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Abstract
We focus on personalized news headline gener-
ation, where we aim to improve headline gen-
eration by extending the generation context to
incorporate the news reading history of users.
In particular, we study a RAG-LLM-based sys-
tem that customizes news headlines with user
histories to improve news headline personaliza-
tion. Our experiments show that our approach
not only produces better headlines for specific
users, but also makes the generated headlines
closer to the original headlines. We experi-
ment with different retrievers and analyze the
generated outputs through systematic compar-
isons with both original and rewritten head-
lines. These analyses provide insights into the
role of retrieval and personalization in headline
generation, highlighting how the user history
contributes to meaningful improvement while
remaining aligned with original headlines1.

1 Introduction

With the recent advances in large language models
(LLMs), there has been a significant improvement
in both the quality of generated content and the pos-
sibility to process various types of input (Kumar,
2024). LLMs can be used to generate personalized
content tailored to individual user preferences, in-
cluding tasks such as personalized news headline
generation (Shi et al., 2025; Salemi et al., 2024;
Ren et al., 2025). How news are presented might
also be seen as a way to reduce news avoidance
among intentional avoiders who feel overwhelmed
by the large volume of available news (Skovsgaard
and Andersen, 2020). Offering news in alternative
framings can potentially help these users engage
with news that they would otherwise overlook due
to the phrasing of the headline.

One important contribution towards more per-
sonalized news headline generation is the introduc-
tion of the PENS (PErsonalized News headlineS)

1Our code will be made available on GitHub at https:
//github.com/lorylei/RAGpens.

dataset (Ao et al., 2021). In addition to including
news headlines and articles, Ao et al. (2021) also
incorporate user browsing records as user behav-
ior data to achieve personalization by customizing
news headline from the user side. More recently,
the LaMP dataset (Salemi et al., 2024) explored the
use of Retrieval-Augmented Generation (RAG) for
incorporating personalization into LLM generation
, including personalized news headline generation.
They proposed a more flexible and direct approach
to concatenate and adjust input prompts for LLMs
based on different candidate news. However, LaMP
is limited and doesn’t include full articles and meta-
data in both candidate news and user history, re-
stricting its use for RAG-based personalization.

Customized personalization is approached
through different mechanisms. Due to limited
amounts of user-specific data, more stable cus-
tomized personalization can be achieved by fine-
tuning lightweight personalization modules (Song
et al., 2023; Li et al., 2024), or adjusting the gener-
ation objective through offline goal-conditioned re-
inforcement learning to accommodate continuously
evolving user interests (Tan et al., 2024). Never-
theless, these approaches mainly rely on encoding
preferences as representations, which cannot be ex-
plicitly interpreted. In contrast, we aim to make
use of the strengths of RAG to directly retrieve user
records and incorporate them as contextual signals
for LLMs.

In this paper, we propose a RAG-based system
for customized news headline generation and apply
it to the PENS dataset. In our experiments, we eval-
uate three different LLMs as generators and test
various retrievers to investigate how user records
retrieved under different retrieval setups influence
the final generation outcome. We conduct a de-
tailed analysis of headlines produced by different
models, examining stylistic similarity, n-gram over-
lap, and entity-level statistics. Our experiments re-
veal that to generate headlines that best align with

https://github.com/lorylei/RAGpens
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user preferences, the retrieved user records that
served as generation references should satisfy three
conditions simultaneously: be of a certain quan-
tity, have high relevance to the candidate news, and
have adequate topical diversity. Furthermore, while
RAG models demonstrates evidence of improved
user-specific personalization, it also shows that the
generated headlines are better aligned than gen-
eral journalistic styles in the user’s clicked history.
Based on this finding, we conducted an in-depth
study on how the model balances personalized sig-
nals with style consistency and proposed the neces-
sity of a dual-reference evaluation.

2 Related work

Personalized news headline generation before
LLMs Personalized news headline generation re-
search has focused on generating a unified style
without accounting for individual user preferences,
e.g. by creating sensational news headlines (Xu
et al., 2019). Ao et al. (2021) were the first to
propose a framework for customized personaliza-
tion of news headline generation, incorporating
user browsing records as user representation in the
generation process. Their baseline combines user
representations with the input article and uses a Bi-
LSTM pointer-generator network (See et al., 2017).
User representations in personalized news headline
generation tasks before LLMs were mostly incor-
porated during training in the form of embeddings
(Ao et al., 2021; Zhang et al., 2022). Such repre-
sentations can struggle to adapt context-dependent
personalization signals to different types of news,
thereby limiting personalization capabilities.

Personalized news headline generation using
LLMs There is a growing attention to the per-
sonalization capabilities of LLMs, especially for
adjusting their outputs based on user preferences
with methods such as P-RLHF (Li et al., 2024) and
difference-aware user modeling (Qiu et al., 2025).
Salemi et al. (2024) introduced the LaMP bench-
mark for both personalized generation and classi-
fication tasks. However, in the personalized news
headline generation dataset of the LaMP bench-
mark, neither the user records nor the candidate
news contain complete news articles (the average
article length is only 112 characters), which poten-
tially limits the quality of the generated headlines.

Compared to previous works, and to fully exploit
RAG and compare the effects of different retrievers,
we apply RAG generation on the PENS dataset

using complete news articles, and further analyze
how the retrieved content from different retrievers
influences performance.

3 Experimental setup

Dataset The publicly available PENS dataset (Ao
et al., 2021) contains 113,762 news articles, with
individual IDs, titles, body texts, and 15 news cate-
gories. For the test set, 103 native English speakers
manually created 200 personalized headlines each,
without seeing the original headlines. These rewrit-
ten headlines were then reviewed by editors. In
addition, using each participant’s browsing history,
50 news items were selected to create their personal
user record. To support our RAG experiments, we
reorganized the test set, by treating each manually
created personalized headline and its associated ar-
ticle as a separate candidate instance. Each instance
is linked to the user who created the personalized
headline, and their full browsing history, resulting
in 20,600 user-specific examples. In the experi-
ments, we include the original news headlines as
an additional point of comparison while treating
the rewritten headlines as the gold standard for
personalized reference , to better understand and
compare the degree of personalization introduced
by the generated and the rewritten headlines.

Generation Models In our experiments, we use
several instruction-tuned LLMs with comparable
parameter scales (7–8B) and extended context win-
dows of 128k tokens. This setup ensures a fair
comparison across models while guaranteeing that
the entire content of each news article can be fully
covered within the input context. For generation,
we set the maximum context length to 70k tokens
to balance efficiency and coverage, and restrict the
output length to 64 tokens. We use greedy decod-
ing by setting the temperature to 0 and best-of to 1,
ensuring deterministic outputs for headline genera-
tion. We use the following models:

• Llama 3: Model series designed to sup-
port multilingualism, coding, and reasoning
(Grattafiori et al., 2024). We use Llama-3.1-
8B-Instruct with 128k input context length.

• Qwen: LLMs designed to support a wide
range of NLP and generation tasks (Team
et al., 2024). We use Qwen2.5-7B-Instruct,
an instruction-tuned variant with a size of 7B,
and input context length of 128k.



• Granite: Family of models optimized for var-
ious tasks including long-context, instruction-
following, and reasoning tasks (IBM, 2024).
We use Granite-3.3-8B-Instruct, an 8B param-
eter model with a 128K token context window.

RAG-based Personalized Generation A RAG-
based personalized generation model involves three
main stages: retrieval, reranking, and genera-
tion. We compare the use of the BM25 algorithm
(Robertson et al., 1995), a sparse lexical-matching
method, with a dense retriever (Karpukhin et al.,
2020), which encodes queries and documents into
a shared semantic embedding space, to reorder user
records during the retrieval phase. The BM25 re-
triever is implemented using the following formula:

score(Q,D) =
∑

t∈Q IDF(t) · f(t,D)·(k1+1)

f(t,D)+k1·
(
1−b+b· |D|

avgdl

)(1)

Each user record is represented as a document
D, constructed by concatenating its title and article
body. During retrieval, the candidate news article
to be generated is used as the query Q. The BM25
algorithm then scores and ranks all documents D in
the user profile compared to Q. The f(t,D) is the
term frequency of token t in document D; |D| is the
document length; and avgdl is the average length
over the entire user profile. IDF(t) represents each
token’s inverse document frequency2.

For the dense retriever, we use the open-source
model bge-base-en-v1.5 (Xiao et al., 2023) as the
pre-trained English text embedding model. In our
implementation, the input query Q, corresponding
to the candidate news article, is encoded with a
“query:” prefix3 into an embedding q. Similarly,
each news in the user records is treated as a candi-
date passage di, constructed by concatenating the
article title and article body, and encoded with the
prefix “passage:” to obtain embeddings pi. The
similarity between query and passage embed-
dings is computed as the dot product: si = p⊤

i q.
The passage with the highest score si is selected
as the Top-1 retrieval result. After re-ranking for
both retrievers, the model selects the top-k entries
with the highest scores from the reordered records.
These entries are then concatenated with the cur-
rent input prompt to form a new prompt, which is
subsequently passed to the generation model.

2We use the default hyper-parameters k1 = 1.5 (controls
TF saturation) and b = 0.75 (balances length normalization)
in BM25Okapi from the rank_bm25 Python package.

3This prefixing strategy is recommended for BGE models,
which suggests using query instructions (BAAI, 2023).

Evaluation We use ROUGE (Lin, 2004) and
BLEU (Papineni et al., 2002), which measure n-
gram overlap and structural similarity with refer-
ences, as well as BERTScore (Zhang et al., 2019),
which assesses semantic faithfulness. Following
recent research on evaluation methods for style-
personalized text generation (Jangra et al., 2025),
we evaluate using StyleDistance, a content-
independent style embedding model trained with
contrastive learning on synthetic near-paraphrase
data, which are generated by a LLM with con-
trolled stylistic variations (Patel et al., 2025). The
resulting embeddings allow us to compute stylistic
similarity using cosine similarity.

We also implement an LLM-as-a-Judge eval-
uation setup using Mistral-7B-Instruct-v0.3 (AI,
2025) and GPT-4o-mini (OpenAI, 2024) to assess
the personalization degree of the generated results,
to examine whether evaluation results remain con-
sistent across an open-source and a proprietary
LLM, as shown in Table 11 in Appendix A. We use
all user’s past clicked headlines as references, and
both LLM judges are tasked with selecting which
headline among the generated headlines, the origi-
nal headlines, and the rewritten headlines the user
would be most interested in based on the provided
references. We also compare our results to previ-
ous works (Ao et al., 2021; Yang et al., 2023; Lian
et al., 2025).

4 Experiments

We present here our experiments, where we use
RAG for personalized news headline generation4.

LLM selection We evaluate the selected LLMs
on the PENS dataset without incorporating user
records. As shown in Table 1, the Llama 3 model
achieves best results among all LLMs. We there-
fore focus primarily on this model in the remainder
of our experiments. We can further observe that,
compared with headlines generated by any existing
model, the original news titles show higher over-
lap in terms of both n-gram similarity and semantic
faithfulness with rewritten headlines. This suggests
that users’ personalized rewriting is not a complete
redesign of the headline, but rather a subtle rewrit-
ing that retains the necessary content. We therefore,
in our following experiments, compare the outputs
generated by different RAG models with Llama 3
against both the original headlines and the rewritten

4All details about infrastructure and parameter settings of
our experiments are available in Appendix A.1.



ROUGE-1 ROUGE-2 ROUGE-L BLEU
BERTScore

F1 Precision Recall

PENS-NAML† 26.69 10.01 23.02 / / / /
FPG-GRU† 27.33 10.51 23.30 / / / /
SCAPE† 34.26 14.97 28.36 / / / /

Llama 3 31.18 12.63 26.00 34.48 87.08 86.99 87.20
Qwen 28.38 9.94 23.36 32.92 86.75 86.57 86.96
Granite 28.80 10.68 23.31 32.51 86.56 85.87 87.29

Original headline 45.30 25.48 35.24 45.89 88.84 89.13 88.59

Table 1: ROUGE and BLEU results of different LLMs compared to rewritten headlines. Results for Baseline PENS-NAML† are
reproduced in our implementation following the settings of Ao et al. (2021). Results for FPG-GRU† and SCAPE† are reported
from Yang et al. (2023) and Lian et al. (2025). The row with the original headline represents the comparison results between the
original headlines and the rewritten headlines. Bold numbers indicate the best results in each column.

headlines. We also analyze the factors contributing
to the observed differences.

4.1 RAG-based generation experiments

Retriever selection We use Llama 3 as the gen-
eration model and pair it with different retrievers.
We also include a random retriever as a baseline.
We also vary the number of retrieved user records
k from 1 to 11, to explore the effect of adding more
contextual information about the users.

The results of comparing the generated news
headlines with the ROUGE and BLEU scores
of the rewritten and the original news headlines
are shown in Table 2 and Table 3 respectively.
RAG-based models consistently outperform the
non-personalized baseline across both original and
rewritten headlines with BM25 at k>3, dense at
k>4, and random at k>8 on all dimensions. The
BM25 retriever achieves the best ROUGE and
BLEU scores. Using the RAG framework simul-
taneously increases the n-gram similarity between
the generation results, and both the original news
headlines and the user-rewritten news headlines.
This improvement, however, is more pronounced
compared to the original news headlines.

BERTScore values remain relatively similar
across models and the headlines we are comparing
the generations against (original and rewritten). We
also see that the generated news headlines are se-
mantically closer to the original headlines (Table 7
and Table 8 in Appendix A). This suggests that all
models preserve a similar level of semantics, and
improvements from RAG mainly arise from lexi-
cal and stylistic changes rather than semantic ones.
Nevertheless, the BERTScore between generated
and original headlines shows a relatively clear in-
creasing trend as the number of user records grows,
with BM25-based RAG models performing slightly
better. For the results compared to rewritten head-

Figure 1: Category match and average number of unique
categories across records using different retrievers.

lines, only Recall improves with more user records,
while other dimensions show no clear pattern, and
no retriever demonstrates an obvious advantage.

Retrieved news category We also analyze the
category of each news item and compute the (i)
category-match percentage, which represents the
proportion of retrieved user records sharing the
same category, and (ii) the average number of
unique categories, which is the average number of
distinct categories among retrieved records. Shown
in Figure 1, the dense retriever achieves the highest
match percentage but the lowest category diversity.
As the number of retrieved records k increases, cat-
egory match consistently decreases for both dense
and BM25 retrievers due to less relevant and low
ranked items. All RAG models improve as the
number of user records k increases. After k>7, the
performance of both dense and BM25 retrievers are
gradually stabilized, whereas the random retriever
remains the weakest and most unstable, which con-
firms that ensuring sufficient category match rele-
vance between the retrieved records and the can-
didate news is crucial. Overall, the BM25-based
RAG achieves the best generation performance by
maintaining a moderate trade-off between category
relevance and category diversity.



ROUGE-1 ROUGE-2 ROUGE-L BLEU
BM25 dense random BM25 dense random BM25 dense random BM25 dense random

w/o User records 40.03 20.24 35.09 41.64

1 User records 39.03 39.63 39.23 19.60 19.74 19.33 34.09 34.55 34.19 40.86 41.35 40.95

2 User records 40.14 40.04 39.48 20.29 20.06 19.38 35.03 34.96 34.39 41.86 41.79 41.21

3 User records 40.48 40.03 39.52 20.60 20.13 19.59 35.32 34.99 34.51 42.18 41.74 41.22

4 User records 40.52 40.23 39.63 20.65 20.35 19.70 35.35 35.18 34.64 42.23 41.93 41.36

5 User records 40.73 40.36 39.75 20.85 20.44 19.85 35.54 35.25 34.74 42.43 42.06 41.48

6 User records 40.82 40.48 39.83 20.99 20.60 19.94 35.61 35.35 34.97 42.44 42.19 41.73

7 User records 40.90 40.49 39.90 21.08 20.64 19.94 35.69 35.35 34.80 42.54 42.21 41.62

8 User records 40.95 40.61 40.21 21.14 20.73 20.33 35.72 35.46 35.15 42.56 42.35 41.91

9 User records 40.95 40.68 40.05 21.13 20.88 20.21 35.73 35.54 35.02 42.60 42.40 41.92

10 User records 40.89 40.70 40.08 21.11 20.89 20.22 35.66 35.53 35.00 42.53 42.39 41.83

11 User records 40.93 40.69 40.13 21.12 20.88 20.35 35.73 35.53 35.11 42.57 42.39 41.84

Table 2: ROUGE and BLEU results compared to the original news headlines using different numbers of users’ records. Bold
numbers indicate best performance. All the best results are generated by Llama 3 combined with user records retrieved by BM25.

ROUGE-1 ROUGE-2 ROUGE-L BLEU

bm25 dense random bm25 dense random bm25 dense random bm25 dense random

w/o User records 31.18 12.63 26.00 34.48

1 User records 30.15 30.74 30.66 11.90 12.14 12.12 25.39 25.84 25.88 33.55 32.27 34.04

2 User records 31.01 31.05 30.87 12.47 12.42 12.24 26.20 26.21 26.08 34.36 34.44 34.29

3 User records 31.29 31.13 30.99 12.68 12.53 12.36 26.43 26.32 26.19 34.58 34.52 34.32

4 User records 31.35 31.30 31.10 12.74 12.62 12.46 26.46 26.45 26.35 34.68 34.58 34.41

5 User records 31.38 31.41 31.11 12.74 12.73 12.46 26.48 26.54 26.33 34.72 34.73 34.50

6 User records 31.49 31.39 31.19 12.86 12.74 12.54 26.56 26.50 26.39 34.74 34.74 34.52

7 User records 31.50 31.46 31.23 12.90 12.77 12.56 26.52 26.56 26.42 34.80 34.76 34.57

8 User records 31.55 31.47 31.36 12.93 12.74 12.67 26.56 26.53 26.52 34.80 34.81 34.67

9 User records 31.61 31.49 31.32 12.99 12.81 12.71 26.61 26.57 26.47 34.88 34.81 34.69

10 User records 31.54 31.52 31.38 13.00 12.86 12.69 26.53 26.59 26.52 34.82 34.83 34.68

11 User records 31.45 31.50 31.46 12.91 12.84 12.81 26.47 26.56 26.59 34.78 34.80 34.75

Table 3: ROUGE and BLEU results compared to the rewritten news headlines using different numbers of users’ records. Bold
numbers indicate best performance. All the best results are generated by Llama 3 combined with user records retrieved by BM25.

Personalization evaluation Although ROUGE,
BLEU, and BERTScore measure lexical overlap
and semantic similarity between different head-
lines, they struggle to capture the personalization
effects associated with abstract style in headline
generation. To address this limitation, we use
StyleDistance (Patel et al., 2025) to evaluate
content-independent stylistic similarity between
the original headline, the generated headline, and
the rewritten headline that best represents a user’s
interests. In addition, we use the LLM-as-a-Judge
framework described above to simulate user per-
spectives when choosing the headline they are most
interested in among different headlines. The stylis-
tic similarity results comparing the generated head-
lines with both the original and rewritten headlines
change with the number of user records, and the
choice of retrieval model as shown in Table 4. First,
we observe that the original headlines are still the
most stylistically similar to the rewritten headlines,
and the generated headlines are stylistically closer
to the original title. Overall, all RAG models im-
prove the stylistic similarity of the generated head-

lines with both the original and rewritten headlines
compared to the results without RAG. The BM25-
based RAG model is also the best performing.

This result is consistent with the findings ob-
served in the ROUGE and BLEU score tables. In-
creasing the number of user records enhances the
stylistic similarity between the generated and origi-
nal headlines. However, the highest stylistic sim-
ilarity to the rewritten headlines occurs when the
number of user records is five or fewer. As the num-
ber of user records increases over five, the stylistic
similarity to the rewritten headlines begins to fluc-
tuate and shows a slight decline.

In the LLM-as-a-judge experiment, we compare
the framework with eight user records, since the
performance of the RAG model stabilizes when
k>7 on the ROUGE and BLEU evaluations with
Mistral-7B-Instruct-v0.3 (AI, 2025) and GPT-4o-
mini (OpenAI, 2024). The results, in Figure 2,
show that when the headlines from the users’
clicked histories are used as references, the judge
models generally tend to prefer the original head-
lines over the generated headlines. Using RAG



Figure 2: Comparison of selection rates for generated
headlines versus original and rewritten news headlines
in the LLM-as-a-judge evaluation. Overall, LLMs tend
to prefer the generated headlines and original headlines.

models, especially those combined with effective
retrievers, increases the probabilities that the gen-
erated headlines are selected. The rewritten head-
lines, which theoretically should best reflect user
preferences, are the least favored by the models.

Qualitative analysis To gain a better understand-
ing of the effect of the RAG-based generation using
user histories we perform a manual analysis. We se-
lect 100 examples in which the RAG-based model
outperforms the w/o RAG baseline in both ROUGE
and BLEU scores, when evaluated on both the
rewritten and original headlines, and additionally
check 20 examples where the RAG-based model
performs worse than the w/o RAG baseline under
the same evaluation settings, and present two rep-
resentative examples from both sides in Table 5.

Generally, we observe that the model with BM25
is better at capturing phrase-level stylistic patterns
and incorporating them into headline generation
(e.g. the formulation of the "Top news: . . . " head-
line prefix). However, when the original news
headlines or the rewritten news headlines employ
more abstract and descriptive language, extract-
ing phrases from the browsing history and repro-
ducing key information from the news content
in the generated headline becomes less effective.
This is illustrated by the second example in Ta-
ble 5, where none of the generated headlines match

Rewritten headlines Original headlines

BM25 dense random BM25 dense random

Original headlines 76.62 /

w/o User records 74.55 79.96

1 User records 74.67 74.35 74.53 80.15 80.04 80.04

2 User records 74.73 74.56 74.58 80.32 80.15 80.15

3 User records 74.74 74.63 74.62 80.37 80.12 80.12

4 User records 74.76 74.65 74.68 80.33 80.21 80.21

5 User records 74.76 74.69 74.64 80.42 80.21 80.21

6 User records 74.73 74.6 74.61 80.44 80.21 80.21

7 User records 74.73 74.64 74.63 80.47 80.21 80.21

8 User records 74.74 74.57 74.58 80.48 80.23 80.23

9 User records 74.66 74.60 74.60 80.45 80.22 80.22

10 User records 74.68 74.53 74.59 80.49 80.21 80.21

11 User records 74.70 74.62 74.59 80.52 80.27 80.27

Table 4: The cosine similarity results, computed by
StyleDistance. Bold numbers indicate the best perfor-
mance in RAG. Both the results, which are stylistically closer
to the original headline and the rewritten headline, were gen-
erated using Llama3-based RAG model with BM25.

the more abstract description of "Going Dark and
Fake Voyages". To further investigate how the
model extracts stylistic patterns from user histo-
ries and applies them to headline generation, we
analyze another 100 examples of the model that
achieve best score on rewritten headlines in terms
of StyleDistance (RAG with BM25, K = 5)
and the model that shows more stable performance
on ROUGE scores (RAG with BM25, K = 8).
From these results, we discuss two representative
examples. In Table 6, we can see that as the number
of user records increases, the model tends to favor
a concise, entity-centered style inherited from the
user’s profile, which may lead it to overlook certain
style-level repetitions (e.g. the use of quotation
marks in "different"). To further validate this ob-
servation, we conduct a named entity recognition
analysis on all generated headlines from different
RAG models using DistilBERT (Sanh et al., 2019).
As shown in Figure 3, the average number of en-
tities contained in each generated headline first
slightly decreases and then increases as more user
records are incorporated. Moreover, the generated
headlines consistently contain a higher number of
entities than both the original and the rewritten
headlines, and the headline produced by RAG with
BM25 have the highest average number of entities.
The remaining examples can be found in Table 10
and Table 9 in Appendix A.



Input news
Here’s what you need to know about what’s happening in Phoenix. APS worker dead after
fire in underground electrical vault in downtown Phoenix According to Phoenix FD. . .

Original news headline Top Phoenix news: APS worker dead after fire in electrical vault; buildings still without power.

Rewritten news headline APS worker dead after fire in underground electrical vault in downtown Phoenix; high-rise power cut down possibly lasts for a few days

Model Generation User profile

RAG(BM25,K=8) Top Phoenix news: APS worker dead after fire,
Phoenix buildings without power, and more.

1: Top Berkeley news. . .
. . .

RAG(Dense,K=8) APS worker dead in downtown Phoenix fire, more

1: 1 dead,several injured. . .
. . .
7: Top Berkeley news. . .
. . .

RAG(Random,K=8)
Phoenix News Briefs: Worker Dies in Underground Fire,
Harassment Allegations, and More

1: Trump raises 2020
stakes. . .
. . .

w/o RAG
Phoenix News Briefs: Fatal Fire, Harassment Allegations,
and NBA Updates

/

Input news
As the U.S. looks to enforce sanctions aimed at halting trade with states such as Iran
and Venezuela, there’s increased scrutiny on the tricks. . .

Original headline Going Dark and Fake Voyages: The Tricks Used to Dodge Trade Sanctions

Rewritten headline Trade sanctions: how sanctioned countries still trade

Model Generation User profile

RAG(BM25,K=8)
Sanctions Busters: How Ships Are Evading
Trade Restrictions

1: America. . . trade deficit. . .
. . .

RAG(Dense,K=8)
Sanctions Busters: How Iran and North Korea
Evade Trade Restrictions

1: America. . . trade deficit. . .
2: . . . Iran strikes. . .
. . .

RAG(Random,K=8)
Sanctions Busters: How Iran and North Korea
Evade Trade Restrictions

1: Trump walks back
statements . . .
. . .

w/o RAG Sanctions-Busting Tactics Used to Hide Trade
with Blacklisted Countries

/

Table 5: Examples of personalized news headline generation based on different RAG frameworks. Bold text
indicates the model with the best performance in each example. Blue text refers to phrase-level repetitions.

Titles in browsing history
from user profile

- Trump Slams California On Homelessness, Threatens To ’Intercede’
- Bombing Range or Nature Preserve? A Battle for Control of the Nevada Desert
- Chris Watts Says He Found God After Choking the Life Out of His Wife and Daughters
- Trump vows to deport’millions’ of migrants, but it’s unclear if there is a plan for mass arrests and removals
- Iowa weather: New record for wettest 12 months in state history
- Louisville considering handing over youth detention center to state
- UFC 239: Ben Askren believes he’s one of the best in the world and plans on beating up Jorge Masvidal to prove it
- Throwback: the secret Jaguar concept car they never made

Generated
news headline

RAG(BM25,K=8) North Korean Leader Kim Jong-un Believes US is Seeking Regime Change, But Thinks Trump is Different

RAG(BM25,K=5) US Intelligence Says North Korea’s Kim Jong-un Believes Trump is "Different"

Original news headline Kim Jong-un believes Trump is "different," State Dept’s intel arm assesses

Rewritten news headline North Korean Leader Kim Believes Trump to be "Different" According to State Department Sources

Titles in browsing history
from user profile

- Mauldin PD sex scandal: SLED declines investigation request
- Trump Approves Strikes on Iran, but Then Abruptly Pulls Back
- Underprivileged black youth at NASA became pioneer for racial equality
- At G-20, Donald Trump to talk to Saudis about Iran - not Khashoggi
- Heavy Rains, Growing Sinkhole Causes Problems For Rostraver Towing Company
- Cloud of Cancer-Causing Chemical Hangs Over the Houston Channel
- Iowa State student charged with sexual abuse pleads to lesser charge
- Automakers Send Letter to Trump about Plan to Lower Fuel-Economy Rules

Generated
news headline

RAG(BM25,K=8) North Carolina Animal Sanctuary Cited for Safety Violations After Lion Mauled Intern
RAG(BM25,K=5) Animal Sanctuary Cited for Safety Violations After Lion Kills Intern

Original news headline Animal sanctuary cited for safety violations months lion mauls intern

Rewritten news headline Safety Violation Cited When Lion Fatally Mauled Intern

Table 6: Examples of personalized news headline generation based on different numbers of records. Bold text
indicates similar phrases. Blue text indicates similar style-level repetitions. In these examples, the model using 8
records achieves higher ROUGE scores in its generated outputs, while the model with 5 records produces results
with better stylistic similarity compared to rewritten headlines.

5 Discussion

Our results demonstrate that LLMs achieve strong
performance compared with previous models. The
evaluation results for both ROUGE and style dis-
tance show that news headlines generated by the

RAG models tend to be closer to the rewritten
headlines compared to non-personalized genera-
tion. However, the RAG models taking into ac-
count the user history seems to maintain the simi-
larity to the original headline more effectively. No-
tably, our BM25-based RAG consistently delivers



Figure 3: The average number of entities per headline
across user records k.

stronger performance than dense retrievers, despite
its lower retrieval accuracy. Based on our qualita-
tive analysis, we observe that BM25’s sensitivity
to features in lexical overlap beyond content rele-
vance, can sometimes help generation by retrieving
stylistically similar records. However, we still lack
more precise evidence to clarify which specific
properties of BM25, and under what conditions,
contribute to this behavior. During our manual in-
spection and qualitative analysis, we found that
most generated headlines follow a mainstream jour-
nalistic style: concise, and event-centered. The
RAG framework tends to confuse the mainstream
journalistic style present in users’ browsing histo-
ries with the users’ personal reading preferences,
which may limit the adaptability of the generation
model to users favoring alternative styles.

A similar discrepancy occurs in evaluation,
where recurring headline styles from user history
are confused with user preferences. Although
the results from both the LLM-as-a-judge and
StyleDistance evaluations indicate that RAG
can improve stylistic similarity, this improvement
remains limited. Across different evaluations, the
headlines generated by RAG are often closer to the
original news headlines. In the LLM-as-a-judge
evaluation, we observe that when the clicked head-
lines are used as references, the model generally
prefers either the original headlines, which share
the general media styles with the user’s history
clicks, or the generated headlines that also follow
this style. This creates a disconnect from using
rewritten headlines as the gold reference for per-
sonalization, raising an important question: when
defining a personalization reference, should we
rely on the user’s observed behavior or on their
preferred linguistic expression?

Based on the current results, when user history is
used as retrieval context, RAG-based models tend
to reproduce stylistic patterns that are common
in news media, making it difficult to disentangle
general journalistic style from user-specific prefer-
ences. Existing work on personalized generation
has not explicitly addressed this distinction. More-
over, this ambiguity is not only a modeling issue
but also reflected in the data itself. There is no strict
boundaries in the users’ personalized style and the
standard news style they are frequently exposed
to, which is supported by our observations that
rewritten headlines remain consistently closer to
original headlines in terms of both n-gram overlap
and stylistic similarity than any generated outputs.
Therefore, we contend that both types of headlines
should jointly serve as gold references for person-
alization: one as a reference for the general news
style alignment, and the other as a reference for
the user’s style expression alignment. This dual
alignment allows the model to preserve general
journalistic conventions while also capturing subtle
variations that reflect user preferences.

6 Conclusion and future work

The RAG-based approaches for personalized news
headline generation demonstrate that using the
users’ browsing history can effectively improve
personalized news headline generation. We further
find that in RAG systems, where retrieved records
serve as user representation, quantity, diversity, and
relevance of user records together play important
roles for the generation. Results from our multiple
experiments further reveal that, both in generation
and evaluation, LLMs exhibit a strong reliance on
general journalistic writing paradigms. In this con-
text, RAG’s performance stems primarily from the
model’s improved ability to learn and reproduce
the styles of the news media that are embedded
in users’ records, rather than from effectively cap-
turing users’ personal reading preferences. This
finding highlights a fundamental challenge in per-
sonalized text generation: distinguishing between
stylistic conformity and true personalization.

Moving forward, while preserving the model’s
capacity to learn news writing styles, we plan to
explore how records capturing users’ reading styles
can be identified and more effectively integrated
into headline generation , while disentangling it
from global media styles and designing evaluation
protocols that better reflect personalization.



Limitations

Due to computational limitations, we were re-
stricted during our experiments to only evaluate
three open-source LLMs with comparable param-
eter scales. Using other, bigger or even more ad-
vanced, models could potentially further improve
the baseline performance of headline generation.

Additionally, again due to computational restric-
tions, we did not use all 50 user records avail-
able for each news item in the dataset. It is there-
fore possible that the performance trends observed
across different RAG experiments may change
when k>11. Also, we have not fully exploited the
retrieved results. During our qualitative analysis,
both the dense and BM25 retrievers occasionally
include the same user record in the prompt. How-
ever, since all records are ranked in descending
order by retrieval score, the BM25-based model
produced better generation results. This suggests
that the ranking order of user records may play an
important role in shaping the generation outcome.

We also lack methods for detecting the factuality
and consistency of the generated headlines. None
of the existing evaluation methods in this research,
whether n-gram–based metrics, style similarity
measures, or BERTScore, are capable of address-
ing this issue. Based on the StyleDistance
score and our qualitative analysis, we found that
when using the RAG model to extract style from
user records, it is difficult to separate the user’s per-
sonal reading style from the general media stylistic
choice. Moreover, incorporating more user records
will further overshadow the user’s preferred read-
ing style.
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A Appendix

A.1 Infrastructure details

All the experiments were executed on an NVIDIA
A100-SXM4 GPU with 40GB memory, using the
vLLM framework, with GPU memory utilization
capped at 70%, enabling efficient batched inference
of up to 32 sequences in parallel.

A.2 BERTScore of different RAG frameworks

In Table 7, although the difference between models
is not large, we can still see that as the number
of user records increases, results of all RAG mod-
els improve. Already when k = 2, RAG with
BM25 outperforms the generation without any user
records, reaching the best performance in F1 com-
pared to original news headlines.

A.3 The examples of Personalized generation
with RAG

From Table 9 and Table 10, we observe that head-
lines generated by RAG-based models are more
closely aligned with the original news headlines,
and the model using fewer user records tend to
be relatively less similar. In Table 10, RAG with
BM25 generally exhibits a stronger tendency to
generate headlines with more detailed information.
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BERTScore

F1 PRECISION RECALL

BM25 dense random BM25 dense random BM25 dense random

w/o User records 89.21 89.46 89.00

1 User records 89.02 89.16 89.07 89.16 89.30 89.26 88.92 89.05 88.91

2 User records 89.24 89.27 89.15 89.37 89.44 89.36 89.15 89.14 88.99

3 User records 89.30 89.28 89.17 89.43 89.47 89.40 89.21 89.13 88.97

4 User records 89.31 89.31 89.19 89.43 89.49 89.42 89.29 89.16 89.00

5 User records 89.35 89.32 89.21 89.46 89.49 89.43 89.29 89.18 89.02

6 User records 89.37 89.33 89.22 89.47 89.50 89.42 89.30 89.21 89.04

7 User records 89.37 89.33 89.21 89.47 89.49 89.41 89.32 89.22 89.04

8 User records 89.38 89.35 89.26 89.46 89.50 89.44 89.33 89.25 89.10

9 User records 89.38 89.35 89.24 89.45 89.49 89.43 89.35 89.25 89.10

10 User records 89.37 89.36 89.25 89.44 89.50 89.42 89.34 89.26 89.11

11 User records 89.38 89.36 89.26 89.45 89.50 89.44 89.35 89.26 89.12

Table 7: BERTScore of different numbers of RAG frameworks compared to original news headlines. Bold numbers
indicate the best performance. The best results in F1 and Recall are generated by Llama 3 combined with user
records retrieved by the BM25 retriever. The best results in Precision are generated combined with user records
retrieved by the dense retriever.

A.4 The construction of LLM-as-a-Judge
The prompt used in both Mistral-7B-Instruct-v0.3
(AI, 2025) and GPT-4o-mini (OpenAI, 2024) to
construct the LLM-as-a-Judge is shown in the Ta-
ble 11. During the evaluation, we use headlines
from the past 50 records of the current user as
reference texts. For each evaluation instance, the
rewritten headline, original headline, and gener-
ated headline are randomly shuffled and assigned
to labels A, B, and C before being presented to the
judge model, preventing the LLM from exhibiting
order dependencies during evaluation.



BERTscore

F1 RECISION RECALL

bm25 dense random bm25 dense random bm25 dense random

w/o User records 87.08 86.99 87.20

1 User records 86.90 86.97 87.01 86.75 86.79 86.89 87.09 87.20 87.16

2 User records 87.08 87.11 87.08 86.92 86.97 86.99 87.28 87.28 87.22

3 User records 87.12 87.14 87.11 86.96 87.01 87.03 87.32 87.30 87.23

4 User records 87.12 87.15 87.11 86.94 87.02 87.02 87.33 87.32 87.24

5 User records 87.13 87.16 87.12 86.94 87.02 87.03 87.36 87.33 87.25

6 User records 87.14 87.15 87.12 86.95 87.01 87.02 87.38 87.34 87.27

7 User records 87.14 87.16 87.11 86.95 87.01 87.00 87.38 87.35 87.26

8 User records 87.15 87.16 87.13 86.95 87.01 87.00 87.39 87.36 87.29
9 User records 87.15 87.16 87.12 86.94 87.00 86.99 87.39 87.36 89.30

10 User records 87.14 87.17 87.13 86.93 87.01 86.99 87.39 87.37 89.30

11 User records 87.14 87.16 87.14 86.94 87.00 87.01 87.39 87.37 87.32

Table 8: BERTScore of different numbers of RAG frameworks compared to rewritten news headlines. Bold numbers
indicate the best performance in each standard. The best result in F1 is generated by Llama 3 combined with user
records retrieved by the dense retriever, the best result in Precision is generated combined with random retrieved
user records, and the best result in Recall are generated combined with user records retrieved by BM25.

News index:
416

Generated
news headline

RAG(BM25,K=8) More Than 50 Tips to Help You Lose Weight and Keep It Off
RAG(BM25,K=5) 56 Weight Loss Tips to Help You Lose Weight and Keep It Off

Original news headline More Than 50 Tips to Help You Lose Weight and Keep It Off
Rewritten news headline 50 Detailed Tips To Help You Melt Those Stubborn Pounds

News index:
444

Generated
news headline

RAG(BM25,K=8) Foods to Cut Out on the Keto Diet
RAG(BM25,K=5) Foods to Avoid on the Keto Diet

Original news headline These Are the Foods You Absolutely Must Cut Out While on the Keto Diet
Rewritten news headline The Foods The Keto Diet Absolutly Does Not Allow

News index:
658

Generated
news headline

RAG(BM25,K=8) Toronto Maple Leafs Sign Alexander Kerfoot and Cody Ceci to New Contracts
RAG(BM25,K=5) Maple Leafs Sign Alexander Kerfoot and Cody Ceci to New Contracts

Original news headline Toronto Maple Leafs to sign Alexander Kerfoot, Cody Ceci
Rewritten news headline Maple Leafs Announces New Deals

Table 9: Additional examples of personalized news headline generation based on different numbers of records. Bold
text indicates similar phrases between the generated headlines, original and rewritten headlines.



News index:
79

Original news headline Kevin Durant, Kyrie Irving to Nets ’pretty much done’?"
Rewritten news headline Kevin Durant and Kyrie Irving are to the Brooklyn Nets?
RAG(BM25,K=8) NBA Rumors: Kevin Durant and Kyrie Irving to Brooklyn Nets “Pretty Much Done”
RAG(Dense,K=8) NBA Rumors: Kevin Durant and Kyrie Irving to Join Brooklyn Nets
RAG(Random,K=8) NBA Rumors: Kevin Durant and Kyrie Irving to Join Brooklyn Nets
w/o RAG NBA Rumors: Durant and Irving Linked to Brooklyn Nets

News index:
213

Original headline Kawhi Leonard had Lakers change meeting place so he could meet Paul George after?
Rewritten headline NBA Deals: Kawhi Leonard
RAG(BM25,K=8) Kawhi Leonard’s Westlake Village Meeting with Lakers May Have Been a Ploy to Recruit Paul George
RAG(Dense,K=8) Kawhi Leonard May Have Outmaneuvered Lakers in Meeting Location Request
RAG(Random,K=8) Kawhi Leonard’s Westlake Village Meeting with Lakers May Have Been a Power Play
w/o RAG Kawhi Leonard’s Mysterious Meeting with Lakers Raises Questions

News index:
777

Original headline The Best New Makeup Products to Try in 2019
Rewritten headline Makeup Products That You Should Definitely Add To Your Collection
RAG(BM25,K=8) The Best New Makeup Launches of April You Need to Know About
RAG(Dense,K=8) The Best New Makeup Launches This Month
RAG(Random,K=8) Beauty Team’s Top Picks for April’s Best New Makeup Launches
w/o RAG The Best New Makeup Launches to Add to Your Collection This Month

Table 10: Additional examples of personalized news headline generation based on different RAG frameworks. Bold
text indicates similar phrases between the generated headlines, original, and rewritten headlines. In the last case, the
model without RAG demonstrates better performance.

System You are a helpful style judge that provides concise answers to style related questions based on the provided text. You output exactly one of A, B or C.

User

Choose exactly ONE among A, B, or C that BEST MATCHES the users’ past preference.
Focus on tone, register, vocabulary, punctuation, and phrasing. Ignore content/topic.
Output EXACTLY one of: A, B, or C. No extra text.
[USER STYLE EXAMPLES]: {reference_text}
[Candidates]:
A: {A}
B: {B}
C: {C}
Your answer(A/B/C):

Table 11: The prompt used in LLM-as-a-Judge.


