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Abstract

Personalized news recommendation aims to recommend can-
didate news to the target user. Since the data and knowledge
involved in traditional recommender systems are restricted,
recent studies utilize large language models (LLMs) to gener-
ate news articles and augment the original dataset. However,
despite the superiority of LLM-based augmentation in news
recommendation, previous studies still suffer from two seri-
ous problems, i.e., structure-level deficiency and semantic-
level noise. Since the LLM-based augmentation is mainly
implemented at the semantic level, collaborative signals, the
critical structure information in recommender systems, is ne-
glected during the generation process. Thus, it is inappropri-
ate to perform recommendation based on the augmented user-
news bipartite, which manifests as multiple isolated cliques.
Moreover, utilizing the open-world knowledge of LLMs to
extend the closed systems will inevitably introduce noise in-
formation, leading to difficulties in mining users’ real pref-
erences. In this paper, we propose a novel Structure-aware
and Semantic-aware approach for LLM-Empowered person-
alized News Recommendation, named S?2LENR, to tackle
the mentioned problems. Specifically, we propose a structure-
aware refinement module to inject collaborative information
in a parametric way, in order to construct a valid augmented
bipartite. Besides, we devise a semantic-aware denoising
module utilizing contrastive learning paradigm to overcome
the negative effects of noise information. Finally, we calcu-
late the relevance score between target user and candidate
news representations. We conduct experiments on two real-
world news recommendation datasets MIND-Large, MIND-
Small and empirical results demonstrate the effectiveness of
our approach from multiple perspectives.

Introduction

With the rapid development of the Internet and online news
services, a large amount of news is published on numer-
ous news platforms all the time, which makes users over-
whelmed. Therefore, personalized news recommendation is
necessary for news platforms to help users alleviate informa-
tion overload and improve their reading experience. Briefly,

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

12739

f Prompt: | [Augmented Bipartite] (Original Bipartite|
Given user U8125 ol §
us125 g1 m
and his clicked news o) 1
[history], please help L . .
me generate several 92 12
news articles. ig .
Output: U38 47900 ng
J1: The Rise of ...... © ! ga7901 ;
g2: Discovering ... L 1Ny
[... U38 ... | ! 947902 ins

Figure 1: Illustration of structure-level deficiency: Each gen-
erated news only interacted with the specific user and thus
generated bipartite lacks of collaborative information.

news recommendation techniques aim to recommend candi-
date news that the target user may be interested in.

Since the data and knowledge involved are confined to
specific application domains, traditional recommender sys-
tems are usually considered to be closed forms (Koren, Bell,
and Volinsky 2009; Zhou et al. 2018). As a result, the charac-
teristic of significant isolation from the external world tends
to exert negative effects on exploring implicit relevant clues
as well as mining users’ preferences. Although recent stud-
ies have attempted to incorporate external knowledge graphs
to break the restrictions of the closed forms (Liu et al. 2020;
Wu et al. 2021), their performance is usually constrained
due to the limited generalization ability of the structural
data. Fortunately, the recent emergence of large language
models (LLMs), such as GPT-4 (Achiam et al. 2023) or
LLaMA (Touvron et al. 2023), has revolutionized the learn-
ing paradigm of various research fields, due to their multi-
farious exceptional abilities. To this end, with respect to the
characteristics of the news recommendation task, a common
solution is to generate synthetic news articles and augment
the original dataset through fully exploiting the various ca-
pabilities of LLMs. For example, GERNE (Liu et al. 2023)
constructs user-specific prompts and leverages pretrained se-
mantic knowledge from LLMs to enrich news data.

However, despite the superiority of LLM-based augmen-
tation in news recommendation, previous studies still suffer
from two serious problems, i.e., structure-level deficiency



and semantic-level noise. First, the LLM-based augmenta-
tion is mainly implemented at the semantic level, in view
of the textual attributes of news articles. However, collab-
orative information is neglected during the generation pro-
cess, as each generated news article is arbitrarily produced
and merely interacted with the specific user. Obviously, there
is a huge gap between the original data and the augmented
data, since the latter bipartite manifests as multiple isolated
cliques as shown in Figure 1. Thus, it is inappropriate to
directly perform news recommendation based on the aug-
mented user-news bipartite, where information is difficult to
propagate effectively across distinct users. Second, though
the open-world knowledge is another strength of LLMs, uti-
lizing such universal knowledge to extend the closed recom-
mender systems will inevitably introduce irrelevant informa-
tion into users’ behaviors, such as unrelated entities. There-
fore, it is crucial to filter out such noise information, in order
to obtain users’ real preferences. Obviously, the above prob-
lems will impair user and news representations, which tends
to degrade the recommendation performance ultimately.

In this work, we devise a novel Structure-aware and
Semantic-aware approach for LLM-Empowered News
Recommendation, termed as S2LENR, which appears as a
two-stage pipeline architecture. First of all, we design ap-
propriate prompt templates to generate synthetic news ar-
ticles, in order to augment the original dataset and build
bridges to the external world. Second, we devise two innova-
tive components to tackle the above-mentioned problems re-
spectively. Specifically, we propose a structure-aware refine-
ment module to construct a valid augmented user-prototype
bipartite and then inject pseudo collaborative signals. In this
way, we can mitigate the structure-level deficiency problem
to a certain extent. Additionally, inspired by the contrastive
learning ideology, we develop a semantic-aware denoising
module to overcome the negative influence of noise informa-
tion. Finally, we calculate the relevance score between target
user and candidate news representations and decide whether
to recommend or not. We conduct experiments on real-world
datasets MIND-Large and MIND-Small to demonstrate the
effectiveness of our proposed S2LENR.

The main contributions of this paper can be summarized
as follows:

» To alleviate structure-level deficiency problem, we pro-
pose a structure-aware refinement module to inject col-
laborative information in a parametric way.

* We devise a semantic-aware denoising module based on
contrastive learning, in order to attenuate the effects of
semantic-level noise information.

* The empirical results demonstrate the effectiveness of
our approach and verify the validity of introducing LLM-
based augmentation to promote news recommendation.

Related Work
Personalized News Recommendation

News recommendation has recently attracted more and more
attention with the growth of individual and social needs.
Therefore, a variety of methods have been proposed, includ-
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ing ID-based methods and content-based methods. Most tra-
ditional ID-based methods achieved news recommendation
based on collaborative filtering framework (Das et al. 2007;
Wang and Blei 2011). They parameterized users and news
in a latent space and aimed at reconstructing interactive be-
haviors. However, these methods always suffered from se-
vere cold-start problem, to this end, content-based news rec-
ommendation methods have been proposed recently. In the
early stage, researchers treat the task as a sequence modeling
problem. For example, NAML (Wu et al. 2019¢c) leveraged
a CNN network to learn news representations from news
titles and categories. Then they learnt user representations
through attentively aggregating click history. NRMS (Wu
et al. 2019a) utilized homologous multi-head self-attention
networks to learn news and user representations separately,
capturing interactive information among word sequences
and news sequences respectively. Next, with the develop-
ment of graph neural network techniques, GNN-based meth-
ods are proposed to learn news and user representations. For
example, GNewsRec (Hu et al. 2020) learnt users’ short-
term interests by applying attentive GRU neural network on
click history, as well as users’ long-term interests via graph
neural networks. However, the above news recommenda-
tion methods are usually considered to be closed forms (Ko-
ren, Bell, and Volinsky 2009; Zhou et al. 2018) in which
the data and knowledge involved are confined to specific
news domains, inducing significant isolation from the exter-
nal world. As we claimed before, the closed systems exert
negative effects on exploring implicit relevant clues as well
as mining users’ preferences obviously.

Methodology

In this section, we first present the problem formulation of
personalized news recommendation.

Task Definition. We denote U and N as the overall user and
news sets. Given a candidate news n. € N and target user
w € U with his click history [n1,---,ny], we aim to learn
their representations respectively. Afterwards we calculate
the relevance score between their representations and decide
whether to recommend 7. or not.

Then Figure 2 illustrates the overall architecture of our
method S2LENR. On the basis of general encoders, we de-
vise LLM-based augmentation module consisting of three
steps to promote recommendation performance. We will
elaborate our method in the subsequent sections in detail.

Basic Encoder

News Encoder. In this section, we introduce how to learn
news semantic representations from news titles. Specifically,
given title word sequence as [wy, - - -, wps], where w; is de-
noted as the i-th word in title, we encode titles based on the
fundamental Transformer framework.

First, at the bottom of news encoder module, it applies
word embedding layer to convert each word w; into cor-
responding vector e;. Then, it applies a multi-head self-
attention network to capture semantic relatedness among
words [e1,---,en]. The representation of the word w;
learned by the s-th attention head h{ is calculated as fol-
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Figure 2: Overall framework of our S2LENR method.
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where V2 € R%/5%d and Q* € R4 are the projection pa-
rameters in the s-th self-attention head, and «; ; indicates
the interaction score between the word w; and w;. Then
the multi-head representation of word wj; is concatenated as
h; € R4, ie., h, = [h}; hf; RS- hf] where S denotes the
number of separate self-attention heads. Finally, it applies
an additive attention network to aggregate contextual word
representations into a news representation n, formulated as:
o exp(qq - hi)

M
n= Z aj’ - i i ’
i=1 Zj:l exp(qa - hy)

where g, € R? is a projection parameter vector. In this way,
we are able to obtain representations for real news, denoted
as n;, i € (1,|N]).

User Encoder. Since there is semantic relatedness between
news articles clicked by the same user, we apply a multi-
head self-attention mechanism among the entire click his-
tory [n1, -, nyr]. Similarly, the enhanced news representa-
tions by the s-th attention head n; are formulated as:

w
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where Q7 € R4 and V. € R%5*? are the projection pa-
rameters in the s-th self-attention head, and §; ; indicates
the interaction score between the news n; and n;. Then
the multi-head representation of news n; is concatenated as
n; € R ie., n; = [n};n?;---;n?]. Next it applies an ad-
ditive attention network to aggregate contextual news repre-
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sentations into a user representation u, formulated as:
mn._ s
N exp(qk - n;)
U:Z@'m, Bi = b
i=1

n. s b
i exp(ah - ny)

“4)

where g3 € R? is a projection vector, and j3; denotes the
contribution weight of news n; to user representation.

LLM-based Augmentation

Vanilla Synthesis Process. As recent studies (Zhao et al.
2023) claim that LLMs possess exceptional language un-
derstanding and logical reasoning abilities, we demand the
LLMs to comprehend users’ historical interactions and then
generate synthetic news articles, in order to provide abun-
dant semantic information and break the limitations of the
closed systems.

Specifically, given a prompt 7 and template F(-), we can
get the instruction F(history, w) and query the LLM to gen-
erate the news articles:

G < LLM(F (history, m)), )

where F(+) aims to fill the clicked news history into the slots
of prompt 7 and G represents the entire generated news cor-
pus. The prompt 7 is defined as follows:

Assuming that you are a news article generator carry-
ing divergent thinking. Given a specific user and his few
clicked news history in list format history, please first
summarize keywords of interest to the user and infer his
potential reading preference. Then help me generate at
most #NUM news articles step by step. The generated
news articles must be reasonable, diverse, fluent and have
low similarities to historical contents.

Please output with the following FORMAT:

(start output)

Title : (text); Abstract : (text); Topic : (words);
Keywords : (words); Evidence : (text)

(end output)

For each user, by adding the clicked history that simply
utilizes the delimiter [SEP] to concatenate the textual con-
text of each news article into prompt 7, this process can gen-
erate multiple synthetic news articles by querying the LLM.
Notably, since LLMs perhaps can not perform well when
dealing with temporal information, we ignore the historical
relevant information and merely focus on understanding and
exploring users’ reading preferences from semantic perspec-
tive. To maintain consistency with the original news format,
we provide clear definitions in prompt 7 for instructing LLM
to generate news in the pre-defined format.
Structure-aware Refinement. As described before, for
each user, we have already obtained synthetic news articles
to enhance users’ preference. Nevertheless, compared to the
original user-news bipartite, the augmented bipartite mani-
fests as multiple isolated cliques and lacks collaborative in-
formation, which is not suitable for reccommendation.

Intuitively, a feasible solution is to introduce auxiliary
components and establish connections between the cliques.
Inspired by the concept of prototype learning, we integrate



multiple generated news with high correlations to form a
corresponding prototype, even if they belong to different
users. Furthermore, taking into account the connections be-
tween users and generated news, we regard the latter as tem-
porary hubs and then construct a bipartite where users inter-
act with prototypes directly. As a result, we introduce pseudo
collaborative information in the user-prototype bipartite, as
the mentioned isolated cliques disappeared and information
can be propagated across different users. Specifically, the
main procedure consists of prototype representation learn-
ing and user-prototype structure construction.

We first input the generated news articles into basic news
encoder and the corresponding representations are denoted
as g;,j € (1,|G]). Since we are unaware of the practical
content of the prototypes, we assume that there are K para-
metric prototypes. Next, we adopt attention-based informa-
tion aggregation mechanism to obtain robust prototype rep-
resentation p;, ¢ € (1, K) separately as follows:

exp W1 (pillgy)

Bij = , (6)
i exp Wi (pillgn)
|G|
Jj=1

where W, € R™24 W, € R?*9 are learnable parameter
matrices. Moreover, it is worth noting that the prototypical
features p tend to be more robust to noise than initial features
g of generated news.

Afterwards, we employ straightforward matrix multipli-
cation to calculate correlation matrix W containing affilia-
tion weights between the generated news articles and proto-
types. Then we choose the index ¢ of the maximum weight
in the j-th row of W to indicate the prototype that the gen-
erated news g; belonging to:

t = argmax KeXp(—W“)
i 1 exp(Wik)
Currently, we can construct interactions between users
and prototypes directly. Then, prototypes can be spliced af-
ter the historical clicked behaviors. In this way, we are capa-
ble of inferring users’ potential preferences from the original
click history and interactions with inductive prototypes.
Semantic-aware Denoising. Although prototypical features
are resistant to noise to some extent, there is still unpleasant
misleading information, due to the open-world knowledge
of LLMs. In this section, we design to filter out noise infor-
mation while preserving effective information.
For simplicity, both real news and additional prototypes
are denoted as n uniformly. At first, we devise an element-
wise gated mechanism to filter news-level noise as follows:

gate = Sigmoid(W; x LN (n)), ©)

where W; € R%*? denotes shared parameter matrix and
LN(+) indicates layer norm operation. Therefore, the op-
posite pair of representations for each news, containing ef-
fective information and noise information respectively, are
calculated through element-wise product operation:

n~ = (1 — gate) ®n.

i€ (1,K) ®)

nt = gate © n, (10)
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Afterwards, we deliver the opposite pairs n+ and n™ into the
basic user encoder, in order to acquire corresponding user
representations vt and u~ separately, where u™ is intended
to reflect users’ actual preference. Intuitively, compared to
u™, uT should be closer to the candidate news n, that tar-
get user will truly click on. Therefore, inspired by the local-
local contrast methods recently (Chen et al. 2020; Tian, Kr-
ishnan, and Isola 2020), we propose to impose constraints
on the resulting pairs. According to the universal process of
contrastive learning, we treat (u™,n,) as positive pair, and
(u™, ng) as corresponding negative pairs above all. Then we
construct the contrastive learning objective as follows:

3 exp(f(u", na))

Lssl = - —
2= B exp(f(um )

; (1)

where T'S denotes the training set and f(+) is a scoring func-
tion for sample pairs, i.e., cosine similarity. Through opti-
mizing this objective function, valid information is retained
in u™ while noise information is forced to remain in ™.

Click Predictor

Simple but effective, the click probability score y is com-
puted by the inner product between the target user repre-
sentation u+ and the candidate news representation n., i.e.,
n— ot

g=u" -ne.

Model Training

Recent news recommendation researches (Wu et al. 2019a;
Wang et al. 2023) focus on retrieving relevant news ar-
ticles from the candidate pool, rather than ranking them.
Therefore, the objective is formalized as classification task
and negative sampling techniques is used for model train-
ing. Denoting clicked candidate news in the training set
as positive sample n;, i.€., y,; = 1, then we randomly
choose P non-clicked candidate news as negative samples
[i1,- -+, n; p| from the same impression displayed to the
target user. The corresponding click probability scores of
the positive and P negative samples are calculated as Q;r
and [§; 1, ;0. §;_p| respectively. Finally, the supervised
classification loss function is formulated as:

exp(7;")
At P A\
exp(f; ) + Zj:l eXp(yi,j)

Since we have already obtained the main classification loss
function and auxiliary contrastive loss function, we define
the final loss function in a joint paradigm as:

‘C:Ece'i_a'ﬁsslv

Ece = - IOg (12)

i€TS

(13)

where « is a hyper-parameter that makes a trade-off between
classification loss and contrastive loss.

During the inference stage, candidate news with top
scores y are selected to be recommended to the target user.

Experiment

This section conducts experiments to evaluate the perfor-
mance of our model, SZLENR.



# News 161,013  # Users 1,000,000
# News category 20 # Impression 15,777,377
# Entity 3,299,687 # Click behavior 24,155,470
Avg. title len. 11.52 Avg. abstract len. 43.00
Avg. body len. 585.05

Table 1: Statistic information of MIND-Large dataset.

Dataset and Evaluation Metrics

Following previous work (Wu et al. 2019a; Qi et al. 2021),
we conduct extensive experiments on two large-scale real-
world datasets, MIND-Large " and MIND-Small 2, to eval-
uate the effectiveness of our method. MIND-Large dataset
collected from Microsoft News platform contains two record
documents. One document describes text content of news,
including titles and abstracts. The other document describes
click behaviors between users and news. These total interac-
tions are gathered from October 12 to November 22, 2019
(six weeks). The click behaviors in the first four weeks are
regarded as user reading history, the behaviors in the penul-
timate week is applied for training, and the data in last week
is used for performance evaluation. Detailed statistic infor-
mation about MIND-Large dataset is summarized in Table
1. Besides, we call GPT-4 API 3 to generate news articles.
After filtering texts with wrong forms, we retain approxi-
mate 230,000 and 160,000 generated news articles for each
dataset respectively. We independently repeated each ex-
periment 10 times and reported average results in terms of
AUC, MRR(Voorhees et al. 1999), nDCG@5(Jarvelin and
Kekildinen 2002) and nDCG @ 10. In classification scenario,
AUC is the most important one among them.

Baselines

To demonstrate the effectiveness of the proposed news
recommendation method, we compare our S2LENR with
the following typical content-based baselines: (1) EBNR
(Okura et al. 2017) employs a GRU network to learn user
representations from clicked news history. (2) DKN (Wang
et al. 2018) utilizes an adaptive attention network to learn
user representations considering relatedness between candi-
date news and historical news. (3) NPA (Wu et al. 2019b)
employs personalized attention networks to learn individ-
ual representation for each user. (4) NAML (Wu et al.
2019c) leverages CNN networks to model news semantic
representations and learns user representations through at-
tentively aggregating clicked news. (5) LSTUR (An et al.
2019) models short-term user interests via a GRU network
and long-term user interests via user ID embeddings respec-
tively from two perspectives. (6) NRMS (Wu et al. 2019a)
learns news representations and user representations through
multi-head self-attention networks respectively. (7) GNews-
Rec (Hu et al. 2020) models users’ short-term interests by
applying attentive GRU neural network and users’ long-term

"https://msnews.github.io/

2A small version of the MIND-Large dataset by randomly sam-
pling 50,000 users and their behavior logs.

*https://openai.com/
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interests via graph neural networks based on user-news-topic
graph. (8) GERL (Ge et al. 2020) utilizes the neighbor-
hood of news and users on the user-news bipartite network
to enhance their representations. (9) User-as-Graph (Wu
et al. 2021) proposes to represent each user as a personal-
ized heterogeneous graph built from their behaviors, includ-
ing extra entity information. (10) HDNR (Wang et al. 2023)
learns user and news representations in hyperbolic space
with exponential-growth volume and design a re-weighting
aggregation module to alleviate conformity bias. (11) LENR
imitates the architecture of GERNE (Liu et al. 2023), which
performs a two-stage pipeline framework combing vanilla
LLM-based augmentation with previous NRMS model. *

Implementation Details

For a fair comparison, following (Wu et al. 2019a), we in-
troduce experimental and hyper-parameters settings of our
method. For news content modeling, we utilize the first 30
words of news titles to learn corresponding news represen-
tations. In addition, a special character [PAD] is used for
filling when the length of word sequence does not meet
the condition. Besides, we adopt pre-trained Glove embed-
dings (Pennington, Socher, and Manning 2014) for word
initialization. For user interest modeling, we treat the re-
cent 50 clicked news as users’ reading history. Moreover,
news and user representations, as well as latent embed-
dings are both 400-dimensional vectors, i.e., d = 400. For
hyper-parameters, the number of generated news #NUM in
prompt 7 is 5, the number of prototypes K is set to 1000, the
joint learning weight « is set to 0.1, and the negative sam-
pling ratio is 4. In addition, we utilize dropout technique and
Adam optimizer (Kingma and Ba 2014) for training. The
dropout rate and learning rate are 0.1 and 0.001 respectively.

Overall Performance

The main purpose of this section is to verify the effective-
ness of our method. We conduct experiments to compare our
proposed S2LENR with several baselines on MIND-Large
and then apply them to MIND-Small dataset for supplement.
The overall performance results are displayed in Table 2 and
Table 3 respectively, where the best results are in bold and
the second best are underlined.

Obviously, we have several observations according to the
tables: (1) First, our proposed method S2LENR. outper-
forms all baselines in terms of AUC on both two real-world
datasets, achieving 1.64% and 1.4% improvement compar-
ing to state-of-the-art baselines respectively. Besides, in
terms of other evaluation metrics, our method performs ex-
cellent as well, which demonstrates the effectiveness and
adaptability to data scale of our method. (2) Apparently,
the performance of the LENR is better than the correspond-
ing baseline NRMS, which demonstrates the effectiveness of
the augmentation module. Nevertheless, the combination is
too straightforward to explore the potential of LLM-based
augmentation. Taking into account the structure-level and
semantic-level problems, our proposed method achieves a

*We do not compare with GERNE, since they include extra im-
ages beyond the original dataset.



Method AUC MRR nDCG@5 nDCG@10
EBNR 6542 31.24 33.76 39.47
DKN 64.60 31.32 33.84 39.48
NPA 66.69 32.24 34.98 40.68
NAML 66.86 32.49 35.24 40.91
LSTUR 67.73  32.77 35.59 41.34
NRMS 67.76  33.05 35.94 41.63
GNewsRec 67.53  32.68 35.46 41.17
GERL 68.24  33.46 36.38 42.11
User-as-Graph 69.23 34.14 37.21 43.04
HDNR 69.98 34.10 37.97 44.20
LENR 69.47  33.87 37.52 43.48
S?LENR (Ours) 71.13 3532 39.38 45.51

Table 2: Performance of different methods on MIND-Large
Dataset (%).

Method AUC MRR nDCG@5 nDCG@10
EBNR 61.62 28.07 30.55 37.07
DKN 63.99 28.95 31.73 37.07
NPA 64.28 29.64 32.28 38.93
NAML 64.30 29.81 32.64 39.11
LSTUR 65.68 30.44 33.49 39.95
NRMS 65.43  30.74 33.13 39.66
GNewsRec 6591 30.50 33.56 40.13
GERL 66.22  30.89 34.28 40.50
User-as-Graph 66.71 31.13 34.51 40.95
HDNR 68.23 32.61 36.10 42.29
LENR 67.04 31.71 34.98 41.24
S?LENR (Ours) 69.17 33.23 36.93 43.18

Table 3: Performance of different methods on MIND-Small
Dataset (%).

significant improvement. In addition, the subsequent abla-
tion study further proves the importance of solving the prob-
lems. (3) In general, the methods that introduce external
knowledge usually perform better, i.e., User-as-Graph and
ours. Therefore, the observation certificates that breaking
the limitations of the closed systems contributes to achieve
a considerable improvement. Meanwhile, our S2LENR out-
performs User-as-Graph, due to the exceptional generaliza-
tion ability and extensive open-world knowledge of LLMs.

Performance on Distinct Specific Scenarios

It is well-known that the cold-start users problem is one of
the most serious challenges in the news recommendation
task. The scenario where users have limited browsing his-
tory makes it difficult to understand users’ preferences and
perform recommendation accurately. To further illustrate the
effectiveness of our method, we conduct an in-depth per-
formance comparison oriented to cold-start users as well
as warm-start users respectively. To be specific, we define
users with less than § € {5,107} click records as cold-start
users empirically and then extract the corresponding partial
dataset. For simplicity, we compare with three typical base-
lines, NRMS, User-as-Graph and HDNR. The Performance
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results are evaluated on MIND-Small dataset and recorded
in Table 4.

As shown in the tables, we have several observations: (1)
Regardless of the scenarios, our proposed S?’LENR con-
sistently outperforms the typical baselines in terms of all
evaluation metrics and obtains around 1.4% improvement
in terms of AUC, which confirm the effectiveness and the
generalization ability of our method. (2) From an over-
all perspective, the recommendation performance specific
to cold-start users shows significant declines compared to
warm-start users. However, we discover that the perfor-
mance improvement in cold-start scenarios outweighs that
in warm-start scenarios, demonstrating the effectiveness of
our method in dealing with such a challenging problem. (3)
Then we conduct comparative experimental analysis aiming
at cold-start users. Though User-as-Graph incorporates ex-
tra knowledge graph to promote performance on cold-start
users, the relatively lower results further demonstrate the
superiority of integrating LLMs. Besides, although HDNR
takes into account the power-law distribution property and
thus incorporates hyperbolic space to alleviate the cold-start
users problem, our method still performs better and we at-
tribute the performance improvement to the introduction of
external open-world knowledge.

Ablation Study

In this section, we conduct elaborate ablation experiments
on MIND-Small dataset, in order to further evaluate the ef-
fectiveness of all innovative components in our method. The
results of comparative experiments are recorded in Table 5.
In detail, SaR and SaD are the abbreviations for structure-
aware refinement and semantic-aware denoising respec-
tively. Notably, the variant “w/o SaR & SaD” is equivalent
to the baseline LENR. Besides, we replace the LLM-based
augmentation with traditional data augmentation methods,
including representation-level Mixup (Zhang et al. 2017)
and token-level Concat (Summers and Dinneen 2019) tech-
niques. Notably, the augmentation variants are unable to in-
corporate with the structure-aware refinement module, since
they merely utilize the historical real news articles where the
structure-deficiency problem no longer exists. Then we dis-
cuss how each component affects the recommendation per-
formance, according to corresponding variant.

By analyzing the results of Table 5, we have the fol-
lowing observations: (1) As shown in the top of the table,
the performance decreases correspondingly in terms of all
evaluation metrics when we remove different module grad-
ually. Apparently, the phenomenon demonstrates the effec-
tiveness of each proposed innovative components as well as
the necessity to address the structure-level deficiency and
semantic-level noise problems. (2) In the meantime, we ob-
serve that removing the structure-aware refinement module
results in more significant performance degradation than re-
moving the denoising module from multiple perspectives,
which proves that incorporating collaborative information
contributes more to the overall model in recommendation
scenarios. (3) In addition, keeping the same settings for the
remaining modules, we compare the variants “w/o SaR” and
“repl. Mixup” (and “repl. Concat”) and discover that the



Cold-Start Users (L < §)

Warm-Start Users (L > §)

Threshold Method AUC MRR nDCG@5 nDCG@10 \ AUC MRR nDCG@5 nDCG@10
NRMS 61.46 31.66 34.22 40.37 65.82 29.52 32.58 39.06
User-as-Graph ~ 62.51  30.30 33.81 40.29 67.53 3229 35.49 41.39
6=5 HDNR 65.06 31.85 35.58 42.01 68.88  34.55 37.69 43.63
S?LENR 6597 3242 36.31 42.73 69.75 35.06 38.32 44.17
Ay +1.40 +1.79 +2.05 +1.71 +1.26 +1.48 +1.67 +1.24
NRMS 62.83 31.52 34.30 40.38 66.31 29.07 32.16 38.75
User-as-Graph ~ 63.92  30.71 34.18 40.55 68.04 32.39 35.64 41.55
6=10 HDNR 66.06 32.29 35.94 42.17 69.30 34.90 37.85 43.80
S?LENR 66.97 32.85 36.65 42.97 7021  35.37 38.53 44.33
Ay +1.38 +1.73 +1.98 +1.90 +1.31 +1.35 +1.80 +1.21

Table 4: Performance results towards cold-start/warm-start users on MIND-Small Dataset.
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Figure 3: Performance with different values of the number of prototypes.

Method AUC MRR nDCG@5 nDCG@10
S’LENR 69.17 33.23 36.93 43.18
w/o SaR 68.20 32.18 35.74 42.02
w/o SaD 68.49 3245 36.02 42.28
w/o SaR & SaD  67.04 31.71 34.98 41.24
repl. Mixup 67.23  32.17 35.65 41.78
repl. Concat 66.50 31.03 34.45 40.67

Table 5: Effect of each module performs in our model on
MIND-Small Dataset.

LLM-based augmentation outperforms traditional data aug-
mentation methods. This fair result verifies the validity of
introducing external universal knowledge to break the limi-
tations of the closed recommender systems.

Hyper-Parameter Analysis

In this section, to further evaluate the sensitivity of our pro-
posed method to hyper-parameters, we conduct detailed ex-
periments on the MIND-Small dataset with different values
of the number of prototypes K, which affects the perfor-
mance of structure-aware refinement module. Specifically,
Figure 3 shows the trend variation of our method with var-
ious number of parametric prototypes. At the beginning,
taking into account the information aggregation within the
adaptive prototype learning procedure, the lower K indi-

cates that different users are more likely to share similar se-
mantic information. Apparently, the indistinguishable infor-
mation not only has little effect on exploring users’ prefer-
ence, but also introduces a mass of noise inevitably. Then
it can be seen that with the increases of K, the perfor-
mance of our S2LENR will also gradually improve accord-
ingly in terms of all metrics, which demonstrates the effec-
tiveness of alleviating the structure-level deficiency prob-
lem through constructing user-prototype relations. However,
when the value of K becomes larger, the performance of
our model decreases. This is because the constructed user-
prototype collaborative information tends to disappear, leav-
ing the structure-level deficiency problem unsolved.

Conclusion

In this paper, we propose a novel structure-aware and
semantic-aware approach for LLM-empowered personal-
ized news recommendation, namely S2LENR. Specifically,
we first utilize the superiority of LLMs to enhance the orig-
inal dataset and break the limitations of the closed recom-
mender systems. Then, we devise a structure-aware refine-
ment module to construct user-prototype bipartite and inject
pseudo collaborative signals. Besides, we design a semantic-
aware denoising module inspired by the contrastive learning
ideology, in order to retain effective semantic information as
well as filter out noise. Extensive experiments on real-world
datasets validate the effectiveness of our approach.
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