Space
(RKHS) and employs a pessimistic LCB strategy.

MONeuralLinLCB: This baseline first uses the gra-
dient of an initialized neural network, ¢(x,)
vee(V fiwo (), as a fixed feature extractor. It then
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Figure 1: The Tchebycheff sub-optimality of off MOB versus the baseline algorithms on three types of nonlinear datasets.

applies MOLinLCB on these high-dimensional features.
The network fy4(0) is identical to the one used by Oft-
MORB at initialization.

MONeuralLinGreedy: Identical to MONeuralLinLCB
but uses a greedy strategy. It makes decisions based on
the empirical point estimates of the rewards, without con-
sidering uncertainty.

MONeuralGreedy: This is an ablation of our OffMOB
algorithm. It is identical to OffMOB in its use of trainable
neural networks to model rewards, but it makes decisions
greedily based on the network’s current predictions, ig-
noring the pessimistic confidence bounds.

Evaluation Metric. We evaluate all algorithms using the
expected Tchebycheff sub-optimality (SubOpt(r)) as de-
fined in Section 2.2. For each experimental run, we approx-
imate this metric by drawing a large number of test contexts
from the true context distribution p and a large number of
preference vectors A from the uniform distribution over the
simplex A™~1,

Experiment Protocol. For each experimental setting, we
vary the number of offline samples n and repeat each ex-
periment for 5 independent runs. We report the mean sub-
optimality and the corresponding 95% confidence intervals.

5.2 Implementation Details

Approximation. To manage computational complexity,
we adopt standard approximation techniques. For OffMOB
and MONeuralLinLCB, the covariance matrix A; can be
very large. We approximate it by its diagonal, which is
a common and effective heuristic (Riquelme, Tucker, and
Snoek 2018; Zhou, Li, and Gu 2020). For MOKernLCB,
which scales cubically with the sample size, we fit the kernel
model on the first 1,000 samples and use the resulting fixed
model for evaluation if the dataset size exceeds this limit.

Data Generation. The offline dataset D,, is generated by
a fixed behavior policy . We use a e-greedy policy, and ran-
domly select actions from the Pareto optima at each round.
This simulates a scenario where the data is collected by
a sub-optimal but reasonable goal-oriented policy. We set
€ = 0.1 for all experiments.

Hyperparameters. We set the regularization parame-
ter ANN 0.1 for all algorithms. For all LCB-based
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methods (OffMOB, MOLinLCB, MOKernLCB, MONeu-
ralLinLCB), we perform a grid search for the uncer-
tainty parameter § over the set {0.01,0.05,0.1,1,5,10}.
For MOKernLCB, we use the Radius Basis Function
(RBF) kernel and search for its bandwidth parameter o in
{0.1,1,10}. For algorithms using trainable neural networks
(OffMOB and MONeuralGreedy), we use the Adam opti-
mizer (Kingma and Ba 2014) with a learning rate 7 searched
over {0.0001,0.001} and an ly-regularization parameter of
0.0001. For all neural network-based methods, we use a 2-
layer MLP with hidden layer width of mnn.

Synthetic Datasets We evaluate the algorithms on con-
textual bandit problems with synthetic non-linear reward
functions, extended to a multi-objective scenario (m = 3).
The reward functions are inspired by those in (Nguyen-Tang
et al. 2022): h;(u) = 10(u?a;)?, hi(u) = uT AT A;u,
and h;(u) = cos(3u’c;). Here, a;,c; € RY are random
vectors on the unit sphere, and A; € R?*4d js random matri-
ces with entries drawn from N(0,1). The observed reward
is 7y = hi(x,q,) + &, where & ~ N(0,0I). For all in-
stances, the context dimension is d = 20, the number of ac-
tions is X = 30, and the neural network width is myn = 50.
The maximum number of offline samples is n = 2, 000.

5.3 Results

Figure 1 shows that OffMOB consistently outperforms all
baselines across three distinct non-linear datasets. The sig-
nificant performance gap between OffMOB and its greedy
counterpart, MONeuralGreedy, highlights the critical im-
portance of incorporating pessimism to mitigate exploita-
tion risk. Furthermore, the nearly identical performance of
MONeuralLinLCB and MONeuralLinGreedy reveals that
pessimism is ineffective when the underlying model is mis-
specified, as the resulting uncertainty estimates are unreli-
able. This underscores the necessity of OffMOB’s expres-
sive, trainable model for effective offline decision-making.
We further evaluate our algorithm to varying levels of ob-
servational noise. Figure 2 illustrates the performance of all
methods on datasets with noise scales o set to 0.01, 0.1,
and 0.5. The results clearly show that OffMOB consistently
maintains its superior performance over all baselines across
these different noise conditions. While, as expected, the ab-
solute sub-optimality for all algorithms increases with the
noise level, OffMOB’s performance degrades gracefully. It
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Figure 2: Comparison between different scales of the noise on quadratic reward function h;(u) = 10(u” a;)%.

consistently retains a significant advantage over the next-
best methods, even in the high-noise setting. This demon-
strates the robustness of our approach in effectively learning
reliable policies from stochastic reward signals.

6 Related Work

Offline Bandits and Policy Learning. Offline contex-
tual bandits have become a central paradigm for decision-
making from logged data, with applications in recommen-
dation systems, healthcare, and digital marketing (Swami-
nathan and Joachims 2015; Gottesman et al. 2019; Bottou
et al. 2013). In the offline setting, a learner must optimize
policies solely from historical data generated by an unknown
behavior policy, without the ability to interactively explore
the environment (Langford and Zhang 2007; Dudik, Lang-
ford, and Li 2011). Most existing offline bandit algorithms
focus on single-objective reward learning, utilizing tech-
niques such as inverse propensity weighting (Strehl et al.
2010), doubly robust estimation (Wang, Agarwal, and Dudik
2017), and pessimism principles (Chen et al. 2021) to ad-
dress the challenges of distributional shift and counterfactual
estimation. Recent advances have extended these methods to
high-capacity models, including neural networks, with the-
oretical guarantees under sufficient data coverage assump-
tions (Uehara and Sun 2022; Rashidinejad et al. 2021; Zhan,
Zhu, and Xu 2021). However, these approaches are typically
designed for scalar reward functions and do not address the
unique challenges of multi-objective optimization.

Multi-Objective Bandits. Multi-objective bandit prob-
lems generalize the classic MAB framework by associat-
ing each action with a vector of rewards, corresponding
to different, potentially conflicting objectives (Drugan and
Nowe 2013; Tekin and Turgay 2018; Xue et al. 2024). The
core challenge is to balance exploration and exploitation
across objectives, aiming to identify Pareto-efficient actions
or policies (Cheng et al. 2024, 2025). Drugan and Nowe
(2013) introduced the Multi-Objective Multi-Armed Bandit
(MOMAB) framework using Pareto dominance, followed by
algorithms that analyze Pareto regret and trade-off surfaces
(Xu and Klabjan 2023). Contextual and generalized linear
extensions have also been studied (Turgay, Oner, and Tekin
2018; Lu et al. 2019; Xue et al. 2023), enabling more ex-
pressive models for user preferences. However, the majority
of these methods operate in the online setting, where poli-
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cies can interactively explore the environment, and typically
assume access to instantaneous multi-objective feedback for
all chosen actions.

Offline Multi-Objective Policy Learning and Pareto Re-
gret. Despite the practical significance of multi-objective
decision-making from logged data, the study of offline
multi-objective bandits remains largely unexplored. Most
offline learning research has focused on single-objective
settings, with only limited attention to vector-valued out-
comes in observational studies or batch reinforcement learn-
ing (Levine et al. 2020; Ishfaq et al. 2024). In the broader re-
inforcement learning context, some works have considered
offline policy evaluation or improvement using scalarization
techniques (Yang, Sun, and Narasimhan 2019; Abels et al.
2019). The challenge of learning policies that are Pareto-
optimal, that is, not dominated in any objective, has mo-
tivated the use of Pareto regret as a key evaluation metric
(Auer et al. 2016; Xu and Klabjan 2023). While recent ad-
vances in online multi-objective bandits have developed al-
gorithms and analyzed Pareto regret under various structural
assumptions (Lu et al. 2019; Cheng et al. 2024; Xue et al.
2025), these approaches fundamentally rely on active explo-
ration and cannot be directly applied in the offline context,
where only logged actions and their corresponding multi-
objective rewards are available. As a result, the interplay be-
tween data coverage, counterfactual estimation, and Pareto
policy learning in offline multi-objective bandits remains an
open and important challenge.

7 Conclusion and Discussion

In this work, we established a principled framework for of-
fline multi-objective contextual bandits. Our algorithm, Off-
MOB, effectively combines neural network approximators
with the pessimism principle to learn a robust policy that
can represent the entire Pareto front. We provided the first
finite-sample sub-optimality guarantees for this setting and
demonstrated empirically that OffMOB significantly outper-
forms relevant baselines, highlighting the importance of its
design.

A significant extension would be to generalize our frame-
work to the full offline multi-objective reinforcement learn-
ing setting. Finally, exploring methods to incorporate partial
or uncertain user preferences could further enhance the prac-
tical utility of our approach.
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