PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

LISTEN to Your Preferences:
An LLM Framework for Multi-Objective Selection'

Adam S. Jovine!, Tinghan Ye?, Francis Bahk'!, Jingjing Wang!
Matthew Ford!, David B. Shmoys', Peter 1. Frazier!
!Cornell University
2Georgia Institute of Technology
asj53 @cornell.edu, joe.ye @ gatech.edu, {feb47,jw2446,mtf62,dbs10,pf98} @cornell.edu

Abstract

Human experts often struggle to select the best op-
tion from a large set of items with multiple compet-
ing objectives, a process bottlenecked by the diffi-
culty of formalizing complex, implicit preferences.
To address this, we introduce LISTEN (LLM-based
Iterative Selection with Trade-off Evaluation from
Natural-language), an agentic LLM-based frame-
work that treats the LLM as a decision-making
agent capable of iteratively refining its internal
preference model and taking actions (e.g., propos-
ing utilities or selecting candidates) to maximize
alignment with a user’s implicit goals. To oper-
ate within LLM constraints like context windows
and inference costs, we propose two iterative al-
gorithms: LISTEN-U, which uses the LLM to re-
fine a parametric utility function, and LISTEN-T, a
non-parametric method that performs tournament-
style selections over small batches of solutions.
Evaluated on diverse tasks including flight book-
ing, shopping, and exam scheduling, our results
show LISTEN-U excels when preferences are para-
metrically aligned (a property we measure with a
novel concordance metric), while LISTEN-T of-
fers more robust performance overall. This work
explores a promising direction for steering com-
plex multi-objective decisions directly with natural
language, reducing the cognitive burden of tradi-
tional preference elicitation. Code is available at
https://github.com/AdamJovine/LISTEN.

1 Introduction

We consider a human decision maker choosing among a large
set of available items, such as airline flight itineraries or fi-
nal exam schedules. The decision maker is aided by at-
tributes describing the items (e.g., number of connections,
price, total duration, departure time). Unfortunately, the deci-
sion maker lacks a precisely defined utility function over the
attributes that would support the automatic selection of the
best item. Instead, the decision maker must manually inspect

fAn extended version with full appendix is available at https:
//arxiv.org/abs/2510.25799.

many items to select the one they prefer most. This can lead
to decision fatigue and poor decisions [Schwartz, 2015].

This problem is common. Surveys across engineering and
science domains [Farzane and Alireza B, 2022; Sharma and
Kumar, 2022; Gunantara, 2018] argue that most real-world
engineering design problems have multiple competing objec-
tives. Individuals also face many options in day-to-day life,
e.g., in online shopping, where combinatorial bundles of in-
teracting products (flight legs arranged into itineraries, com-
puter components arranged into a server) can explode in num-
ber.

Traditional solutions are often inadequate. Manual com-
parison of all options is time-consuming and prone to er-
rors. Pareto plots displaying one attribute against another
do not scale beyond a few attributes. Multi-objective op-
timization algorithms (see, e.g., [Knowles, 2006; Branke,
2008]) allow screening solutions off the Pareto frontier; how-
ever, when there are many attributes, the number of Pareto-
optimal solutions can be large. Utility elicitation, prefer-
ence learning, and other algorithmic search methods that re-
quire the decision-maker to express pairwise preferences be-
tween solutions [Obayashi et al., 2007; Wang er al., 2023;
Huber et al., 2025] or human-directed faceted search [Ozaki
et al., 2024] can help, but still require significant human ef-
fort. The core difficulty is that humans lack a time-efficient
way to accurately articulate their preferences.

Large language models (LLMs) open a new path here.
With their ability to interpret text, LLMs enable zero-shot
preference modeling, where a decision-maker’s goals can be
understood directly from a verbal description without ex-
pressing pairwise preferences. While recent research has be-
gun integrating LLMs into preference learning, they are typ-
ically used as components within larger systems—to guide
questioning [Lawless et al., 2024; Austin ef al., 2024], ex-
tract preferences from reviews [Bang and Song, 20251, or
simulate user behavior [Okeukwu-Ogbonnaya et al., 2025;
Zhang ert al., 2025]. However, how to best use LLMs to ac-
celerate human selections over a large collection of items re-
mains understudied.

1.1 Contributions

To address this gap, we introduce LISTEN: LLM-based
Iterative Selection with Trade-off Evaluation from Natural-
language, an agentic framework in which an LLM acts as a
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decision-making agent that iteratively observes candidate so-
lutions, reasons about trade-offs, updates an internal prefer-
ence representation, and takes actions to refine the candidate
set.

In our framework, a human expert first describes their pri-
orities in natural language. Then, using iterative refinement,
the algorithm selects its estimate of the best item. Our ap-
proach must contend with limits on the LLM’s context win-
dow and its ability to reason directly over large item lists,
which can prevent the LLM from selecting the best item in a
single call. Our approach must also limit the number of calls
to the LLM to save computational and financial costs.

We introduce two algorithms in the LISTEN framework:
LISTEN-U, which makes decisions according to paramet-
ric utility functions adaptively generated by the LLM; and
LISTEN-T, which uses the LLM to compare solutions in a
tournament-style selection mechanism.

We find that both methods perform at the level of the base-
lines or better. Our baselines span uniform random selection,
an equal-weighted average over numerical attributes, single-
call LLM ranking of all candidates, and human re-ranking.
LISTEN-U significantly outperforms other methods when
the held-out human rankings are in concordance with the
parametric assumption of the utility function, as measured by
anovel concordance metric developed in this work. When the
human rankings are not in concordance, this method may un-
derperform unless concordance is improved by adjusting the
prompt or the utility form. LISTEN-T is not bound by para-
metric utility assumptions and provides robust performance
across a range of problems.

1.2 Related Work

Our work contributes to the rapidly expanding application of
LLMs in optimization, yet we address a distinct and often
overlooked challenge. Much of the existing research focuses
on the pre-solving phase, from automatically formulating
problems from natural language [Ramamonjison ef al., 2023;
AhmadiTeshnizi et al., 2024; Xiao et al., 2024; Huang et al.,
2025], to configuring solver algorithms [Lawless ef al., 2025]
and even positioning the LLM as a direct, formulation-free
optimizer [Yang et al., 2024]. Complementing these efforts,
other work evaluates the foundational knowledge of LLMs on
core principles, such as primal-dual theory, which is crucial
for reliable modeling and education [Klamkin ez al., 2025].
In contrast to these approaches, our work addresses the post-
solution challenge by providing a method for users to effi-
ciently filter and navigate the large set of trade-off solutions
from a multi-objective optimization, thus complementing the
existing pipeline.

Our work is also related to research on how LLMs ex-
press preferences in pairwise comparisons, a concept foun-
dational to Reinforcement Learning from Human Feedback
(RLHF) [Ouyang er al., 2022] and the “LLM-as-a-judge”
paradigm [Zheng et al., 2023]. [Liu ef al., 2025] demon-
strated that models differ substantially in their logical prefer-
ence consistency, across dimensions such as transitivity, com-
mutativity, and negation invariance, and that improving this
consistency through methods such as their REPAIR method,
leads to more stable, reliable, and higher-performing systems

in downstream ranking and evaluation tasks. At the same
time, more recent work warns us of potential pitfalls when
treating LLMs as evaluators. [Gao et al., 2025] shows some
common pitfalls when using LLMs to simulate or replicate
human behavior. Their results suggest that LLMs’ internal
preference structures and responses are sensitive to extrane-
ous artifacts (such as prompt framing, role assignment, or
safety filters) and diverge from human behavior in unpre-
dictable ways. We extend these results to new multi-objective
settings, investigating whether these preference instabilities
are amplified when navigating the complex trade-offs be-
tween competing objectives.

2 Problem Description

We consider the problem of selecting a single preferred item
from a large collection of candidates. In many applications,
this collection represents the set of Pareto-optimal solutions
generated by a multi-objective optimization algorithm. For-
mally, let S = {s1,82,...,5n} be a set of N items. Each
item s; € S is described by a tuple of d attributes, s; =
(a;1,---,a:q). The attributes can be of mixed types; each
attribute a;; belongs to a domain D; that can be numerical
(e.g., R for price), categorical (e.g., a set of airline names),
or textual (e.g., a free-form product description). We are also
given a natural language utterance, U, that articulates a hu-
man decision-maker’s preferences over these attributes.

Our goal is to identify the item s* € S that best satis-
fies the preferences described in U. We assume access to a
pre-trained LLM, which acts as a preference-driven decision
agent, maintaining an evolving internal preference state and
producing actions (utility updates or selections) conditioned
on its observation history. The core challenge is to design
an algorithm that finds s* while adhering to a limited budget
of calls to the LLM. This setting is motivated by scenarios
where N and/or d are large, making it unrealistic for a human
to exhaustively inspect all items and unlikely for an LLM to
process the entire set in a single context window. We treat U
as one decision-maker’s articulation of their own preferences,
and target alignment with that individual user.

3 Methodology

To solve the selection problem defined in Section 2, we intro-
duce LISTEN (LLM-based Iterative Selection with Trade-
off Evaluation from Natural-language). LISTEN is an agen-
tic, iterative decision framework in which an LLM acts as a
closed-loop preference agent. As illustrated in Figure 1, at
each step, the agent observes a subset of candidate solutions,
reasons about trade-offs using the user’s natural-language
priorities, updates an internal preference representation, and
takes an action, either proposing a refined utility function
(LISTEN-U) or selecting a batch winner (LISTEN-T), to
guide the next iteration. This iterative design is crucial for
navigating large solution spaces while respecting the LLM’s
inherent context window and query budget limitations.

3.1 Prompting the Preference Oracle

The core of our framework is using an LLM to simulate the
decision-maker’s preferences in a zero-shot manner. We do
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Figure 1: LISTEN as an agentic decision loop: an LLM agent iteratively refines preferences or selects champions to identify the most

preferred solution.

not fine-tune the LLM; instead, all queries follow a structured
prompt that encapsulates the decision context. Each prompt
sent to the LLM consists of five key components:

1. Persona Context: Assigns arole to the LLM (e.g., “You
are a University registrar”).

2. Attribute Definitions: Defines the attributes of the
items (e.g., “Conflicts: students with two exams at the
same time”).

3. User Priorities: The natural language utterance U de-
scribing the user’s goals (e.g., “prioritize minimizing
back-to-back exams”).

4. Solutions: The candidate item(s) to be evaluated in the
current step.

5. Format Instructions: Specifies the desired output for-
mat (e.g., a JSON object).

This consistent structure provides the LLM with all the nec-
essary context to act as the preference oracle in any given
algorithmic step, whether it is refining a utility function or
selecting a champion from a batch.

From an agentic perspective, each prompt instantiates the
agent’s current belief state (encoded via weights or cham-
pions), while the LLM’s output corresponds to an action
that updates this state or advances the selection policy.
This explicit observe—reason—act loop situates LISTEN as a
lightweight, tool-free decision agent.

3.2 LISTEN-U: Iterative Utility Refinement

Our first algorithm, LISTEN-Utility (LISTEN-U), is a para-
metric approach. It assumes a linear utility function, u(s) =
w | s defined over the encoded feature vector s™™: gen-
uinely numerical fields (e.g., price, battery life) and, when an
integer-to-category mapping is supplied to the LLM in con-
text, label-coded categorical fields. Free-text descriptions and
other non-scored attributes inform the LLM’s reasoning but
are not part of the scoring function. The agent iteratively re-
fines its internal utility representation w to identify the best

Algorithm 1 LISTEN-U: Iterative Utility Refinement

Require: Solution set S, max iterations 7', LLM oracle L,

preference utterance U

1: Initialization:

2: Construct initial prompt p; with U and definitions of all
attributes

3: Elicit initial weight vector w; for numerical attributes
from £L(p1)

4: For each s; € S, let s]"™ be the vector of its numerical
attributes

5: Let s3"™ be the version of s
to [0, 1]

num

i with attributes normalized

6: 8* ¢ argmax,,cs wy SM™M

7. Iterative Refinement:

8: fort < 2to T do

9 Construct refinement prompt p; using U, w;_1, and
all attributes (numerical and non-numerical) of the un-
normalized solution s*

10: Elicit refined weight vector w, for the numerical at-
tributes from £(p:)

11: §* ¢ arg maxg,es w, 3™

12: end for

13: return final weight vector wr and solution s*

item, which serves as a compact belief state over the user’s
latent preferences, as detailed in Algorithm 1.

The algorithm operates in two phases. In the initialization
phase (lines 2-6), the LLM is prompted to define an initial
weight vector, w1, for the numerical attributes based on the
user’s utterance. To score the items, the numerical attributes
of every solution in S are first normalized to a common [0, 1]
scale. The algorithm then computes the utility of each item
by taking the dot product of the weights and the normalized
numerical attribute vector, then selecting the highest-scoring
item as the initial best solution, s*.

Next, the iterative refinement phase (lines 8-12) begins.
In each iteration, the prompt for the LLM is constructed us-
ing the current weight vector w;_; alongside the complete,
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Algorithm 2 LISTEN-T: Tournament-Based Selection

Require: Solution set S, batch size B, max iterations 7' > 3,
LLM oracle L, utterance U
Preliminary Rounds:
R+T-1
K+ 0
for j < 1to Rdo
C; < Sample(S, B) > Sample a batch of size B
¢j < LLM-Choose(C;,U) > LLM selects batch
champion
K+ Ku {Cj}
end for
Final Playoff:
s* <— LLM-Choose(/C, U)
champions
11: return solution s*

> Number of preliminary rounds
> Initialize set of batch champions

AU A

@Y * A

1 > Select winner from

unnormalized description of the current best solution, s*, in-
cluding both its numerical and non-numerical attributes. Pre-
senting the true values and full context is crucial for the LLM
to reason about real-world trade-offs (e.g., “the price is too
high for this particular brand”). The LLM is asked to cri-
tique this solution and propose a refined weight vector, wy.
Once the LLM returns the updated weights, the algorithm
again scores the entire solution set using the consistently nor-
malized numerical attributes to select the new best solution.

3.3 LISTEN-T: Tournament-Based Selection

Our second algorithm, LISTEN-Tournament (LISTEN-T), is
a non-parametric method that emulates a tournament to effi-
ciently search the solution space. It is designed for a budget
of T' > 3 calls to the LLM, as detailed in Algorithm 2. In
agentic terms, LISTEN-T implements a selection policy ‘in
which the agent adaptively samples, evaluates, and promotes
candidate actions (solutions) through a stochastic elimination
process.

The algorithm proceeds in two stages using a total of T’
calls to the LLM. First, in the preliminary rounds (lines 2-
8), the algorithm conducts R = T" — 1 rounds. In each round,
it samples a batch of B items uniformly at random without
replacement from S and prompts the LLM to select the single
most preferred item from that batch. This winning item, or
“batch champion,” is added to a set of champions, /.

Second, in the final playoff (line 10), the LLM is presented
with the set of all R champions collected from the preliminary
rounds and is asked to select the single overall winner. By
requiring 7' > 3, this structure ensures the final playoff is
a meaningful comparison between at least two distinct batch
champions, allowing the LLM to make a final, decisive trade-
off.

4 Experiments

We conduct a series of experiments to evaluate the effective-
ness of our LISTEN framework in identifying a user’s most
preferred item from a large set of multi-attribute options. We
ground our evaluation in three realistic decision-making do-
mains: (i) selecting a flight itinerary from a commercial flight

search engine, (ii) choosing a product from an e-commerce
website, and (iii) scheduling university final exams from a
set of Pareto-optimal solutions generated by an optimization
solver.

In the following sections, we detail our methodology for
collecting real human preference data (Section 4.1), describe
the experimental setup (Section 4.2), outline the baseline al-
gorithms for comparison (Section 4.3), and define our evalu-
ation metrics (Section 4.4), before presenting the main results
in Section 4.5.

4.1 Human Preference Data Collection

To establish a ground truth for evaluating our algorithms, we
created a human preference dataset for each of our three do-
mains. The data was generated by a decision-maker (DM)
with significant experience in each respective task, following
a two-step protocol. First, the DM articulated their decision-
making criteria in natural language, framed as a detailed di-
rective to an assistant. This text serves as the preference ut-
terance, U, for each problem. Second, the DM meticulously
ranked a subset of items from the full candidate set according
to these same preferences. This process yields a dataset com-
prising a high-level natural language goal (U) paired with a
corresponding ground-truth ranked list of items. This rank-
ing is designed to capture the nuanced, implicit trade-offs an
expert would make in a real-world scenario, providing a real-
istic benchmark for evaluating an algorithm’s alignment with
complex human preferences. The specifics of each dataset are
detailed below.

Flights Dataset. We generated a dataset of realistic flight
itineraries using the fast_f1lights Python package. For a
given origin, destination, and travel date, the package returns
a collection of available flights. Each itinerary is described
by primary attributes such as airline, departure/arrival times,
duration, number of layovers, and price. We augmented these
with engineered features, such as the ground travel distance
from the airport to a user’s specified final location. For the
flight datasets, categorical attributes such as airline were one-
hot encoded for LISTEN-U and numerical baselines; for all
LLM prompts, these attributes were retained as their original
text to provide full context.

We designed two distinct experimental scenarios to test a
range of preferences: Flights CHI — NYC: A student flying
from Chicago, IL to New York, NY, and Flights Ithaca —
Reston: A professor flying from Ithaca, NY to Reston, VA.

For each scenario, we crafted a unique preference utterance
(U) written in conversational English to emulate a real-world
directive. For instance, a preference might be articulated as:
“If I fly in on Friday, I prefer to fly in early enough to get
a good night of sleep... I prefer a direct flight. I have no
preference for airline.” The full set of preference utterances
is provided in the extended arXiv version.

Headphones Dataset. Our second domain involves an e-
commerce scenario where a college student is shopping for
headphones. The preference utterance (U) for this task spec-
ifies a desire for a reliable pair of daily-use headphones that
are over-ear, wireless, have active noise cancellation, a built-
in microphone, and long battery life.
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To generate the dataset, we collected public product infor-
mation for a range of headphones from Amazon.com using
the Scrapingdog API. Each product is an item in our set
S, characterized by a mix of attribute types. Numerical at-
tributes include price, average rating, review count, battery
life (hours), and weight. Categorical attributes include the
headphone type (e.g., “Over-ear”), connectivity, noise can-
cellation mode, water resistance, and the presence of a micro-
phone. Additionally, each item contains textual fields such
as the product name, brand, and full description, which pro-
vide rich context for the LLM’s evaluation. These categori-
cal fields are label-encoded in the released feature table, with
qualitative mappings supplied in the prompt header.

Final Exam Scheduling Dataset. Our third domain ad-
dresses a large-scale university final exam scheduling prob-
lem. We generated a set S of 4,938 diverse, Pareto-optimal
schedules using the ParEGO multi-objective optimization al-
gorithm [Knowles, 2006], based on the mixed-integer pro-
gramming methods of [Ye et al., 2026]. The quality of
each schedule is evaluated against a comprehensive set of at-
tributes to be minimized, listed in the extended arXiv ver-
sion. The primary attribute is Direct Conflicts, counting
students with overlapping exams. A suite of attributes ad-
dresses Exam Overload by penalizing high-density patterns,
such as five (Quints), four (Quads), or three (Triples) consec-
utive exams, as well as near-consecutive patterns (e.g., Four
in Five Slots). General student fatigue is measured by the to-
tal number of Back-to-Back exams, which are separated into
Evening-to-Morning and all Other cases. Finally, the Sched-
ule Spread is measured by the Average Time of Last Exam.
Together, these attributes capture the nuanced trade-offs be-
tween student workload, fairness, and logistical constraints.

A Dataset Diagnostic: Concordance. To analyze why our
parametric (LISTEN-U) and non-parametric (LISTEN-T) al-
gorithms perform differently across datasets, we introduce
a metric to quantify the complexity of the underlying pref-
erence structures. This metric, computed for each dataset
independently of any algorithm, characterizes the intrinsic
“difficulty” of reaching the human’s top picks using a linear
utility function. To compute it, we generate 10,000 random
linear utility functions, u(s) = w's™™, by sampling each
weight w; independently from /[—1,1]. The concordance
score is the fraction of these random functions for which the
optimal item, arg maxu(s), lies within the m-item human-
ranked set (see m in Table 1). This measures how broadly the
human’s top picks are reachable by linear utilities, not just
whether the single #1 pick is. A low concordance value, as
seen for the exam scheduling dataset in Table 1, suggests that
the human preference is complex and not easily selected by a
linear model. A high concordance value, as in Flights Ithaca
— Reston, suggests a much more linearly separable problem.
Table 1 shows that our datasets span a wide range of con-
cordance values, indicating varying difficulty for linear pref-
erence models. This provides a robust testbed for comparing
our parametric (LISTEN-U) and non-parametric (LISTEN-T)
algorithms.

4.2 Experimental Setup

Across all experiments, we use two LLMs as our prefer-
ence oracle: Llama-3.3-70B-Versatile [Grattafiori
et al., 2024] and Gemini 2.5 Flash-Lite [Comanici
et al., 2025]. To ensure the robustness of our results,
all algorithmic runs are replicated 40 times with differ-
ent random seeds for generation, while keeping the prompt
consistent for each replication. Code, prompts, and the
human-preference datasets are available at https://github.
com/AdamJovine/LISTEN-IJCAL

The ground truth for evaluation is derived from human ex-
pert rankings. For each dataset, it is impractical to rank the
entire set of NV items, so an expert manually ranked a subset
of the most relevant items (m < V). This ranked list serves
as the ground truth for measuring how well an algorithm’s
selected item aligns with nuanced human preferences.

4.3 Baseline Methods

We compare the performance of our LISTEN algorithms
against the following four baseline methods.

Uniform Random - Selection (baseline/random).
This non-informative baseline selects an item uniformly at
random from the full candidate set S. It is used to establish a
lower bound on performance and quantify the improvement
gained by any guided selection strategy.

Normalized Average Score (baseline/zscore-avg).
This method considers only the numerical attributes of the
items. For each numerical attribute, it first standardizes the
values across the entire set S to have zero mean and unit vari-
ance (i.e., calculates the z-score). The scores for attributes
that are to be minimized (e.g., price) are then negated. The
algorithm selects the item with the highest average standard-
ized score across all numerical attributes. This baseline repre-
sents a simple, non-learned linear utility function that weights
all normalized metrics equally and ignores all categorical or
textual information.

Full Batch (baseline/full batch). This method
works like a single preliminary iteration of LISTEN-T, with
the entire dataset passed into the prompt in this single itera-
tion. The LLM is asked to rank the items. We randomize the
seed used for sampling in the LLM and the order the items are
presented in each replication of the method. The top-ranked
item from each replication is reported.

Human Rankers (baseline/human_rerank). To
compare against a human baseline with access to textual
attributes in addition to numerical, we tasked human rankers
different from the decision-maker creating the ground truth
labels with assigning rankings. These humans were given
a description of the attributes of items in each dataset, the
decision-maker’s preference utterance, and a system allowing
them to filter and sort by multiple attributes at a time. We
tasked them with ranking the top 20 items they believed
best matched the preference utterance, while ensuring they
explored many high-quality items. However, like the other
baselines and methods, we only report their final top-ranked
item.
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Dataset Concordance Total Items (N) Ranked Items (m) Ranked Prop. (m/N)
Exam Scheduling 0.0015 £ 0.0008 4938 11 0.002
Flights CHI — NYC 0.0025 £ 0.0011 903 16 0.018
Headphones 0.0552 £ 0.0047 77 15 0.195
Flights Ithaca — Reston  0.3357 £ 0.0095 216 12 0.056

Table 1: Dataset statistics and the Concordance metric. Concordance measures the alignment of human preferences with random linear
utilities (a lower value indicates a more difficult problem for linear methods). Values for the Concordance column are reported as mean £

2SE (approximating a 95% CI).

4.4 Evaluation Metric: Normalized Average Rank

We evaluate algorithm performance primarily using the rank
of the selected item within the human-generated ground-truth
ranking. For a given dataset with NV total items, let the
ground-truth list contain m items ranked by a human expert
(1,2,...,m). For an item s* selected by an algorithm, its
rank is determined as follows: If s* is within this top-m list,
its rank is its position in that list. If s* is not in the list, it
is considered unranked. All N — m unranked items are as-
signed a shared average rank of (m + 1+ N)/2, representing
the mean of the available ranks from m + 1 to V. To ensure a
consistent scale across datasets of different sizes, we normal-
ize this rank by dividing by the total number of items, N. The
final metric is a value in (0, 1], where a lower score indicates
better performance.

4.5 Results & Discussions

We present experimental evaluation of the LISTEN frame-
work in Figure 2. We then analyze the comparative perfor-
mance of our algorithms and conclude with ablation studies.

Comparisons to Baselines

The LISTEN methods tend to outperform the non-human
baselines. We now focus on the full-batch and human-rerank
baselines, as they are the most competitive and also give in-
sights into the complexity of our problem setting.

baseline/full batch: The LISTEN  methodology
offers an improvement in ranking performance relative to the
naive approach of asking the LLM to rank all items at once,
as demonstrated in Figure 2. The smaller ranking tasks per-
formed in each iteration of LISTEN approaches reduce the
complexity of the task. In addition, running multiple itera-
tions where the most promising items are compared against
each other gives the LLM another chance to focus on the
tradeoffs present in high-quality options and make a refined
top choice. We also note that for some datasets and LLM
combinations, full-batch ranking would be practically infea-
sible due to not fitting in the LLM’s context window.

baseline/human_rerank: In comparison with the
human-rerank baseline, we must first acknowledge the large
variability in its performance. One reason for this is that hu-
mans had a higher dispersion of their top-choice being ranked
vs unranked compared to LISTEN methods. Recall from
Section 4.4 that unranked items receive a normalized aver-
age rank of ~ 0.5. The best human ranks tended to be very
strong; however, many humans’ top choices were not in the
ranked set from the decision-makers’ ground truth rankings.

Another reason is we only had 4 samples for humans. This is
the reason for the large variance in normalized average ranks.
However, this highlights the ambiguity in the distribution
of preferences that humans associate with a prompt. We
see that LISTEN methods more consistently chose items that
were ranked than humans, but perhaps may be less likely to
optimize the very fine tradeoffs the decision-maker prefers.

Validating the Concordance Metric

To directly test the relationship between preference com-
plexity and our concordance metric, we conducted a tar-
geted experiment on the Headphones dataset. The default
Headphones prompt (Table 1) contains hard constraints
such as a_strict budget and required categorical features.
We created a softer variant, Headphones-Soft, by drop-
ping these constraints. Removing these threshold-based re-
quirements makes the preference more linearly representable,
causing the Concordance score to rise from 0.055 to 0.244.
This rise is expected, as linear utility functions struggle to
model concrete threshold-based requirements.

As predicted by this change in concordance, Figure 3
shows a significant increase in performance for LISTEN-
U on the Headphones-Soft version. In contrast, the
non-parametric LISTEN-T maintained its robust performance
across both prompts. This result validates that our concor-
dance metric is an effective predictor for the performance of
a parametric approach like LISTEN-U.

4.6 Observed Robustness to LLM Choice and
Batch Size

We observe a surprisingly high level of consistency in per-
formance across batch sizes for each (LLM, dataset) pair in
our experiments, as seen in Figure 4. Our full experimen-
tal results across all batch sizes (LLaMA and Gemini, batch
sizes 2—32) are included in the extended arXiv version. There
would be value in further analysis to see how robust this find-
ing is across even larger batch sizes.

5 Conclusion

In this work, we introduced LISTEN, an agentic decision-
support framework that uses large language models as
preference-driven agents for multi-objective selection. By
maintaining an evolving internal preference representation
and acting iteratively on candidate sets, LISTEN turns
natural-language goals into concrete decisions. Our ex-
periments show that LLMs can successfully translate high-
level natural language goals into high-quality selections from
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Figure 2: Performance of LISTEN algorithms and baselines on four datasets, showing the Normalized Average Rank (lower is better) of
the top ranked item by each method. The LISTEN methods used 25 iterations and batch size 32. All algorithms have n = 40 runs except

baseline/human-rerank (n = 4) and baseline/zscore-avg (n = 1).
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Figure 3: Performance of LISTEN-U and LISTEN-T on the default
Headphones prompt and a softer variant Headphones-Soft
that drops the hard constraints, which has higher concordance. All
algorithms have n = 40 runs.

large, complex sets of items. We also introduced a concor-
dance metric that predicts when the parametric approach is
likely to succeed or fail based on the problem’s preference
structure.

That said, our study has several limitations that suggest
clear avenues for future work.

Complexity of Human Rankings. The ground-truth rank-
ings used in our evaluation reflect the preferences of a sin-
gle expert for each domain and may not generalize broadly.
We also noticed the high variability of our human re-rankers
with respect to the ground-truth rankings. Future work could
gather more data to understand the variability in preferences
corresponding to an utterance and return single items or sets
of items that satisfy the diverse potential preferences.

Generalization Across Domains. While we evaluated
LISTEN on three distinct domains, its performance on a
wider range of problems, such as apartment hunting, health-
care scheduling, or logistics planning, is yet to be tested at
scale. Expanding to more varied and larger-scale datasets
would further validate our findings.
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Figure 4: Batch size effect on LISTEN-T (n = 40).

Richer Utility Representations. The LISTEN-U algo-
rithm’s reliance on a linear utility function is a key limita-
tion for problems with highly non-linear preferences. Future
work should explore more expressive utility representations
(e.g., non-linear or piecewise functions) and hybrid methods
that combine LLM guidance with structured optimization.
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