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Abstract

Interactive preference elicitation (IPE) aims to substantially
reduce human effort while acquiring human preferences in
wide personalization systems. Dueling bandit (DB) algorithms
enable optimal decision-making in IPE building on pairwise
comparisons. However, they remain inefficient when human
feedback is sparse. Existing methods address sparsity by heav-
ily relying on parametric reward models, whose rigid assump-
tions are vulnerable to misspecification. In contrast, we explore
an alternative perspective based on feedback augmentation,
and introduce critical improvements to the model-free DB
framework. Specifically, we introduce augmented confidence
bounds to integrate augmented human feedback under general-
ized concentration properties, and analyze the multi-factored
performance trade-off via regret analysis. Our prototype al-
gorithm achieves competitive performance across several IPE
benchmarks, including recommendation, multi-objective opti-
mization, and response optimization for large language mod-
els, demonstrating the potential of our approach for provably
efficient IPE in broader applications.

Code — https://github.com/COLA-Laboratory/IPEA-HF
Extended version — https://arxiv.org/abs/2511.09047

1 Introduction
In personalization systems ranging from recommendation
(Austin et al. 2024) and multi-objective optimization (Huang,
Wang, and Li 2024) to large language models (LLMs)
(Rafailov et al. 2023), acquiring user preferences is essential
but often incurs great human effort. Interactive preference
elicitation (IPE) has the potential to substantially reduce this
burden by selectively querying users through iterative strate-
gies (Xiong et al. 2024). Building on pairwise comparisons,
the dueling bandit (DB) framework has evolved into a strong
theoretical foundation for IPE over the past decade (Yue et al.
2012; Zoghi et al. 2014; Saha 2021). However, even under
optimal strategies, the DB framework struggles to maintain
efficiency in the presence of sparse feedback, leading to wan-
ing research attention and limited practical adoption in recent
years. As a result, while personalization systems continue
to demand data-efficient interaction, achieving provably effi-
cient IPE remains a pressing challenge.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Sparse feedback in practice often reveals a deeper insight:
human preferences are more than isolated pairwise compar-
isons. They are also shaped by cues such as contextual in-
formation and latent dependencies (Sun et al. 2024). The
independent treatment of human feedback in the DB frame-
work may be a key source of its inefficiency. Augmenting
human feedback with these cues could pave the way for a
more effective DB framework that better facilitates IPE. Pre-
liminary efforts in this direction have primarily relied on para-
metric preference models, most notably the Bradley–Terry
(BT) model (Bradley and Terry 1952). However, while such
model assumptions are convenient and analytically tractable,
they have been increasingly criticized for their susceptibility
to model misspecification (Heckel et al. 2016; Verma et al.
2025) and suboptimal performance in the presence of non-
transitive preferences (Munos et al. 2024). Alternative meth-
ods that exploit contextual information and dependencies do
exist but have yet to form a widely applicable framework
(Sui et al. 2017; Xiao et al. 2025). Furthermore, several fun-
damental questions about the DB framework with augmented
human feedback remain unaddressed. In this work, we focus
on the following three research questions (RQs):
RQ1: How can the DB framework integrate and inter-

pret the role of augmented human feedback, while reducing
reliance on rigid, predefined model assumptions?

In the broader framework of contextual bandits (Lattimore
and Szepesvári 2020), side information can be exploited
through various approaches, including structured reward esti-
mation, candidate partitioning, or similarity-based methods.
Algorithms based on parametric BT models, for instance, typ-
ically fall under the reward estimation category. As discussed
earlier, reward estimation risks model misspecification and
struggles to accommodate non-transitive preferences. Alter-
natively, candidate partitioning offers favorable regret bounds
that scale with the number of partition groups (Huang, Wang,
and Li 2024). However, it relies on a strong assumption that
candidates can be cleanly divided into distinguishable subsets,
an assumption often unverifiable in real-world settings. In
this work, we explore similarity-based methods to integrate
augmented human feedback. While closely related to other
approaches (Slivkins 2014), such methods remain largely
underexplored with respect to their efficiency in IPE (Sui
et al. 2017). Our methodology is motivated by extending
the concentration results of the context-free DB framework
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Figure 1: Comparison of three DB approaches: context-free DB, structured reward estimation, and DB with augmented feedback.

(Zoghi et al. 2014). We conclude that augmenting human
feedback serves as a mechanism for uncertainty calibration,
offering a unifying perspective across various DB approaches.
A comparison of DB approaches is presented in Figure 1.

RQ2: Does the incorporation of augmented human feed-
back consistently improve the efficiency of DB algorithms, or
can it sometimes introduce performance degradation?

Existing studies on augmented human feedback, typically
grounded in parametric or distinguishable assumptions, have
shown considerable promise in improving sample efficiency.
However, they often struggle to explain common pitfalls
such as overfitting (Azar et al. 2024) and optimization ineffi-
ciencies (Razin et al. 2025). By discarding these predefined
assumptions, we open the black box of feedback augmen-
tation, enabling a deeper investigation into how augmented
human feedback influences decision-making within the DB
framework. Following the upper confidence bound (UCB)
method (Srinivas et al. 2010), we provide theoretical analysis
of sample complexity and regret bounds, revealing an explicit
trade-off governed by multiple factors. These findings pro-
vide practical guidance on when to leverage, how to calibrate,
and what to explore regarding human feedback augmentation,
positioning the DB framework as a stronger foundation for
subsequent IPE algorithm design and evaluation.

RQ3: Can the DB framework be extended beyond pairwise
comparisons to incorporate richer forms of human feedback,
thereby establishing a more general foundation for IPE?

Most IPE approaches, including augmented variants of the
DB framework, are constrained to receiving human pref-
erences exclusively through pairwise comparisons. How-
ever, incorporating richer forms of human feedback, such
as feature-level comparisons (Austin et al. 2024), expert
demonstrations (Sun et al. 2024), and explanations of hu-
man choice (Ghazimatin et al. 2021), has been shown to
positively influence decision-making efficiency. As diverse
feedback sources become increasingly available, the standard
DB framework remains limited in its ability to directly utilize
such information. Fortunately, our DB framework offers the
potential to integrate heterogeneous forms of human feedback
beyond pairwise comparisons. This is achieved by treating
all feedback as a unified signals that characterize contextual
similarity and dependencies among candidates. Ultimately,
this would provide a more flexible foundation for IPE tasks.
We highlight the following key advances in this work:

• We develop a model-free DB framework with a general-

ized concentration property, enabling the integration of
augmented human feedback and the quantification of its
influence. Our framework connects human feedback to the
calibration of confidence bounds, aligning in mechanism
with a broad class of DB approaches.

• We study the sample complexity and cumulative regret
bounds in the proposed DB framework, revealing an ex-
plicit trade-off between the amount of augmented human
feedback and the strength of contextual dependencies. In
addition, our analysis includes partition-based approaches
(Huang, Wang, and Li 2024) as a special case.

• We present prototype designs that incorporate a similarity-
based graph structure and an auxiliary annotation pro-
cess for capturing contextual dependencies. Our al-
gorithms demonstrate competitive performance across
several benchmarks, including recommendation, multi-
objective optimization, and LLM response optimization.

2 Problem Formulation
We consider an IPE task involving K (K → 2) candidates,
where the goal is to identify the candidate that best aligns
with the user’s preference, typically inferred through pairwise
comparisons. Mathematically, the task can be formulated as
aK-arms DB problem, where the set of arms is indexed by
A = {1, 2, . . . ,K}. When contextual information is avail-
able, each arm ai is associated with a context vector xi ↑ X .
In the t-th round, the user is asked to evaluate a pair of arms
(ai, aj), where i, j ↑ A and i ↓= j. The user should decide,
based on her/his preferences, whether ai is better, worse, or
equivalent to aj , denoted as ai ↔p aj , ai ↗p aj , or ai ↘p aj .
For stochastic preferences, we assume a fixed preference ma-
trix P = [pi,j ]K→K , where pi,j denotes the probability that
arm ai is preferred over arm aj (Yue et al. 2012). Without
loss of generality, we have pi,j + pj,i = 1 and pi,i = 0.5.
An arm ai is said to be superior to the aj if pi,j > 0.5. We
also denote the best candidate as the winner a↑, defined by
criteria such as the Condorcet or Copeland winners (Urvoy
et al. 2013), among all arms.
The context-free DB framework maintains a winning ma-

trixB = [bi,j ]K→K to record the pairwise comparison labels,
where bi,j denotes the number of times when arm ai is pre-
ferred over arm aj . The estimated preference probability
with mean p̃i,j =

bi,j
bi,j+bj,i

, and the upper confidence bound
(UCB)U = [ũi,j ]K→K and lower confidence bound (LCB)
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L = [l̃i,j ]K→K are given by (Zoghi et al. 2014):

ũi,j = p̃i,j +

√
ω log t

bi,j + bj,i
, l̃i,j = p̃i,j ≃

√
ω log t

bi,j + bj,i
, (1)

where ω > 0 controls the confidence interval, and t is the
total number of comparisons so far. Consequently, all arms
are treated independently according to their own labels.

To encode contextual information and dependencies (Latti-
more and Szepesvári 2020), a common DB approach is based
on structured reward estimation. This approach assumes a
structured form for pi,j , such as the BT model, and a para-
metric reward function f(xi, xj) = ε↓(xi ≃ xj), with the
unknown parameter ε to be determined:

p̃i,j(xi, xj) =
1

1 + exp(≃f(xi, xj))
, xi, xj ↑ X . (2)

This formulation transforms the problem of identifying the
best arm into one of learning the unknown parameter ε. De-
spite its favorable sample complexity, both the probability
structure and parametric reward assumptions have been called
into question (Heckel et al. 2016; Verma et al. 2025; Munos
et al. 2024; Azar et al. 2024; Razin et al. 2025).
Another way to leveraging contextual information is

through candidate partitioning, such as clustering (Huang,
Wang, and Li 2024), merging (Li et al. 2020), or team group-
ing (Cohen, Schmidt-Kraepelin, and Mansour 2021). These
methods partition the K arms into C subsets, where C < K
in order to improve sample efficiency. The partitioning pro-
cess is often based on the assumption that all arms within the
winner subset are strictly superior to those in other subsets
(Jedor, Perchet, and Louëdec 2019), a property we referred to
as distinguishability. However, candidate partitioning in real-
world IPE may not always guarantee such property. A more
robust alternative is to model dependencies through similarity
(Sui et al. 2017). Let s : X ⇐ X ⇒ [0, 1] denote a similarity
function. The special case where s ↑ {0, 1} corresponds to
settings satisfying the distinguishable property. Nevertheless,
the sample efficiency based on similarity remains unclear.
We will explore this gap in the subsequent sections.

In this work, we consider the Condorcet winner (Yue et al.
2012) for both analytical convenience and consistent bench-
marking across different DB approaches. Specifically, the
probability of a↑ satisfies p↑,j > 1/2, ⇑j ↑ A \ {⇓}. If ai
and aj were chosen for comparison at time t, the instanta-
neous regret is defined as rt =

!i+!j

2 , where!k = p↑,k≃
1
2 ,

⇑k ↑ A. Accordingly, in the context of DB, the objective of
IPE is to minimize the cumulative regret up to time T , defined
as R(T ) =

∑T
t=1 rt. The equivalence of regret measures for

parametric DB approach is demonstrated in (Saha 2021).

3 Method
In this section, we delineate the DB framework for IPE

with augmented human feedback, referred to as IPEA-HF.
The overall structure is outlined in Algorithm 1, which com-
promises four key components. It begins by introducing aug-
mented confidence bounds that incorporate augmented hu-
man feedback in a model-free setting. This is followed by

Algorithm 1: Pseudo-code of IPEA-HF
Input: Candidate number K, context set X , ω > 0
Init: B = [0]K→K , graph G(X ,K),W = [0].
repeat
U,L ⇔ AugConfidanceBound(B,G,W,ω)
Select pairs (ai, aj) ⇔

DuelingBanditAlgo(U,L)
Observe awin, alose and update bwin,lose ⇔ bwin,lose + 1
W ⇔ DependencyExtract(X ,G,W )
G ⇔ FeedbackAug(awin, alose,W,G)

until IPE task finished or budget exhausted

pair selection criteria, which depend on the specific DB algo-
rithm employed, such as the relative upper confidence bound
(RUCB) (Zoghi et al. 2014) or double Thompson sampling
(DTS) (Wu and Liu 2016). Upon observing a user response,
IPEA-HF augments the feedback based on contextual sim-
ilarity and extracted dependencies through computational
algorithm designs and additional annotations.

3.1 AugConfidanceBound: Integrating
Confidence Bounds with Augmented Feedback

The confidence bounds in the DB framework play a pivotal
role in determining which pairs are selected for comparison,
and ultimately shape the overall query process. As formal-
ized in equation (1), bounds ũi,j and l̃i,j in the context-free
DB approach rely solely on direct observations from com-
parisons between the pair (ai, aj), specifically the counts
bi,j and bj,i. In contrast, we explore whether incorporating
additional related observations from augmented human feed-
back can enhance the estimation of confidence bounds. For
i, j ↑ A, let nd

i,j(t) = bi,j + bj,i denote the number of direct
comparisons between ai and aj up to time t, and let nr

i,j(t)
denote the number of related observations inferred from other
pairwise comparisons up to time t. We then define the total
observation count as ni,j(t) = nd

i,j(t) + nr
i,j(t). The aug-

mented mean becomes p̂i,j = 1
ωni,j(t)

(
bi,j +

∑nr
i,j

k=1 X
k
i,j

)
,

and the UCB and LCB take the following form:

ûi,j = p̂i,j +
1

ϑ

√
ω ln t

ni,j(t)
, l̂i,j = p̂i,j ≃

1

ϑ

√
ω ln t

ni,j(t)
. (3)

where ϑ =
(
nd
i,j +

∑nr
i,j

k=1 w
k
i,j

)
/ni,j with wk

i,j ↑ [0, 1] to

be determined, and Xk
i,j denotes a random variable in [0, 1]

determined by related observations. By definition, without
augmented feedback, i.e., nr

i,j = 0, the augmented confi-
dence bounds reduce to model-free ones in equation (1).

Concentration property We provide the following con-
centration property of the augmented confidence bounds as
a generalized result from the context-free DB framework
(Zoghi et al. 2014; Wu and Liu 2016).
Theorem 3.1. Assume Xk

i,j ↖ Bernoulli(wk
i,jpi,j) and let

C(ϖ) =
(

(4ε↔1)K2

(2ε↔1)ϑ

) 1
2ω→1

. Given the preference matrix P
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(nd
i,j, n

r
i,j + 1) with large wr

ij

Figure 2: Comparison of confidence intervals adding a direct observation or a related observation. The curve shows the derivative
of the bound in equation (4), where the shaded area is the probability that the confidence interval fails to contain pi,j .

with K arms, then, for any ω > 0.5 and ϖ ↑ (0, 1), we have:

P
(
⇑t > C(ϖ), i, j ↑ A, pi,j ↑

[
l̂i,j(t), ûi,j(t)

])
> 1≃ϖ.

(4)

The proof is given in Appendix 10.1. This result suggests
that additional observations can be leveraged to inform the
estimation of confidence bounds in conjunction with the la-
tent dependency weight wk

i,j . We will later discuss how to
obtain the weights in Section 3.3.
We now study the property of concentration. Consider

the case where nr
i,j(t) = 0. Given a direct observation,

the confidence interval shrinks from
√
ω ln t/nd

i,j(t) to
√

ω ln t/(nd
i,j(t) + 1). The confidence intervals progres-

sively narrow as the number of direct comparisons increases
(Zoghi et al. 2014). By contrast, for a related observation,
the confidence bound takes the form 1

ω

√
ω ln t/(nd

i,j(t) + 1).

Notably, the weighting term wk
i,j influences the behavior of

the confidence bound. When wr
i,j = 1, we have ϑ = 1, and

the confidence bound shrinks in the same way as with a direct
observation. Conversely, when wr

i,j = 0, the bound becomes√
ω(nd

i,j(t) + 1) ln t/nd 2
i,j (t), which is strictly larger than

the original bound
√
ω ln t/nd

i,j(t). Therefore, both direct
and relative observations contribute to the uncertainty cali-
bration for the confidence bounds, with the effect of relative
observations depending on the strengths of dependencies.

Calibration threshold When estimating pi,j , a smaller
confidence interval is desirable for making more informed
decisions. We can quantify the impact of augmented feedback
by the ratio of confidence intervals with and without a relative
observation:

ûi,j ≃ l̂i,j

ũi,j ≃ l̃i,j
=
1

ϑ

√
ω ln t

nd
i,j(t) + 1

/

√
ω ln t

nd
i,j(t)

↑

[√
1≃

1

nd
i,j(t) + 1

,

√
1 +

1

nd
i,j(t)

]
. (5)

We can derive a threshold condition for identifying good feed-
back augmentation that facilitates uncertainty calibration:

wr
i,j > ϑni,j(t)

(√

1 +
1

ni.j(t)
≃ 1

)
. (6)

This condition holds for all nr → 0. The detailed derivation
is provided in Appendix 10.2. The result indicates that the
contribution of a relative observation increases monotonically
with the strength of wr

i,j , becomes equivalent to a direct
observation when wr

i,j = 1, and diminishes as the number of
direct observations increases, as illustrated in Figure 2.

Connections to other DB approaches The augmented
confidence bounds naturally encompass partition-based ap-
proaches as a special case. Specifically, for all arms within
a distinguishable group, related observations correspond to
complete dependencies, i.e., wr

i,j = 1. By considering only
related observations within the same group, the comparison
between individual arms effectively reduces to a compar-
ison between groups, mirroring the operations adopted in
partition-based approaches. For DB approaches with struc-
tured reward, they maintain a pairwise score of the form
uf (xi, xj) = ε̂(xi ≃ xj) + ϱ↙xi ≃ xj↙V →1 where ε̂ is the
estimated parameter, ϱ > 0, and V is the sum of outer prod-
ucts of compared pairs (Verma et al. 2025; Saha 2021). The
second term of uf (xi, xj) represents the confidence bound
expressed as a Mahalanobis norm (Mahalanobis and 1936).
For a pair (ai, aj), more frequent comparisons, i.e., more di-
rect observations in our setting, assign smaller weight to the
direction of xi ≃ xj . Given a related observation that is close
in distance to (ai, aj), representing stronger dependencies,
the weight is further reduced along that direction, indicating
a narrowed uncertainty calibration for the score of (ai, aj).
This mechanism that lowers the direction weight in the pres-
ence of high-correlated observations aligns with our proposed
method. However, the confidence bound in structured reward
approaches remains heuristic and lacks formal guarantees
on the concentration property (i.e., pi,j may not be included
within the bound with high probability as t increases beyond
a certain threshold), making it prone to overfitting due to
model misspecification.
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Insights on RQ1: By leveraging the generalized concen-
tration property, our method fundamentally strengthens
the model-free DB framework by incorporating related
observations into the estimation of winning probabili-
ties and confidence bounds. We identify the key condi-
tions under which contextual correlations enhance un-
certainty calibration and establish clear connections to
structured and partition-based approaches, highlighting
the broader applicability.

3.2 DuelingBanditAlgo: Decision-Making
with Augmented Feedback

The estimation of winning probabilities and their confidence
bounds is integrated into DB decision-making algorithms to
strike a balance between exploitation and exploration. These
algorithms select candidate pairs through a two-stage process:
1. (Exploitation) Select the most promising arm as the first

candidate. This is achieved by identifying the arm whose
UCBs outperform the largest number of other arms.

2. (Exploration) Select the most competitive arm against the
first candidate. This aims to identify the arm likely to beat
the first selected arm according to their UCB and LCB.

Existing DB algorithms differ in their selection mechanism,
including both deterministic and stochastic strategies, such
as RUCB (Zoghi et al. 2014) and DTS (Wu and Liu 2016).
Our augmented confidence bounds can be seamlessly in-
tegrated into both types. We propose two DB algorithms:
IPEA-RUCB and IPEA-DTS integrated with augmented
confidence bounds, with detailed descriptions in Appendix 7.

Sample Efficiency Following the analysis in (Zoghi et al.
2014), we investigate the RUCB variant integrated with aug-
mented confidence bounds. Since our framework incorpo-
rates both direct observations (real samples) and related ob-
servations (virtual samples), the following result establishes
a high-probability bound on the total sample complexity of
each suboptimal arm pair.
Theorem 3.2. Given the setup in Theorem 3.1, and letDw

i,j =
4ε

minr wr 2
i,j min{!2

i ,!
2
j}
. For the IPEA-RUCB algorithm and

any suboptimal pair (ai, aj) ↓= (a↑, a↑), ni,j(t) satisfies

P (∝t, i, j ↑ A, ni,j(t) > C(ϖ) ′Dw
i,j ln t) < ϖ. (7)

The proof is given in Appendix 10.3. Accordingly, the
multi-factored sample complexity reveals a fundamental
trade-off in integrating augmented feedback. On the pos-
itive side, for a pair (ai, aj) that utilizes related observations
of (am, an), it holds that nd

i,j(t)+nd
m,n(t) ∞ ni,j(t). That is,

the number of direct observations of one pair that provide aug-
mented feedback to other pairs is already included in the total
sample count of the latter. If more pairs are related, the total
sampling count satisfies nd

i,j(t) +
∑

m,n n
d
m,n(t) ∞ ni,j(t).

This indicates that incorporating related observations has the
potential to improve overall sample efficiency. However, for
less dependent observations, e.g., whenminr wr

i,j ⇒ 0,Dw
i,j

can increase significantly, introducing a large coefficient into
the overall sample complexity. According to this trade-off,

augmented feedback should be integrated selectively, priori-
tizing observations with strong contextual dependencies.

Regret Analysis To conduct regret analysis, we assume
bidirectional dependency: if a pair (ai, aj) utilizes related ob-
servations from another pair (am, an), the latter also utilizes
the observations from (ai, aj). A direct consequence of this
assumption is the soft-clustering, grouping candidates into C
subsets. Notably, existing methods based on distinguishabil-
ity (Li et al. 2020; Cohen, Schmidt-Kraepelin, and Mansour
2021) or arm dependencies (Sui et al. 2017) satisfy this as-
sumption. Furthermore, our method generalizes beyond these
settings, as illustrated by the diverse cases in Figure 3.
Theorem 3.3. Follow the setup in Theorems 3.1 and 3.2 and
assume bidirectional dependencies. If we have C soft clus-
ters and each cluster contains Ki candidates, the cumulated
regret bound of IPEA-RUCB is O

(
1

mini,j,r wr
i,j
K̂2 log T

)
,

where K̂ = max{C,K1, . . . ,KC}.

The proof is provided in Appendix 10.4. This result sub-
sumes the partition-based DB approach as a special case.
For example, the cluster-based DB method achieves a regret
bound of O

(
C2 log T

)
(Huang, Wang, and Li 2024), where

the analysis is conducted at the cluster level under the as-
sumption of distinguishability (wr

i,j ∈ 1). In contrast, our
result operates at the candidate level and explicitly accounts
for varying degree of dependency, such that the candidate
count in each subset is also reflected in the effective pa-
rameter K̂. In conclusion, our regret bound generalizes the
partition-based approach (Huang, Wang, and Li 2024) and
offers promising support for DB algorithms that incorporate
correlations or dependent arms (Sui et al. 2017).

Insights on RQ2: Our analysis of sample complexity
and regret bounds reveals a fundamental trade-off in
incorporating augmented human feedback into DB algo-
rithms. Theoretical results consistently show that related
observations with strong dependencies can substantially
reduce the number of required interactions, thereby im-
proving efficiency. This finding aligns with existing con-
clusions and offers generalized support to model-free,
dependency-aware DB approaches.

3.3 DependencyExtract & FeedbackAug:
Computational Design

Our algorithm consists of two key components: extracting
dependencies and augmenting human feedback. Our analysis
(Theorem 3.1) characterizes latent dependencies as the joint
distribution of direct and indirect observations, formalized
as Bernoulli(wk

i,jpi,j). The weighting term wk
i,j captures the

conditional dependency between pairs.
To estimate wr

i,j , we follow a two-step procedure, as il-
lustrated in Figure 4. First, we construct a prior structural
skeleton by building a similarity graph over the candidates,
where the edges are determined by similarity distances in the
context space X . We filter out dissimilar pairs using graph
partitioning or soft clustering, thereby concentrating on the
most meaningful dependencies. As a result, each candidate
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Figure 3: Illustrative cases for bidirectional dependency. (a) Candidate partitioning. (b) Dependent arms with symmetric
correlations. (c) General case without bidirectional dependency. (d) Two-objective trade-off solutions whose dependencies are
determined by their distances. Given [a, b, c, d, e], the candidates can be safely grouped into two subsets. When c shifts to c↗, the
dependencies weaken, making soft clustering a more suitable choice.
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Figure 4: Illustration of computational design of dependency
extraction and feedback augmentation.

is associated with one or more groups, depending on the
employed partitioning method. At each round of pairwise
comparisons, we observe human feedback on a pair, e.g., ai
is preferred over aj . Then, we should determine the depen-
dencies. Through additional annotations, we selectively query
user or LLMs to annotate conditional dependencies over local
pairwise relations, and incorporate related observations with
high dependency scores into the DB loop. Specifically, we
iterate over and combine all pairs from the groups associated
with ai and aj . When ai and aj belong to the same group, no
feedback augmentation is performed.
While the annotation process for dependency estimation

provides valuable signals for feedback augmentation, it may
introduce errors, particularly when relying on simulated an-
notators such as LLMs. The robustness of our framework
stems from the fact that the influence of a related observation
is strictly weaker than that of a direct observation, and further
diminishes as the number of direct observations increases
(see equation (5)). In addition, the impact of biased estima-
tion in DB has been analyzed in (Yi, Kang, and Li 2024).
As interactions accumulate, the estimated dependencies are
either refined or discarded, enabling the algorithm to recover
from initial noisy annotations over time.

Richer Forms of Human Feedback In the modelling of
conditional dependencies, multiple forms of feedback can
be leveraged. Beyond pairwise comparisons and contextual
similarities, our method also incorporates reasoning signals
derived from LLMs or domain experts on latent contextual

dependencies. Additional types of data, such as human ex-
planations and rationales (Ghazimatin et al. 2021), can also
be readily integrated, all contributing to the discovery and
refinement of informative conditional dependencies. This
enables the incorporation of richer feedback signals within
a principled framework, supported by the theoretical foun-
dations of our DB framework. As more dependency data
becomes available, probabilistic graphical models can be
employed to capture joint distributions and conditional struc-
tures, thereby further denoising sparse human feedback and
estimating missing relationships.

4 Empirical Study
We evaluate our algorithms (IPEA-RUCB and IPEA-DTS)
across a diverse set of benchmarks:
• Item Recommendation. We consider the Sushi dataset
containing full rankings over 10 types of sushi collected
from 5,000 customer orders (Kamishima and Akaho
2010), and a Car Preference dataset with full rankings
over 10 cars provided by 60 U.S. users via Amazon Me-
chanical Turk (Abbasnejad et al. 2013).

• Multi-Objective Optimization.We adopt the a posteriori
setting of preference-based evolutionary multi-objective
optimization (PBEMO) (Huang, Wang, and Li 2024), con-
sidering the celebrated synthetic test problems (DTLZ2
and DTLZ7) with different landscapes (Deb et al. 2005).

• LLM Response Optimization. We follow the experimen-
tal settings in (Verma et al. 2025; Dwaracherla et al. 2024)
to conduct active exploration given a pool of responses
for each prompt sampled from Anthropic Helpfulness and
Harmlessness (H-H) dataset (Bai et al. 2022).

We consider five state-of-the-art DB methods spanning
context-free and parametric frameworks.
• Context-free algorithms. We include two prominent DB
algorithms: Relative Upper Confidence Bound (RUCB)
(Zoghi et al. 2014) and Double Thompson Sampling
(DTS) (Wu and Liu 2016).

• Parametric algorithms.We select three state-of-the-art
methods based on the BT models: Maximum Informative
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Figure 5: Regret trajectories on Sushi and Car Preference.
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Figure 6: Regret on DTLZ7 and LLM Exploration.

Pair (MaxInP) (Saha 2021), COLSTIM (Bengs, Saha,
and Hüllermeier 2022), and VACDB (Di et al. 2024).

Detailed experimental settings are given in Appendix 8.

Item Recommendation We simulate 2,000 interaction
rounds to reflect the aggregated preferences of a user group.
The cumulative regret of all algorithms is shown in Figure 5.
Under a moderate number of candidate items, context-free
DB algorithms consistently outperform parametric baselines.
Building on this foundation, our proposed algorithms achieve
further improvements in sample efficiency. The inferior per-
formance of parametric methods is largely due to model mis-
specification, which is exacerbated when handling real-world,
mixed-type feature spaces. Moreover, some parametric al-
gorithms suffer from premature convergence. For example,
VACDB exhibits a steadily increasing regret curve, indicating
that it fails to maintain effective exploration over time.

Multi-Objective Optimization We simulate 200 interac-
tion rounds to evaluate algorithm performance under sparse
human feedback. The cumulative regret trajectories are
shown in the left panel of Figure 6. As expected, the standard
DB algorithms RUCB and DTS exhibit poor efficiency when
facing a large candidate set (1002 pairs) and a limited interac-
tion budget. Although parametric DB algorithms demonstrate
relatively better performance, their limitations are evident.
Regarding the query frequency as given in Figure 7, both
COLSTIM and VACDB repeatedly select a small subset of
pairs, reflecting strong exploitation and a lack of sufficient
exploration. In contrast, our proposed algorithms achieve a
better trade-off between regret minimization and query di-
versity. Notably, IPEA-RUCB performs more favorably than
IPEA-DTS under these conditions, suggesting that determin-
istic strategies may be more robust to sparse feedback.
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Figure 7: Analysis of Query frequency on the DTLZ7 task.
In the histogram, (2, 1000) denotes 1,000 unique pairs each
queried twice. A broader spread at low frequencies indicates
greater exploration.

Response Optimization The regret trajectories are shown
in the right panel of Figure 6. Most algorithms exhibit
a degree of inefficiency, with the exception of DTS and
IPEA-DTS, both employ a stochastic strategy. This aligns
with the empirical findings of (Dwaracherla et al. 2024),
where DTS was shown to be the most effective algorithm
for active exploration for LLMs. Notably, by integrating aug-
mented human feedback, our algorithms consistently out-
perform their context-free counterparts, RUCB and DTS. In
contrast, algorithms based on parametric models require sig-
nificantly more computational resource, due to the high di-
mensionality of the embedded feature space (768 dimensions
from the MPNet (Song et al. 2020)). As a result, without a
dedicated context-aware mechanism (Verma et al. 2025), the
effectiveness using parametric DB for response optimization
remains questionable.

In response optimization, our algorithms leverage not only
related observations from the same prompt but also inter-
prompt observations with high contextual similarity and de-
pendency. This pilot demonstration shows the effectiveness
of feedback augmentation beyond pairwise comparisons.

Insights on RQ3: By treating human feedback as unified
signals characterizing contextual similarity and depen-
dencies, our prototype computation designs are read-
ily extensible to incorporate richer forms of feedback.
In our experiments, we integrate contextual similarity,
LLM-powered dependency annotations, and inter-prompt
observations, each serving as an additional form of hu-
man feedback. This expands the applicability of the DB
framework, offering a promising pathway for adapting
to diverse feedback modalities in future IPE tasks.

5 Conclusions
We introduced a novel DB framework that integrates aug-
mented human feedback to enable provably efficient IPE.
By analyzing the concentration properties and performance
trade-offs, we demonstrated the effectiveness of feedback
augmentation and established connections to a broad class of
existing DB approaches. In addition, we proposed prototype
computational designs that incorporate richer forms of hu-
man feedback, and showed competitive performance across
diverse benchmarks. This work offers a principled, extensible
foundation for the development of personalization systems.
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