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Abstract

Personalized decision-making in multi-objective
bandits requires learning user-specific trade-offs
among competing objectives. Since arm utility de-
pends on both unknown rewards and unknown
preferences, existing methods infer preferences
only from utility feedback, entangling preference
learning with reward exploration. In practice, how-
ever, users often reveal their priorities through
proactive conversational queries (e.g., “cheap and
clean hotel”), yet this structured signal is not lever-
aged. We formalize a proactive query-based frame-
work in which user queries provide structured
preference signals. Modeling these signals via a
Plackett–Luce subset choice model, we show that
query-only learning is insufficient due to a fun-
damental shift-invariance barrier. To resolve this,
we introduce MO-PQUCB, a hybrid algorithm
that integrates query-based preference anchoring
with bandit feedback through shift-invariant reg-
ularization and dual-exploration UCB. We prove
that proactive queries accelerate preference estima-
tion and yield improved regret scaling over prior
preference-aware MO-MAB methods. Under cor-
rupted queries, we further characterize statistical
limits and design a robust estimator achieving near-
optimal performance when the corruption is sparse.
Experiments validate both theoretical and practical
gains.

1 INTRODUCTION

Multi-objective decision-making arises in many applications
such as personalized recommendation, dialogue planning
and so on, where competing objectives (e.g., cost, quality,
latency) must be balanced. The multi-objective multi-armed
bandit (MO-MAB) framework [Drugan and Nowe, 2013]

provides a principled model for sequential optimization
under uncertainty. However, most existing MO-MAB meth-
ods focus on identifying Pareto-optimal arms [Drugan and
Nowe, 2013, Turgay et al., 2018, Lu et al., 2019, Drugan,
2018, Balef and Maghsudi, 2023] without accounting for
user-specific trade-offs, leading to one-size-fits-all solutions.

Preference-aware MO-MAB formulations address this lim-
itation by modeling user preferences explicitly [Cao et al.,
2025]. In these models, each user is associated with a latent
preference vector over objectives, and utility is defined as
the inner product between preferences and objective rewards.
However, existing methods estimate preferences solely from
bandit feedback, coupling reward exploration with prefer-
ence learning and limiting statistical efficiency.

In practical interactive systems, users often reveal high-
level priorities through proactive conversational queries
(e.g., “cheap and clean hotel”, Fig.1), which provide struc-
tured signals about objective trade-offs [Rui et al., 2025,
Dao et al., 2024, Zhang, 2023]. Nevertheless, such signals
are not explicitly leveraged in existing MO-MAB frame-
works. In this work, we formalize a proactive query-based
preference elicitation framework for MO-MAB. We model
user queries as top-m objective rankings under a Plackett–
Luce subset choice model parameterized by the user’s la-
tent preference. We first show that query-only preference
learning suffers from a fundamental shift-invariance identi-
fiability barrier, making additional feedback necessary for
optimal decision-making. To overcome this limitation, we
propose MO-PQUCB, a hybrid algorithm that integrates
query-based preference anchoring with bandit feedback via
shift-invariant regularization and a dual-exploration UCB
strategy. This design leverages structured query feedback to
accelerate preference estimation while retaining principled
exploration of objective rewards.

Our contributions are summarized as follows:

• Framework. We introduce a proactive preference-aware
MO-MAB formulation that incorporates structured query
feedback. Our algorithm integrates query-based prefer-



Figure 1: Illustration of interaction styles in conversational
recommendation. (a) Passive interaction: the system pro-
poses items or keywords and receives binary feedback, pro-
viding limited information about user trade-offs. (b) Proac-
tive interaction: the user expresses high-level priorities in
the initial query, revealing structured preference signals that
enable more informative objective trade-off inference.

ence estimation with bandit learning to shrink con�dence
regions over personalized utilities.

• Theory. We characterize the statistical bene�t of proac-
tive queries and prove that MO-PQUCB achieves near-
optimal regret, improving regret scaling of

p
log T over

prior preference-aware MO-MAB methods.

• Robustness. We analyze learning under corrupted queries,
establish a fundamental lower bound identifying the learn-
ability regime, and design a robust estimator achieving
near-optimal performance under sparse corruption.

• Empirical validation. Experiments on synthetic and real-
world datasets demonstrate improved personalization and
robustness, and integration with large language models
highlights practical applicability.

2 RELATED WORK

The multi-objective multi-armed bandit (MO-MAB) frame-
work extends classical bandits to vector-valued rewards.
Early work primarily focused on Pareto-optimal arm identi-
�cation and Pareto regret minimization [Drugan and Nowe,
2013, Turgay et al., 2018, Lu et al., 2019, Drugan, 2018,

Balef and Maghsudi, 2023]. While these methods provide
principled global optimization guarantees, they do not ac-
count for user-speci�c trade-offs across objectives.

Preference-aware MO-MAB formulations incorporate user-
speci�c trade-offs across objectives. Some works assume
known structured orders (e.g., lexicographic hierarchies)
and optimize without learning preferences [Hüyük and
Tekin, 2021, Cheng et al., 2024]. Another line of work mod-
els preferences as latent vectors and de�nes utility as the
inner product between preference and objective reward vec-
tors, learning them jointly [Cao et al., 2025]. In this regime,
preferences are inferred solely from bandit feedback, cou-
pling preference learning with reward exploration.

Conversational and interactive bandit methods leverage user
interaction to guide exploration [Christakopoulou et al.,
2016, Zhang et al., 2020, Xie et al., 2021, Zhao et al.,
2022]. However, most existing frameworks are system-
driven, relying on keyword prompts or binary feedback,
which provide limited structural information about objec-
tive trade-offs. In contrast, our method supports proactive
user-initiated queries beyond system-driven binary interac-
tion and achieves improved regret scaling. We leave the
detailed discussion and systematic comparison including
regret bound with these methods in Appendix A.

3 PROBLEM FORMULATION

3.1 PREFERENCE-AWARE MO-MAB

We adopt the preference-aware MO-MAB framework pro-
posed in Cao et al. [2025]. Speci�cally, we consider a multi-
objective multi-armed bandit (MO-MAB) setting withK
arms,N users, andD objective dimensions. At each round
t 2 [T ] , usern 2 [N] is presented with an available arm
setA n

t � [K] . The learner selectsan;t 2 A n
t and observes

both the objective reward vectorr an;t ;t 2 [0; 1]D and the
resulting scalar utility gan;t ;t .

Objective Rewards. For each armi , the objective reward
vector r i;t is drawn i.i.d. from an unknown distribution
supported on [0; 1]D , with mean � i .

User Preferences. Each usern is associated with an un-
known mean preference vectorcn 2 RD , indicating pref-
erence onD objectives. At each roundt, the instantaneous
preference vectorcn;t 2 [0; B] D is drawn i.i.d. from an
unknown distribution supported on [0; B]D with meancn .

Independence. For allt; n; i , we assume the reward vector
r i;t and preference vectorcn;t are independent. This is
realistic in many applications sincect andr t are inherently
driven by independent factors of user characteristics and
arm attributes [Cao et al., 2025]. For instance, an individual
user's personal preferences do not affect a hotel's location,
environment, or pricing, and vice versa.
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