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Abstract

Personalized news headline generation has
emerged as a promising avenue for optimiz-
ing user engagement and satisfaction in on-
line news consumption. However, prevailing
methods predominantly adopt an indirect mod-
eling paradigm, inferring user preferences from
related tasks rather than capturing their di-
rect headline preferences. Direct modeling
remains underexplored due to two primary
challenges: (1) the scarcity of large-scale per-
sonalized headline datasets and (2) the risk
of factual inaccuracies when models overly
cater to subjective user preferences. To ad-
dress these challenges, we propose USG, a
novel multi-agent user simulator headline gen-
eration framework. USG introduces three spe-
cialized agents: the User provides subjective
feedback to guide headline personalization; the
Editor enforces editorial standards (i.e., factual
consistency and no clickbait); and the Writer
iteratively refines candidates via a Critique-
and-Refine algorithm guided by feedback from
the User and Editor agents. The multi-agent
interactions yield optimal personalized head-
lines and reasoning chains distilled from the
interaction trajectories, forming a high-quality
dataset. This dataset directly supervises the
fine-tuning of a standalone generator. Exten-
sive experiments demonstrate that USG out-
performs the strongest baseline by nearly 6%
on personalization, achieving state-of-the-art
performance on both personalization and fac-
tual consistency, while enabling efficient end-
to-end inference. Our code is available at
https://github.com/Leah-HKBU/USG.

1 Introduction

The headline is typically the first element a reader
encounters when browsing news content online,
playing a pivotal role in a user’s decision to engage
with the news article (Tan et al., 2024). However,
reliance on conventional, uniform headlines across
a heterogeneous user base can result in missed op-

portunities for engagement, as users may overlook
news items pertinent to their interests due to am-
biguity or insufficient relevance in the headline
formulation (Zhang et al., 2022). To this end, an in-
creasing body of research has emerged around the
personalization of news headlines, with the objec-
tive of generating tailored headlines for individual
users to optimize both user engagement and satis-
faction (Song et al., 2023; Cai et al., 2023).

A prevalent paradigm for personalized headline
generation comprises two key steps (Ao et al.,
2021; Yao, 2022; Cai et al., 2023): first, learn users’
preferences from related tasks; second, leverage
these indirect preferences to guide headline genera-
tion. For instance, SP (Cai et al., 2023) constructs
a specialized corpus based on signature phrases
frequently encountered by users during news con-
sumption, utilizing preferences for these phrases to
inform subsequent headline generation. PNG (Ao
et al., 2023) employs user preferences derived from
a news recommender system to condition and per-
sonalize headline generation.

Despite their notable advancements, these ap-
proaches are rooted in an indirect modeling
paradigm. By relying on user preferences inferred
from related tasks, they personalize headlines with-
out explicitly capturing users’ direct preferences
for news headlines. This indirectness fails to fully
reflect users’ actual interests in the context of head-
line personalization and may consequently lead to
suboptimal outcomes. We rigorously validate the
existence of this problem through mathematical
analysis in Section 2. In our view, two key tech-
nical obstacles have led current methods to adopt
indirect training approaches:

• Data scarcity: Directly learning users’ prefer-
ences for personalized headlines necessitates ac-
cess to large-scale personalized headline datasets.
In real-world settings, collecting such data re-
quires extensive user studies, which are both

42900

https://github.com/Leah-HKBU/USG


time-consuming and costly, often prohibitive in
terms of time and resources (Song et al., 2023;
Ouyang et al., 2022).

• Factual accuracy: Even with access to personal-
ized headline data, directly trained models may
be overly predisposed to cater to user preferences,
potentially at the expense of factual accuracy (Xu
et al., 2019; Tam et al., 2023). Thus, ensuring
that personalized headlines remain factual and do
not compromise the integrity of the underlying
news remains another crucial concern.
To overcome these challenges, we propose USG,

a multi-agent user simulator headline generation
framework. LLM-based user simulators aim to
leverage the extensive background knowledge and
advanced reasoning capabilities of large language
models to effectively mimic user behavior (Achiam
et al., 2023; Qin et al., 2024; Tang et al., 2024),
serving as virtual avatars for a wide range of
tasks (Wang et al., 2025; Liu et al., 2026; Corecco
et al., 2024). Based on this technology, our frame-
work consists of two primary stages (Figure 1):
Stage 1 employs interactive multi-agent simulation
to synthesize a high-quality personalized headline
dataset, and Stage 2 fine-tunes a standalone genera-
tor on this dataset for efficient end-to-end inference.
In particular, in Stage 1, inspired by recent role-
playing agents (Tu et al., 2025; He et al., 2023), we
introduce three carefully designed roles: the User
(U) evaluates candidate headlines against individ-
ual preferences; the Editor (E) ensures factual cor-
rectness and editorial compliance via a contrastive
data synthesis strategy covering factual, stylistic,
and clickbait errors; and the Writer (W) iteratively
refines headlines via a Critique-and-Refine algo-
rithm guided by feedback from both U and E . To
further improve the dataset quality, we propose
two data processing strategies: (1) One-to-Many
sampling, which pairs each article with diverse
user contexts to capture robust user preference pat-
terns and enrich the diversity of the dataset; and (2)
rejection sampling to filter preference-misaligned
samples. Leveraging the synthesized dataset, Stage
2 fine-tunes a standalone generator that enables ef-
ficient end-to-end inference without iterative multi-
agent simulation, while providing interpretability
by explicitly reasoning about why a specific head-
line is generated for a specific user.

Our main contributions are as follows:
• To the best of our knowledge, this is the first

work to identify and formally characterize the

limitations of indirect training in the context of
personalized news headline generation.

• We provide a theoretical analysis quantifying the
deviation of indirect training from the realistic
scenario and demonstrate how leveraging user
simulation technology narrows this gap.

• We propose an LLM-driven multi-agent interac-
tion framework (USG) comprising a User, an
Editor, and a Writer agent that collaborate to pro-
vide direct supervision for personalized headline
generation.

• Extensive experiments demonstrate that USG
achieves state-of-the-art performance on both
personalization and factual consistency. Further-
more, our stage-wise analysis shows that USG
strikes an effective balance between headline
quality and inference efficiency.

2 Preliminary

In this section, we compare the indirect personal-
ized headline generation paradigm and the direct
LLM simulator paradigm. Due to space constraints,
we present the core theorems and comparative in-
sights here. Detailed and rigorous proofs are
provided in Appendix A.

Problem Formulation Let U , C, and H denote
the user, article body, and headline spaces, respec-
tively. The true data distribution in the real world
is denoted as Ptrue = Ptrue(U,C,H). The goal of
personalized headline generation is to learn a condi-
tional distribution Pθ(H | U,C) that approximates
the true underlying preference distribution:

Pideal(H | U,C) = Ptrue(H | U,C). (1)

Limitations of Indirect Learning. Indirect
learning relies on a compressed latent proxy Z
(e.g., tags, embeddings) inferred from auxiliary
tasks, forming a Markov chain U → Z → H . Our
analysis in Appendix A.2 demonstrates that the
marginal log-likelihood of this paradigm suffers
from two bounds:
• Inference Gap: Optimizing a surrogate objec-

tive causes a non-negative KL-divergence be-
tween the proxy encoder and the true posterior
P (Z | H,U,C).

• Irreducible Latent Error (ϵz_loss): By the Data
Processing Inequality, the low-dimensional proxy
Z inevitably discards user nuances, resulting in
an irreversible mutual information loss: ϵz_loss =
I(H;U | C)− I(H;Z | C) > 0.
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Figure 1: Overview of USG. Three specialized simulators, User (U), Writer (W), and Editor (E), collaborate in
Stage 1 to synthesize a personalized headline dataset. In Stage 2, the Generator is fine-tuned on this dataset for
efficient end-to-end inference.

This gap in indirect learning arises from a fun-
damental structural limitation imposed by disjoint
training objectives. We thus advocate for direct
modeling via LLM simulators. Despite intrinsic
bottlenecks such as simulation accuracy and hallu-
cinations, the rapid evolution of scaling laws and
alignment methodologies has significantly miti-
gated these concerns (Zhang et al., 2024; Wang
et al., 2025). We argue that this paradigm shift
represents a promising direction for more faithful
personalized headline generation.

3 Methodology

We propose USG, a novel multi-agent user simula-
tor headline generation framework (see Figure 1).
USG operates in two stages: (1) interactive multi-
agent simulation to synthesize preference-aligned
headlines with rationales, and (2) generator fine-
tuning to train an end-to-end generator Gθ.

In the first stage, given article content c and user
context u, we coordinate a Writer (W), an Editor
(E), and a User (U) simulator to search for the
optimal headline h∗:

h∗ = arg max
h∈HW (c)

RU (h) s.t. CE(h) = 1 (2)

whereHW(c) is the candidate set fromW ,RU (·)
is the preference score from U , and CE(·) ∈ {0, 1}
is the editorial constraint. Crucially, we extract a
grounding rationale r∗ from the multi-turn inter-
action trajectory, yielding a high-quality synthetic
corpus Dsyn = {(c, u, r∗, h∗)}.

In the second stage, we fine-tune a standalone
generator Gθ on Dsyn. At inference time, Gθ di-
rectly generates both r∗ and h∗ end-to-end, elimi-
nating the costly multi-agent loop to achieve both
efficiency and interpretability.

3.1 Collaborative Simulator Architectures

This section details the roles and mechanisms of
the collaborative simulators in our framework. As
shown in Figure 2, the Editor audits headlines
against objective editorial standards, the User agent
evaluates personalization alignment, and the Writer
generates headlines based on their feedback. Full
prompt templates for all agents are provided in
Appendix D.

User (U) The U acts as a proxy for real users,
offering feedback to guide the Writer agent toward
headline generation that aligns with user prefer-
ences (see Figure 2). Adopting the prevalent archi-
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Figure 2: Prompt schemas and interaction overview of the three collaborative agents. The Writer generates a
candidate headline and receives critiques from both the Editor and User agent to iteratively refine its output.

tecture of autonomous agents (Wang et al., 2024;
Sumers et al., 2023; Chen et al., 2026), it comprises
three modules: Memory, Reasoning, and Action,
where the Memory Module encodes long-term pro-
files (uprof) and short-term interactions (uhist). As
explicit user profiles are unavailable in real-world
logs, uprof is synthesized from raw click history via
an LLM (Kang et al., 2025).

To achieve a holistic preference judgment, U in-
tegrates both semantic and collaborative signals.
Specifically, while the LLM excels at capturing
textual style preferences from the memory Mu =
{uprof,uhist}, it typically struggles to capture be-
havioral collaborative signals. We bridge this gap
by incorporating NRMS (Wu et al., 2019b), a dedi-
cated news recommendation model trained on such
signals, to provide a complementary behavioral rel-
evance score S. Through chain-of-thought (CoT)
reasoning (Wei et al., 2022), U jointly reasons over
both dimensions to yield the final evaluation:

(ru,RU (h))← U(Mu ∥ h ∥ SNRMS ∥ ρU )
(3)

whereRU (h) is the preference score for candidate
h, ru is a natural language critique, and ρU denotes
the prompt template.

Editor (E) The E serves as an objective editor,
providing critical feedback in producing headlines
that strictly adhere to editorial standards (see Fig-
ure 2). It comprises Reasoning and Action modules.

To equip E with robust error-detection capabili-
ties, training on both positive and negative samples
is required. However, standard news corpora typi-
cally contain only valid headlines (Wu et al., 2020;
Ao et al., 2021). To address the lack of negative
samples, we adopt a Contrastive Data Synthesis
strategy (Kim et al., 2023). Specifically, we in-
struct GPT-4.1 (Achiam et al., 2023) to generate an

invalid headline h− and a corresponding critique ra-
tionale r− based on three error categories (Maynez
et al., 2020; Xu et al., 2019): (1) Factual Incon-
sistency, conveying false information that contra-
dicts the source article; (2) Misleading/Clickbait,
using exaggerated or sensationalist language to dis-
tort the content; and (3) Stylistic Inappropriate-
ness, failing to present in a concise and compelling
headline style. The final dataset is constructed as
Dedit = Dpos ∪ {(c, h−, r−, “Incorrect”)}, where
original instances in Dpos are labeled as “Correct”
and augmented with rationales justifying their com-
pliance. We fine-tune Eθ via LoRA (Hu et al., 2022)
on Dedit.

During inference, given article c and candidate
headline h, E performs CoT reasoning (Wei et al.,
2022) to assess editorial compliance:

(re, CE(h))← Eθ(c ∥h ∥ ρE) (4)

where CE(h) = I(ypred = “Correct”) ∈ {0, 1}
indicates headline validity, re is a natural language
critique, and ρE denotes the prompt template.

Writer (W) W serves as the core generative
component, responsible for drafting and iterating
personalized headlines (see Figure 2). It comprises
three modules: Memory, Reasoning, and Action,
where the Memory Module dynamically logs inter-
action history, archiving iterative critique feedback
from both U and E (Shinn et al., 2023). Formally,
given the source article c, user memory u, and the
accumulated interaction historyM,W synthesizes
a reasoning chain rw followed by the candidate
headline h, formalized as:

(rw, h)←W(c ∥ u ∥ M ∥ ρW) (5)

where ρW denotes the prompt template.
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3.2 Stage 1: Personalized Headline Synthesis
We propose an iterative Critique-and-Refine algo-
rithm (Madaan et al., 2023; Saunders et al., 2022)
to synthesize a high-quality personalized headlines
dataset Dsyn = {(ci, ui, r∗i , h∗i )}Ni=1. For each in-
stance, we first evaluate the original headline horg.
If RU (horg | u) > τhigh (where τhigh is the high-
confidence bound), horg is directly accepted as the
optimal target h∗. Otherwise, we initialize theW’s
memory buffer asM0 = {horg, Iorg} using the ini-
tial simulator critique and trigger a multi-agent re-
finement cycle (Li et al., 2023; Cai et al., 2025): (1)
Candidate Generation: At iteration k,W drafts
a new candidate hk ∼ PW(h | c,u,Mk−1). (2)
Objective Constraint Check: E evaluates hk. If
CE(hk, c) = 0, corrective feedback IE is generated;
we updateMk ←Mk−1 ∪ {(hk, IE)} and revert
to step (1). (3) Subjective Preference Optimiza-
tion: If hk is valid (CE = 1), U assigns a preference
score sk = RU (hk | u). If sk < τhigh, a preference-
misalignment critique IU is issued. We then update
the memory asMk ←Mk−1∪{(hk, IU , IE)} and
proceed to the next iteration.

The refinement process terminates when sk ≥
τhigh or the maximum iteration T is reached, yield-
ing the final accepted headline h∗. However, train-
ing the model solely on target headlines often leads
to suboptimal generalization, as it lacks explicit su-
pervision on how to effectively balance user prefer-
ences against editorial constraints (Lightman et al.,
2023; Mitra et al., 2023). To alleviate this, we pro-
pose a Rationale Synthesis strategy. By leveraging
the comprehensive multi-agent interaction trajec-
tory T = {(hk, IUk , IEk)}k

∗
k=0 as grounding evi-

dence, we prompt an LLM to synthesize a coherent
rationale r∗ that explicitly captures the reasoning
process behind h∗:

r∗ ← LLM(T ∥ c ∥ u ∥ h∗ ∥ ρrat) (6)

where ρrat is the prompt template, thereby estab-
lishing the dataset Dsyn.

While the above procedure details the synthesis
for a single user-article pair, a naive one-to-one
sampling (i.e., pairing each article with only one
user) introduces a severe risk of shortcut learning.
Specifically, the downstream generator could easily
bypass the user preferences and directly map the
article content to a generic headline, failing to cap-
ture true personalization. To force the model to gen-
uinely perceive user preferences and prevent such
conditional collapse, we propose a One-to-Many

synthesis strategy (Chen et al., 2024). For each
article c, we anchor the article content and sample
a diverse set of users Uc = {u(1), . . . , u(M)}, syn-
thesizing a distinct personalized headline h∗(m) for
each u(m) ∈ Uc. This multi-target framing presents
the generator with contrasting user-headline pairs
for the exact same article context. Consequently,
the model is compelled to model the joint condi-
tional distribution P (h | c, u), learning how iden-
tical core content must be distinctively tailored to
appeal to heterogeneous user preferences, rather
than collapsing into user-agnostic outputs.

To guarantee data quality, we subsequently em-
ploy a rigorous rejection sampling mechanism to
eliminate unreliable synthesized instances (Wei
et al., 2026) based on two criteria: (1) Behav-
ioral Alignment Filter: We validate the user simu-
lator’s initial preference score sorg for the original
headline against the ground-truth interaction label
y ∈ {0, 1} from real logs. Instances are discarded
if they exhibit severe behavioral mismatches: (y =
1 ∧ sorg < τlow) ∨ (y = 0 ∧ sorg > τhigh), where
τlow and τhigh represent the lower and upper confi-
dence bounds, respectively. (2) Infinite Optimiza-
tion Loop Pruning: If the refined headline h∗ after
T iterations still fails to surpass τlow, it indicates
an intrinsic irrelevance between the article topic
and the user. Such samples are discarded to avoid
training on low-confidence noise.

3.3 Stage 2: Generator Tuning
In this stage, we utilize the synthesized dataset
Dsyn to fine-tune a specialized Generator Gθ capa-
ble of producing personalized headlines end-to-end.
The Generator comprises Memory, Reasoning, and
Action modules (Wang et al., 2024; Sumers et al.,
2023), where Memory encodes the long-term pro-
file uprof and short-term click history uhist.

We fine-tune Gθ via LoRA (Hu et al., 2022), opti-
mizing the cross-entropy loss over target sequence
Y = (r∗, h∗) conditioned on X = (c,uprof,uhist):

LG(θ) = −E(X,Y )∼Dsyn [logPθ(Y | X)] (7)

During inference, Gθ autoregressively produces the
reasoning chain rg and personalized headline h via:

(rg, h)← Gθ(c ∥uprof ∥uhist ∥ ρG) (8)

where ρG denotes the prompt template.

4 Experiment

In this section, we conduct extensive experiments
to evaluate the effectiveness of USG. Specifically,
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we aim to answer the following research ques-
tions. Additionally, case study and human eval-
uation results are provided in Appendix B.4 and
Appendix B.5, respectively. To further assess real
users’ preference for generated headlines, we also
conduct a user study, detailed in Appendix B.6.

• RQ1: How does the performance of USG com-
pare against state-of-the-art baselines?

• RQ2: How do the multi-agent pipeline and gen-
erator individually contribute to the effectiveness
and efficiency of USG?

• RQ3: How do different components of USG con-
tribute to the overall performance?

• RQ4: How do key hyperparameters influence the
model performance?

4.1 Experimental Setup

Datasets We employ the PENS (Ao et al., 2021)
dataset, a widely adopted benchmark for personal-
ized news headline generation1. It comprises three
components: (1) a news corpus of 113,762 arti-
cles, (2) a training set of user impression logs from
the Microsoft News platform, and (3) a test set of
personalized headlines manually authored by 103
native English speakers and reviewed by profes-
sional editors. Dataset statistics are summarized
in Table 1. Notably, the fundamental challenge of
this task lies in the supervision gap: training data
contains only implicit behavioral signals without
explicit headline annotations, yet the model must
generate personalized headlines.

Table 1: Statistics and data fields of the PENS dataset.

Dataset Split Statistics Key Data Fields

News Corpus 113,762 Articles News ID, Headline, Body,
Category, Entities

Training Set 445,000 Users User ID, Click History,
500,000 Impressions Impressions Log (Clicked / Unclicked)

Test Set 103 Annotators User ID, Click History,
20,600 Headlines News ID, Manual Personalized Headlines

Implementation Details We employ Qwen3-
8B (Yang et al., 2025) as the backbone for all agents
(U , E , W) and the generator G. The maximum
number of iterations is set to T = 3, and the One-
to-Many strategy samples M = 3 distinct users per
article. More details are provided in Appendix B.1.

1Currently, there are no publicly available datasets that
provide the specific user interaction data and preferred news
headlines for news content required in this study.

Evaluation Protocols Following prior work (Ao
et al., 2021, 2023; Song et al., 2023), we evalu-
ate from two perspectives: for personalization, we
report ROUGE-1/2/L (Lin, 2004) to assess lexi-
cal overlap and BLEURT (Sellam et al., 2020) to
gauge semantic alignment. For factual consistency,
we adopt FactCC (Kryściński et al., 2020) to verify
adherence to the source article. More details are
provided in Appendix B.2.

Baselines To validate the effectiveness of our ap-
proach, we conduct a comprehensive evaluation
against two categories of baselines: (1) general
LLMs, including Qwen3-8B, Qwen3-14B (Yang
et al., 2025), Llama-3.1-8B-Instruct (Grattafiori
et al., 2024), and GPT-4.1 (Achiam et al., 2023)
under both zero-shot and few-shot settings; and
(2) a range of state-of-the-art (SOTA) personalized
headline generation models: PENS-NRMS, PENS-
NAML (Ao et al., 2021), NAML-HAN (Yao, 2022),
PNG (Ao et al., 2023) and GTP (Song et al., 2023).
Baseline details are in Appendix B.3.

4.2 RQ1: Overall Performance Comparison

Table 2 presents the overall experimental results.
We observe the following:
USG achieves state-of-the-art performance.
USG consistently outperforms all baselines across
all metrics, achieving over 20% relative improve-
ment in ROUGE-1 and 14% in BLEURT over the
strongest personalized baseline, while surpassing
GPT-4.1 in factual consistency. We attribute this to
our direct training paradigm, which aligns the gen-
erator with high-quality multi-agent synthesized
data to simultaneously satisfy user preferences and
editorial constraints.
General LLMs exhibit a trade-off between per-
sonalization and factuality. Few-shot prompting
improves lexical and semantic alignment over zero-
shot but reduces factuality. In zero-shot, lacking
explicit guidance on user-preferred headlines, the
model prioritizes source fidelity. In the few-shot
setting, examples enable personalization but often
over-optimize preference alignment at the expense
of factual accuracy. Notably, USG consistently out-
performs both settings, underscoring the efficacy
of our approach.
Traditional personalized models lack factual
grounding. Despite strong personalization, tradi-
tional models consistently yield suboptimal FactCC
scores, reflecting their limited world knowledge
when trained solely on news corpora and user click
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Table 2: Overall performance comparison. “NA” denotes not available and “IM” indicates injection methods (Ao
et al., 2021). R-1/2/L represent ROUGE-1/2/L scores, respectively. Improv. indicates the relative improvement of
USG over the strongest baseline. All improvements are statistically significant (p < 0.05).

Types Methods Metrics

IM R-1(%) ↑ R-2(%) ↑ R-L(%) ↑ BLEURT(%) ↑ FactCC(%) ↑

LLMs

Qwen3-8B NA 23.73 7.63 20.64 37.53 67.02

(Zero-shot)

Qwen3-14B NA 24.06 8.74 22.04 38.50 70.27
Llama-3.1-8B NA 22.29 7.20 20.01 36.72 65.71
GPT-4.1 NA 25.21 9.06 22.88 38.64 73.33

LLMs

Qwen3-8B NA 24.39 7.96 21.38 37.55 66.66

(Few-shot)

Qwen3-14B NA 25.38 9.04 22.53 39.10 67.98
Llama-3.1-8B NA 23.74 7.59 21.11 37.41 60.60
GPT-4.1 NA 26.44 9.76 23.08 39.93 72.81

Personalized

PENS-NRMS 1⃝ 24.25 8.65 21.42 32.68 48.39

Models

PENS-NRMS 2⃝ 24.57 8.88 21.66 33.12 48.57
PENS-NRMS 3⃝ 23.69 8.37 20.90 32.06 47.98
PENS-NAML 1⃝ 24.16 8.61 21.35 32.49 48.73
PENS-NAML 2⃝ 24.20 8.65 21.39 32.58 48.91
PENS-NAML 3⃝ 24.17 8.63 21.37 32.33 48.62
NAML-HAN NA 24.39 8.64 21.48 32.30 53.21
PNG NA 23.44 7.70 20.97 28.16 62.26
GTP NA 28.06 10.98 23.67 39.38 56.12
USG (Ours) NA 33.88 14.17 26.74 45.56 74.80
Improv. – +20.74% +29.05% +12.97% +14.10% +2.00%

logs. USG successfully bridges this gap, synthesiz-
ing the high factuality of foundation LLMs with the
personalization capabilities of specialized models.

4.3 RQ2: Stage-wise Analysis
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Figure 3: Multi-agent and Generator Analysis.

To quantify the contributions of the multi-agent
pipeline (Stage 1) and the generator (Stage 2), we
design two comparisons in terms of both headline
quality and inference efficiency: (1) replacing the
multi-agent synthesis with headlines generated by
GPT-4.1; and (2) evaluating multi-agent outputs
directly without generator fine-tuning.

Figure 3 shows the results, from which we ob-
serve: (1) Multi-agent pipeline drives perfor-
mance gains. Training on multi-agent synthe-
sized headlines consistently outperforms training
on GPT-4.1-generated headlines across both per-
sonalization and factuality, confirming that data

quality stems from multi-agent collaboration where
U and E jointly contribute to preference alignment
and editorial quality. (2) Generator enables effi-
cient deployment. While directly deploying multi-
agent outputs achieves the highest quality, it re-
quires 20.5s per headline compared to 2.7s for the
generator (7.6× speedup).

Overall, USG achieves an effective balance
between quality and efficiency: the multi-agent
pipeline provides high-quality supervision for the
generator, which enables efficient end-to-end infer-
ence at the cost of a marginal performance drop.

4.4 RQ3: Ablation Study

To validate key components of USG, we analyze six
variants: w/o MA replaces the multi-agent synthesis
process with a same-budget single-agent baseline;
w/o User and w/o Editor exclude the User and Edi-
tor simulators to remove subjective and objective
constraints, respectively; w/o Warm-Start disables
the original headline as a refining anchor; w/o O2M
and w/o Rejection remove One-to-Many sampling
and post-synthesis rejection sampling, respectively.

Table 3 reveals three insights: (1) Multi-Agent
Collaboration is Effective: w/o MA drops all five
metrics simultaneously, demonstrating that multi-
agent collaboration yields higher-quality synthetic
data than a single agent. (2) User and Editor
Agents are Complementary: w/o User maximizes
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Table 3: Comprehensive ablation study results.

Variants R-1 R-2 R-L BLEURT FactCC

USG 33.88 14.17 26.74 45.56 74.80

w/o MA 30.32 11.43 24.47 42.92 71.23
w/o User 28.53 9.13 23.32 42.33 77.71
w/o Editor 35.90 16.13 28.11 47.50 69.33
w/o Warm-Start 30.41 11.93 24.59 43.59 75.14
w/o O2M 31.61 12.51 25.27 43.69 75.12
w/o Rejection 32.69 12.83 25.66 44.89 74.92

FactCC but severely drops BLEURT and ROUGE,
while w/o Editor maximizes personalization at the
cost of a sharp FactCC drop (74.80→69.33). This
confirms that the User agent drives personalization
while the Editor agent enforces factual consistency,
and both are indispensable. (3) Efficacy of Aux-
iliary Modules: All three modules consistently
benefit personalization. Specifically, w/o Warm-
Start degrades personalization while slightly in-
creasing FactCC; we speculate that skipping initial-
ization forces from-scratch generation, requiring
more alignment negotiation with the Editor and
thus restricting available interaction turns for the
User agent. w/o O2M drops personalization scores,
proving that diverse user simulation is conducive to
capturing robust preference patterns. w/o Rejection
compromises ROUGE/BLEURT while maintain-
ing stable FactCC scores, demonstrating that the
rejection criteria effectively filter out misaligned
samples to ensure data purity.
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Figure 4: Parameter Sensitivity Analysis.

4.5 RQ4: Parameter Sensitivity Analysis
We investigate the framework sensitivity to two
key hyperparameters in Figure 4: the number of
users sampled per article (M ∈ {1, 2, 3, 4}) for the
One-to-Many (O2M) strategy, and the maximum
number of interaction rounds (T ∈ {1, 2, 3, 4, 5})
between agents. We observe two core trends: (1)
Impact of O2M Strategy (M ): Scaling M from
1 to 3 monotonically boosts BLEURT (from 43.69
to 45.56), confirming that exposing the generator

to diverse user perspectives enhances preference
learning. However, further scaling to M = 4
degrades performance, while FactCC exhibits a
continuous downward trend. This indicates that
excessive user diversity introduces conflicting op-
timization signals that overwhelm the generator
and compromise factual grounding. (2) Impact of
Interaction Rounds (T ): Both metrics improve
steadily from T = 1 to T = 3, confirming that suf-
ficient rounds are essential for iterative refinement.
Beyond T = 3, the two metrics diverge, reflect-
ing the trade-off between personalization and fac-
tuality: additional rounds increasingly favor user
preference over factual grounding, until the Editor
reasserts editorial constraints at T = 5.

5 Related Work

Personalized Headline Generation Personal-
ized headline generation aims to produce tailored
headlines for individual users based on news con-
tent. However, collecting large-scale, high-quality
personalized headlines for training is rarely feasible
in practice (Ao et al., 2021). As a result, the main-
stream paradigm first infers users’ indirect pref-
erences from related tasks and generates person-
alized headlines conditioned on them (Yao, 2022;
Song et al., 2023; Yang et al., 2023). For example,
EUI-PENS (Zhang et al., 2022) leverages exist-
ing user representations from news recommender
systems as external knowledge to guide headline
generation. SP (Cai et al., 2023) extracts signa-
ture phrases from users’ reading histories to cus-
tomize headlines. PNG (Ao et al., 2023) introduces
a knowledge-aware user encoder to model user in-
terests from reading behavior, incorporated into a
pointer-generator network. Tan et al. (2024) incor-
porates click history into prompts as indirect pref-
erences via an LLM-based approach. Appendix C
reviews further related work on LLM-based user
simulators for data synthesis.

6 Conclusion

In this work, we identify the fundamental limi-
tations of existing indirect paradigms for person-
alized news headline generation, which arise as
practical compromises due to data scarcity and
factual accuracy constraints. To address these is-
sues, we propose USG, an LLM-based multi-agent
framework that integrates subjective user modeling
with objective editorial oversight through collab-
orative simulation. By synthesizing high-quality,
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preference-aligned headlines for direct supervision,
USG enables headline generators that achieve su-
perior personalization without sacrificing factual
consistency. Our theoretical analysis quantifies the
expressiveness gap in indirect training and demon-
strates how USG bridges this divide. Extensive ex-
periments on the PENS dataset validate our frame-
work, achieving state-of-the-art performance on
both personalization and factuality metrics, a no-
table breakthrough given the historical tradeoff be-
tween these objectives.

7 Limitations

While USG demonstrates strong performance, sev-
eral limitations remain. Our approach relies on
LLMs, whose usage entails non-trivial monetary
costs and engineering constraints (e.g., latency and
reliability). In addition, despite substantial related
work on personalized headline generation, publicly
available datasets remain scarce, as collecting user
click histories paired with human-written headlines
is costly and time-consuming; to the best of our
knowledge, only one publicly available dataset is
directly applicable to our setting. Finally, since
we adopt a multi-agent framework that relies on
LLM-generated intermediate outputs to synthesize
training data, this process may be susceptible to
risks of synthetic-data bias and error propagation.

8 Ethics Statement

This study used publicly available datasets and
complied with their original licenses and intended
uses. We also conducted a user study to evaluate
the proposed method. All participants were adults
and signed informed consent forms before partic-
ipation. Our study did not pose risks to privacy,
fairness, or other ethical concerns arising from the
proposed method or experimental protocol. No per-
sonally identifiable information or other sensitive
attributes were collected in this study.
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A Theoretical Analysis

In this section, we formulate a theoretical frame-
work to rigorously analyze the indirect personal-
ized headline generation paradigm and the direct
LLM simulator paradigm.

A.1 Problem Formulation

Let U , C, and H denote the user, article body, and
headline spaces, respectively. The true data dis-
tribution in the real world is denoted as Ptrue =
Ptrue(U,C,H). The goal of personalized headline
generation is to learn a conditional distribution
Pθ(H | U,C) that approximates the true under-
lying preference distribution:

Pideal(H | U,C) = Ptrue(H | U,C). (9)

A.2 Analysis of Indirect Learning

Modeling Eq. 9 requires a dataset D =
{(ui, ci, hi)} sampled from Ptrue. However, collect-
ing such data at scale necessitates extensive user
participation, which is time-consuming, costly, and
ultimately unscalable. As a practical workaround,
the indirect learning paradigm has been widely
adopted. Indirect learning introduces a latent vari-
able Z ∈ Z (e.g., user tags, embeddings) inferred
from auxiliary tasks. The modeling process con-
sists of two components:
1. A proxy inference model Qϕ(Z | U) (the en-

coder).

2. A conditional generator Pψ(H | Z,C) (the de-
coder).

The distribution induced by this paradigm is the
marginal distribution over the latent variable Z:

Pindirect(H | U,C)

=

∫

Z
Pψ(H | Z,C)Qϕ(Z | U) dZ. (10)

A.2.1 The Optimization Gap

Because the marginal log-likelihood involves an
intractable integral, indirect methods optimize sur-
rogate objectives, leading to a structural inference
gap.

Theorem A.2.1 (Decomposition of Indirect Ob-
jective). For any sample (u, c, h) ∼ Ptrue, the log-
likelihood of the indirect model decomposes into a
reconstruction objective and a strictly non-negative

inference gap:

logPindirect(H | U,C)

= EZ∼Qϕ [logPψ(H | Z,C)]

+DKL

(
Qϕ(Z | U) ∥ Ppost(Z | H,U,C)

)

(11)

where Ppost(Z | H,U,C) =
Pψ(H|Z,C)Qϕ(Z|U)
Pindirect(H|U,C) is

the true posterior.

Proof. We derive this decomposition by analyzing
the KL-divergence between the proxy encoder Qϕ

and the true posterior Ppost. By definition:

DKL(Qϕ(Z | U) ∥ Ppost(Z | H,U,C))

= EZ∼Qϕ
[
logQϕ(Z | U)

− logPpost(Z | H,U,C)
]

= EZ∼Qϕ

[
logQϕ(Z | U)

− log
Pψ(H | Z,C)Qϕ(Z | U)

Pindirect(H | U,C)

]

= −EZ∼Qϕ [logPψ(H | Z,C)]

+ logPindirect(H | U,C). (12)

Rearranging the terms yields the stated equality:

logPindirect(H | U,C)

= EZ∼Qϕ [logPψ(H | Z,C)]
︸ ︷︷ ︸

Reconstruction Objective

+DKL(Qϕ ∥ Ppost)︸ ︷︷ ︸
Inference Gap

. (13)

The KL term is strictly non-negative due to Gibbs’
inequality.

Implication: Indirect training typically maxi-
mizes only the first term (Reconstruction Objec-
tive). However, since Qϕ(Z | U) is often pre-
trained on auxiliary tasks (e.g., tag prediction) and
fixed, it cannot dynamically adapt to approximate
the true posterior Ppost(Z | H,U,C) required for
a specific headline. This results in a permanent
Inference Gap.

A.2.2 Irreducible Bottleneck
Beyond optimization, indirect methods suffer
from a fundamental representation limit. Since
dim(Z)≪ dim(U), the Data Processing Inequal-
ity (DPI) implies unavoidable information loss.
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Proposition A.2.1 (Bottleneck). Let the generation
process be a Markov chain U → Z → H . The
mutual information satisfies:

I(H;U | C) ≥ I(H;Z | C). (14)

The inequality is strict, I(H;U | C) > I(H;Z |
C), unless Z is a sufficient statistic of U for H .
Given the high complexity of user preference U and
the low dimensionality of proxy Z, Z cannot cap-
ture all variations in U relevant to H . This defines
the Irreducible Error of the indirect paradigm:

ϵz_loss = I(H;U | C)− I(H;Z | C) > 0. (15)

A.3 Analysis of LLM Simulator Training
The simulator paradigm attempts to bypass the la-
tent bottleneck Z by directly modeling the joint
distribution. However, realistically, an LLM cannot
ingest the abstract, infinite-dimensional true user
preference U . Instead, it relies on a function τ(·) to
simulate the user (e.g., prompts constructed from
historical reading summaries), and samples from
its own approximation of the world. The realistic
simulator distribution is:

Psim(U,C,H)

= Psample(U,C) · PLLM(H | τ(U), C). (16)

Theorem A.3.1 (Simulator Divergence Decompo-
sition). The KL-divergence between the true world
and the practical simulator exactly decomposes into
sampling bias and a fidelity gap:

DKL(Ptrue ∥ Psim)

= DKL(Ptrue(U,C) ∥ Psample(U,C))︸ ︷︷ ︸
Sampling Bias

+ E(U,C)∼Ptrue

[
Fidelity Gap

]
. (17)

where Fidelity Gap = DKL(Ptrue(H | U,C) ∥
PLLM(H | τ(U), C)).

Proof. By the definition of the KL-divergence for
joint distributions:

DKL(Ptrue ∥ Psim)

= E(u,c,h)∼Ptrue

[
log

Ptrue(u, c, h)

Psim(u, c, h)

]
. (18)

Factorizing both numerator and denominator using
the chain rule of probability:

Ptrue(u, c, h) = Ptrue(u, c) · Ptrue(h | u, c). (19)

Psim(u, c, h)

= Puser(u)Pcontent(c) · PLLM(h | τ(u), c). (20)

Substitute these back into the log term:

log
Ptrue(u, c, h)

Psim(u, c, h)
= log

Ptrue(u, c)

Puser(u)Pcontent(c)

+ log
Ptrue(h | u, c)

PLLM(h | τ(u), c) .
(21)

Taking the expectation E(u,c,h)∼Ptrue over the
sum, the first term depends only on (U,C), and
the second term conditions on them:

Term 1 = E(u,c)∼Ptrue

[
log

Ptrue(u, c)

Puser(u)Pcontent(c)

]

= DKL(Ptrue(U,C) ∥ Puser(U)Pcontent(C))
(22)

Term 2 = E(u,c)∼Ptrue

[
Eh∼Ptrue(·|u,c)

(
log

Ptrue(h | u, c)
PLLM(h | τ(u), c)

)]

= E(U,C)∼Ptrue

[
DKL

(
Ptrue(H | U,C)

∥ PLLM(H | τ(U), C)
)]
. (23)

Summing Term 1 and Term 2 completes the proof.

Crucially, the fidelity gap of the simulator is
non-zero. Building upon 17, the gap arises from
both the learned distribution PLLM(·) and the map-
ping function τ(·), indicating that the LLM-based
simulator incurs its own irreducible practical errors.
We can further decompose this fidelity gap into two
components: ϵτ_loss, which captures the model’s
capacity to accurately generate headlines, and ϵhallu,
which accounts for the intrinsic error of the LLM,
such as hallucinations.

A.4 Theoretical Comparison and Conclusion
By analyzing both paradigms through a unified the-
oretical lens, we identify a fundamental trade-off
in their respective error compositions. Neither ap-
proach is theoretically infallible; rather, they are
characterized by distinct failure modes. The gen-
eration risk of the indirect method is dominated
by Inference Gap + ϵz_loss, while the simulator
is dominated by Sampling Bias + ϵτ_loss + ϵhallu.
The core justification for this paradigm shift lies
in the distinction between structural and scalable
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errors. The Inference Gap in indirect learning repre-
sents a rigid structural bottleneck—an irreducible
discrepancy stemming from disjoint training ob-
jectives. Conversely, the simulator’s errors, such
as Sampling Bias and LLM Intrinsic Error (ϵhallu
and ϵτ_loss), are scalable limitations. While these
are not entirely eliminated, they are systematically
ameliorated by the advancement of scaling laws,
sophisticated sampling strategies and state-of-the-
art alignment protocols (Zhang et al., 2024; Wang
et al., 2025; Argyle et al., 2023). In summary, our
theoretical analysis highlights two key insights:

• Rationale for paradigm shift: The shift to
LLM-based simulator training is theoretically
well-founded, as it eliminates the irreducible
error of indirect methods and benefits from
continuous advances in LLM technology.

• The Foundational Role of Indirect Learn-
ing: While we advocate for a shift toward
direct modeling, indirect learning methods re-
main fundamentally significant. They facil-
itated critical advancements in personalized
headline synthesis during the era when simu-
lation fidelity was bottlenecked by substantial
intrinsic errors (high ϵhallu and ϵτ_loss). Fur-
thermore, these approaches established the
theoretical and empirical foundations for mod-
eling user preferences within data-constrained
regimes, offering robustness where early-
stage simulators lacked the requisite capacity.

B Experiment

B.1 Implementation Details
To ensure reproducibility, our framework is imple-
mented using the LLaMA-Factory library (Zheng
et al., 2024). The specific configurations for agent
architecture, training, and synthesis strategies are
detailed below.
Agent Configuration and User Context. We se-
lect Qwen3-8B (Yang et al., 2025) as the backbone
for all agents (U , E ,W) and the generator G. Re-
garding user modeling, the long-term user profile
(uprof) is derived from the user’s most recent 200
click interactions, while the short-term memory
(uhist) stores the latest 20 clicks.
Training Setup. The Editor agent and the down-
stream generator are fine-tuned using LoRA with
a rank of r = 8 and an alpha of α = 16, apply-
ing adapters across all linear layers. The learning
rate is set to 1× 10−4. The Editor is trained for 2

epochs and the generator for 3 epochs. The Editor’s
training set uses a 1 : 3 positive-to-negative sample
ratio to improve error discrimination.
Headline Synthesis Strategy. In the Critique-and-
Refine process (Stage 1), we empirically set the
lower acceptance bound τlow = 0.3 and the high-
confidence bound τhigh = 0.85. The maximum
iteration count is limited to T = 3. Implementing
the One-to-Many strategy, we sample 3 distinct
users for each article body. This process yields
a final synthetic dataset Dsyn comprising 27,036
personalized headlines.

We conduct experiments on a workstation
equipped with an Intel Xeon Gold 6248R 3.00 GHz
CPU, eight NVIDIA A100 80 GB GPUs, and 1.5
TB of RAM.

B.2 Evaluation Protocols
To ensure a rigorous and fair evaluation, we adopt
protocols consistent with prior studies in person-
alized headline generation (Ao et al., 2021, 2023;
Yao, 2022; Yang et al., 2023; Song et al., 2023).
Specifically, we assess model performance from
three complementary perspectives: lexical over-
lap, semantic alignment, and factual consistency.
We employ the standard ROUGE-1, ROUGE-2,
and ROUGE-L metrics (Lin, 2004)2 to measure
n-gram overlap and sentence-level structural simi-
larity between the generated and manually written
headlines. Beyond surface-level matching, we uti-
lize BLEURT (Sellam et al., 2020)3 to assess the
semantic similarity between the generated outputs
and the reference headlines. To strictly evaluate
factual consistency with respect to the source con-
tent, we adopt FactCC (Kryściński et al., 2020)4,
a claim verification model that assesses whether
the generated headline is factually supported by the
source article.

B.3 Baselines
To validate the effectiveness of our approach, we
conduct a comprehensive evaluation against two
categories of baselines: (1) general LLMs, and
(2) specialized personalized headline generation
models. For the former, we assess representa-
tive open-source models (Qwen3-8B (Yang et al.,
2025), Qwen3-14B (Yang et al., 2025), Llama-3.1-
8B-Instruct (Grattafiori et al., 2024)) as well as the
closed-source GPT-4.1 (Achiam et al., 2023), under

2https://pypi.org/project/rouge/1.0.1/
3https://github.com/google-research/bleurt
4https://huggingface.co/manueldeprada/FactCC
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both zero-shot and few-shot settings. For the lat-
ter, we compare against a range of state-of-the-art
(SOTA) models on this task:

• PENS-NRMS (Ao et al., 2021): Utilizes the
NRMS (Wu et al., 2019b) click-through rate
prediction model to capture user preferences,
injecting these latent representations into the
headline generator.

• PENS-NAML (Ao et al., 2021): Building on
PENS, this variant employs the NAML (Wu
et al., 2019a) preference model to enhance
user modeling and is recognized as the best-
performing baseline in the original PENS
study.

• NAML-HAN (Yao, 2022): Incorporates
sentence-level informativeness into the rec-
ommendation model, using a hierarchical at-
tention network to guide the generation of
high-quality headlines.

• PNG (Ao et al., 2023): Designs a knowledge-
aware user encoder and utilizes a user-
perturbed pointer-generator network to explic-
itly condition headline generation on user in-
terests.

• GTP (Song et al., 2023): Adopts a de-
coupled two-stage paradigm that first gener-
ates generic candidates and subsequently cus-
tomizes them via information self-boosting
mechanisms to achieve personalization.

B.4 Case Study

We present a case study from the experimental data
in Table 4, comparing the personalized headlines
generated by our model USG against the state-of-
the-art baselines from two categories: (1) a general
LLM (GPT-4.1, zero-shot), and (2) a specialized
personalized headline generation model (GTP). In
Table 4, Fact. denotes factual consistency with the
article, and Pers. denotes personalization quality
with respect to the reference headline, which is the
manually written headline by the user in the test set.
To further illustrate USG’s data synthesis process,
Table 5 details the multi-agent interaction under-
lying this example. As shown in Table 4, USG
achieves the best overall performance, producing a
headline that is both factually consistent and well-
personalized. GTP produces a headline containing

Table 4: Case study. ✓: correct; ✗: incorrect;△: partial.

User Profile Topic Interests : The user shows interest
in politics, particularly U.S. politics and
news, [. . .], lifestyle, and occasionally en-
gages with health. [. . .]
Style Preferences: : The user prefers
detailed news articles with a mix of
formal and sometimes more casual or
entertainment-oriented tones. [. . .]

Short-term
Click History

• Bernie Sanders details plan to cancel
$1.6 trillion in student loan debt
• 31 Easy No-Cook Dinners to Make in
July
• California residents wondered if today’s
earthquake was “the big one”

Article Learn what pain doctors are really think-
ing when you visit them, and how you
can better manage your symptoms. [. . .]
Chances are, you’re never going to
be 100 percent pain-free —especially if
you’re experiencing chronic back or knee
pain. [. . .]

Reference Understand Your Pain Better

Method Generated Headline Fact. Pers.

GTP Pain Doctors’ Tips for
100% Pain-Free ✗

△

GPT-4.1 What Pain Doctors Really
Want You to Know: Man-
aging Your Symptoms Ef-
fectively

✓ ✗

USG (Ours) Expert Pain Tips: Under-
stand Your Pain Better ✓ ✓

the phrase “100% Pain-Free,” which directly con-
tradicts the article’s key claim that one is never go-
ing to be 100 percent pain-free. While GTP demon-
strates partial personalization alignment, it fails on
factual consistency. GPT-4.1, on the other hand,
generates a factually correct headline but lacks per-
sonalization, producing a generic and overly formal
headline that does not align with the user’s prefer-
ence for a casual, engaging tone.

The multi-agent interaction trace in Table 5 re-
veals several key observations. First, the Editor
agent serves as an objective evaluator: given the
original clickbait headline “24 Secrets Pain Doc-
tors Won’t Tell You,” it correctly flags both the
fabricated numerical claim (“24 secrets” is unsup-
ported by the article) and the sensational framing,
grounding its critique in factual consistency, click-
bait detection, and stylistic appropriateness stan-
dards. In Iteration 1, it further identifies entity inac-
curacy and misleading implication in the Writer’s
output. Second, the User agent provides subjective,
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Table 5: Multi-agent interaction process among Writer, Editor, and User for personalized news headline synthesis.

Original News Headline: “24 Secrets Pain Doctors Won’t Tell You”

Editor
Agent

Reasoning: Factual Consistency: The article does not mention “24 secrets” or that pain doctors are withholding
information; this is a fabricated number and implication. No Misleading/Clickbait: The headline is misleading
and sensationalizes the content. Stylistic Appropriateness: The phrase “Secrets Pain Doctors Won’t Tell You” is
clickbait and sensational, not appropriate for a factual article about pain management.
Critique: This headline violates (1) Factual Consistency: “24 secrets” is not supported by the article; and (2) No
Misleading/Clickbait & Stylistic Appropriateness: “Secrets Pain Doctors Won’t Tell You” is clickbait framing,
unsuitable for a factual article.
Decision: ✗ Incorrect

Iteration 1

Writer
Agent

Reasoning: The headline is concise, factual, and addresses the key points from the article. It avoids sensationalism
and aligns with the user’s interest in health and detailed, informative content.
Output: “Expert Pain Management Tips from Board-Certified Doctors”

Editor
Agent

Reasoning: No Misleading/Clickbait: The headline could imply a more prescriptive or structured guide than
provided in the article. Entity Accuracy: “Board-certified doctors” is not the main subject of the article.
Critique: This headline violates (1) No Misleading/Clickbait: it implies a more structured guide than the article
provides; and (2) Entity Accuracy: “board-certified doctors” is not the main subject of the article.
Decision: ✗ Incorrect

Iteration 2

Writer
Agent

Reasoning: Key facts include understanding pain causes and proper use of heat and ice. User preferences are
addressed by focusing on the content and maintaining a casual tone while avoiding sensationalism.
Output: “Pain Management Tips from Experts: Understanding Your Pain”

Editor
Agent

Reasoning: Factual Consistency: The headline accurately reflects the article’s focus on pain management, expert
insights, and advice about understanding pain causes. No misleading or exaggerated claims. Entity Accuracy:
“Experts” is appropriate as the article features pain doctors and specialists. Stylistic Appropriateness: The headline
is concise, clear, and not generic or narrative.
Critique: This headline meets all standards.
Decision: ✓ Correct

User
Agent

Reasoning: The topic of pain management aligns well with the user’s interest in health, indicated by the strong
NRMS score of 0.615. However, the headline is formal and does not align with the user’s preference for a mix of
formal and casual tones. The recent click history does not include health-related content, but the NRMS score
suggests potential interest.
Critique: The headline’s formal tone doesn’t align with the user’s preference for a mix of formal and casual.
Score: 0.75

Iteration 3

Writer
Agent

Reasoning: The article discusses pain management insights from experts and the importance of understanding
pain causes. The user has a strong interest in finance, politics, and entertainment, with a preference for a mix
of formal and casual tones. The new headline integrates these elements by focusing on expert advice in a more
casual, relatable manner.
Output: “Expert Pain Tips: Understand Your Pain Better”

Editor
Agent

Reasoning: Factual Consistency: The headline accurately reflects the article, which provides advice from pain
doctors and discusses ways to understand and manage pain better. No Misleading/Clickbait: The language is
neutral and not sensational or exaggerated. Stylistic Appropriateness: The headline is concise and direct, not
a generic narrative sentence. Entity Accuracy: The main subject is “pain doctors,” which matches the article’s
focus.
Critique: This headline meets all standards.
Decision: ✓ Correct

User
Agent

Reasoning: The candidate headline aligns well with the user’s interest in health, as indicated by the NRMS score
and recent click history. The headline is clear and direct but could be more engaging by incorporating a casual or
humorous tone to better match the user’s style preferences.
Critique: Good topic match. The headline is clear but could be more engaging, consider a slightly more casual
tone to better match the user’s preferences.
Score: 0.85
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personalization-oriented feedback: in Iteration 2,
although the Editor approves the headline, the User
agent assigns a score of 0.75, noting that the formal
tone does not match the user’s preference for a mix
of formal and casual styles. Third, the Writer pro-
gressively refines its output in response to both the
Editor’s and User agent’s feedback, ultimately pro-
ducing a headline in Iteration 3 that satisfies both
the Editor (factually correct) and the User agent
(score: 0.85), demonstrating the effectiveness of
the collaborative multi-agent framework.

We further note an interesting limitation: the
original clickbait headline “24 Secrets Pain Doc-
tors Won’t Tell You” contains an implicit numerical
claim. Upon careful inspection of the article, there
are indeed 24 tips discussed in the content; how-
ever, this number is never explicitly stated in the
text. Detecting such implicit numerical information
requires non-trivial reasoning over the full article,
which current LLMs are not yet reliably capable of.
This suggests that while our framework effectively
handles explicit factual inconsistencies, implicit
reasoning over latent article structure remains an
open challenge for future work.

B.5 Human Evaluation

To complement automatic metrics, we conduct a
human evaluation on 1000 randomly sampled test
instances. Five annotators compare headlines gen-
erated by USG against the state-of-the-art baselines
from two categories: (1) a general LLM (GPT-4.1,
zero-shot), and (2) a specialized personalized head-
line generation model (GTP). For each instance, an-
notators are presented with the article body and the
user’s 50 most recent clicked headlines, along with
two headlines in random order without knowledge
of which system generated them. Following Liu
et al. (2025), annotators judge which headline is
better across five dimensions: Fluency, Factuality,
Attractiveness, Personalization (abbreviated as
“Personal.” in Figures 5 and 6), and Overall quality.
Specifically, annotators respond to the following
questions for each dimension:

• Fluency: Which headline is more fluent and
grammatically correct?

• Factuality: Which headline more faithfully
reflects the facts presented in the article?

• Attractiveness: Which headline is more engag-
ing?

• Personalization: Which headline better
matches this user’s preference based on their
click history?

• Overall: Taking all aspects into account,
which headline is of higher overall quality?

Each comparison yields a Win (USG is preferred),
Tie (comparable quality), or Lose (baseline is pre-
ferred) judgment.
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39.8% 31.8% 28.4%

54.1% 22.7% 23.2%

17.9% 72.8% 9.3%

USG vs. GTP

Percentage (%)Win Tie Lose

Figure 5: Human evaluation results (USG vs. GTP).
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Figure 6: Human evaluation results (USG vs. GPT-4.1).

Inter-annotator agreement is measured using
Fleiss’ κ (Fleiss, 1971), with all dimensions yield-
ing κ > 0.6, indicating substantial agreement. As
illustrated in Figures 5 and 6, USG achieves more
wins than losses across all dimensions against both
baselines, validating the effectiveness of our frame-
work. Against GTP, USG demonstrates a deci-
sive advantage in Factuality (54.1% Win vs. 23.2%
Lose) and outperforms in Personalization (34.3%
Win vs. 26.9% Lose), confirming that the Edi-
tor agent effectively enforces factual correctness,
while our direct training paradigm better captures
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user preferences than indirect approaches. Against
GPT-4.1 (zero-shot), USG shows a clear lead in Per-
sonalization (36.6% Win vs. 25.5% Lose) and Over-
all (39.9% Win vs. 26.7% Lose), demonstrating
that our multi-agent framework captures individual
user preferences more effectively than zero-shot
prompting. Notably, USG achieves competitive
Factuality (36.5% Win vs. 32.2% Lose), consistent
with our automatic FactCC results. The large Tie
proportions in Fluency indicate comparable linguis-
tic quality across systems.

B.6 User Study
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Figure 7: User study results (USG vs. GTP).
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Figure 8: User study results (USG vs. GPT-4.1).

To assess real users’ preferences for generated
headlines, we conduct a small-scale user study. Fol-
lowing Liu et al. (2025); Ao et al. (2023), we re-
cruited five English-speaking graduate students as
participants. Each participant was first shown a
preselected pool of news headlines and asked to se-
lect 50 that matched their personal interests; these
selections served as a proxy for the participant’s
historical click behavior. Based on this data, we

generated personalized headlines for 40 previously
unseen news articles. For each article, participants
were shown the article body along with two candi-
date personalized headlines presented in random or-
der, without knowledge of which system produced
each one, and asked to indicate their preference
along the same five dimensions as in Section B.5:
Fluency, Factuality, Attractiveness, Personalization,
and Overall quality.

As shown in Figures 7 and 8, USG achieves
more wins than losses across all dimensions against
both baselines, most notably in Factuality and Per-
sonalization. These results are consistent with the
trends observed in the human evaluation, suggest-
ing that USG’s advantages generalize beyond sim-
ulated preferences to genuine user preferences.

C Related Work

LLM-Based User Simulator for Data Synthesis
Personalization tasks typically rely on extensive
user-centric data (e.g., interaction logs) to effec-
tively model user preferences (Chen et al., 2024).
However, such data is often scarce or inaccessible.
Aside from the natural sparsity inherent in cold-
start scenarios (Huang et al., 2025), optimizing for
subjective objectives (e.g., user satisfaction) neces-
sitates costly and time-consuming user studies (Liu
et al., 2026). Furthermore, some collections may
raise privacy and compliance concerns (Li et al.,
2024). Recently, LLM-based user simulators have
emerged as a potential solution for synthesize data
at scale, alleviating sparsity while avoiding privacy
risks (Zhang et al., 2024; Wang et al., 2025). For ex-
ample, LAUS (Park, 2025) proposes replacing real
user logs with synthetic interactions, leveraging an
LLM to predict click probabilities based on gen-
erated user histories to construct recommendation
datasets from scratch. Similarly, SUBER (Corecco
et al., 2024) constructs comprehensive synthetic
agents with detailed profiles and interaction his-
tories. These agents simulate responses (e.g., rat-
ings or clicks) that are strictly consistent with their
assigned personas, yielding high-quality training
signals. RecoWorld (Liu et al., 2026) establishes
a multi-turn interaction framework between LLM-
simulated user agents and the recommender system
to synthesize high-quality user satisfaction data.
ColdLLM (Huang et al., 2025) employs an LLM to
simulate potential user interactions based on item
attributes. This process generates synthetic records
that transform cold-start items into "warm" items,
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User Agent Prompt Template

You are a news website user evaluating whether a headline matches your preferences.
Task:
Evaluate the candidate headline by reasoning through:
1. Topic Relevance: alignment with long-term profile and short-term click history
2. Style Alignment: match with preferred tone, formality, and style
3. Holistic Judgment: synthesize a preference score and actionable critique for the Writer to improve

Memory Module:
[Long-term Profile]: {u_prof}
[Short-term Click History]: {u_hist}

[Behavioral Signal] NRMS score: {nrms_score}
(0.0 = irrelevant, 1.0 = highly relevant based on large-scale interaction patterns)

Candidate Headline: {candidate_headline}

Now reason step by step:
Step 1 – Topic Relevance: Does this topic align with the long-term profile and click history?
The NRMS score of {nrms_score} indicates {strong/moderate/weak} behavioral relevance.
Step 2 – Style Alignment: Does the headline match the preferred tone, formality, and style?
Step 3 – Holistic Judgment: Combine the above into a preference score from 0.0 to 1.0.
Step 4 – Critique: Provide specific, actionable feedback that tells the Writer exactly what to improve.

Output JSON:
{ "analysis": "step-by-step reasoning covering topic relevance, style alignment, and holistic judg-
ment",
"critique": "actionable feedback for the Writer (e.g., topic aligns but tone is too formal, use casual
phrasing)",
"preference_score": float 0.0–1.0 }

Figure 9: Prompt template for the User agent U , which evaluates candidate headlines and provides subjective
personalization feedback.

thereby optimizing item embeddings via data aug-
mentation. USERMIRRORER (Wei et al., 2026)
integrates the Engel–Kollat–Blackwell (EKB) cog-
nitive model to simulate user decision-making pro-
cesses. Crucially, it implements a rigorous filtering
pipeline to discard low-quality simulations, ensur-
ing the synthesized data aligns closely with real-
world user behavior.

D Prompt Templates

This section provides the complete prompt tem-
plates used in our framework. Figures 9, 10, and 11
show the prompts for the User (U ), Editor (E), and
Writer (W) agents used in Stage 1, and Figure 12
shows the prompt for the Generator (G) in Stage 2.

E AI Use Disclosure Statement

We employed Gemini for grammatical corrections
and spell-checking. All core ideas, methodological
design, theoretical derivations, experiments, and
results are entirely our own work.
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Editor Agent Prompt Template

You are a Senior News Editor responsible for auditing headline quality and ensuring adherence to
editorial standards.
Task:
Validate the headline against the Quality Standards below and provide constructive critique to guide
the Writer’s refinement.

Quality Standards:
1. Factual Consistency: the headline must faithfully convey core article information without hallucina-
tion
2. No Misleading/Clickbait: avoid exaggerated or sensationalist language that distorts content
3. Stylistic Appropriateness: concise (under 20 words) and engaging, not a generic narrative sentence
4. Entity Accuracy: main subject/person must be correctly identified

Article Body: {article_body}
Headline: {headline}

Output JSON:
{ "analysis": "step-by-step verification against all standards",
"critique": "If meets ALL standards: None. If violates ANY standard: state Violates [Standard
Name] and explain (e.g., Violates Factual Consistency: contains unsubstantiated claim)",
"decision": "[correct] or [incorrect]" }

Figure 10: Prompt template for the Editor agent E , which audits headline quality against editorial standards and
provides objective feedback.
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Writer Agent Prompt Template

You are a Personalized Headline Writer balancing editorial standards and user preferences.
Task:
Generate a headline that simultaneously satisfies two objectives:
1. Editorial Quality: factually accurate, no misleading/clickbait, stylistically appropriate, entity-
accurate
2. User Preference: aligned with the user’s topic interests and reading style
Generation Constraints:
1. Extractive: use vocabulary from the article body only (no hallucinations)
2. Concise: under 20 words
3. User-written style: avoid journalistic jargon.
4. Address ALL critique instructions from the Memory Module

Memory Module (Accumulated Interaction History): {memory}

User Context:
[Long-term Profile]: {u_prof}
[Short-term Click History]: {u_hist}

Article Body: {article_body}

Now reason step by step:
Step 1 – Fact Extraction: identify the most important event, outcome, and entity from the article body
Step 2 – Preference Inference: what topics and styles does this user prefer based on profile and history?
Step 3 – Critique Integration: for each entry in Memory, ensure the new headline addresses editor and
user feedback
Step 4 – Generation: produce a headline that maximizes editorial validity and user preference

Output JSON:
{ "reasoning": "(1) key facts extracted, (2) inferred user preferences, (3) how Memory critiques are
addressed",
"headline": "the generated personalized headline (max 20 words)" }

Figure 11: Prompt template for the Writer agentW , which generates and refines personalized headlines based on
feedback from the Editor and User agents.
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Generator Prompt Template

You are a Personalized Headline Writer balancing editorial standards and user preferences.
Task:
Generate a headline that simultaneously satisfies two objectives:
1. Editorial Quality: adherence to the Editorial Standards below
2. User Preference: aligned with the user’s topic interests and reading style
Generation Constraints:
1. Extractive: use vocabulary from the article body only (no hallucinations)
2. Concise: under 20 words
3. User-written style: avoid journalistic jargon
Editorial Standards:
1. Factual Consistency: faithfully convey core article information without hallucination
2. No Misleading/Clickbait: avoid exaggerated or sensationalist language that distorts content
3. Stylistic Appropriateness: concise and engaging, not a generic narrative sentence
4. Entity Accuracy: main subject/person must be correctly identified

Memory Module:
[User Long-term Profile]: {u_prof}
[User Short-term Click History]: {u_hist}

Article Body: {article_body}

Now reason step by step:
Step 1 – Fact Extraction: identify the most important event, outcome, and entity from the article body
Step 2 – Preference Inference: what topics and styles does this user prefer based on profile and history?
Step 3 – Generation: produce a headline that maximizes editorial validity and user preference

Output JSON:
{ "reasoning": "(1) key facts extracted, (2) inferred user preferences, (3) brief explanation of the
generation process",
"personalized_headline": "the generated personalized headline (max 20 words)" }

Figure 12: Prompt template for the Generator G, which directly generates personalized headlines.
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